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Abstract—Current incremental learning is confronted with
the problem of catastrophic forgetting. Existing work usually
addressed this problem by enlarging the sample database. But
few people pay attention to the order-sensitive problem in
incremental learning. In this article, we propose a task sorting
method with the feature similarity between the consecutive
tasks. Experimental results on CIFAR-100 and CORe50 datasets
demonstrate that the learning sorting matters for incremental
learning. The task sorted with the highest feature similarity will
get a better performance than that of random sorting.

Index Terms—incremental learning, feature similarity, task
sorting method

I. INTRODUCTION

Humans and animals have the ability to incrementally
acquire and update knowledge throughout their lives. The
ability to retain new knowledge while retaining previously
learned knowledge is called incremental learning or continual
learning [1], which is essential for building scalable and
reusable artificial intelligence systems [2].

Current deep neural networks have achieved impressive
performance on many benchmarks, comparable to or better
than humans [3]. However, when being trained on a new task,
these networks almost completely forget the previous task due
to the catastrophic forgetting [1] between the new task and the
previously learned tasks.

In recent years, many methods have been proposed to allevi-
ate this problem that hinders the development of lifelong learn-
ing intelligence systems. The replay-based method performs
better than other methods, especially in class-incremental
learning [4]-[7]. Specifically, class-incremental learning de-
fines the setting where the task-ID is unknown at inference
time, making the predictions of the learned models task-
agnostic, After learning, models must be able to both solve
each task seen so far and infer which task they are presented
with [4].

In addition to catastrophic forgetting, there is also another
important but relatively less explored problem called order-
sensitive problem [7] in incremental learning, which describes
the performance discrepancy to the task arrival sequence. Task
order-sensitive problem means that different task sorting will
get different performance. Task sorting for class-incremental
learning influence the overall evaluation performance. A pro-
posed class sorting based on the confusion matrix can be
used as a tool for checking the robustness of class-incremental
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Fig. 1. The CIFAR-100 dataset consists of 60000 32x32 colour images in
100 classes, with 600 images per class. There are 50000 training images and
10000 test images. Above are the classes in the dataset, as well as 10 random
images from each.
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Fig. 2. The CORe50 dataset is a collection of 50 domestic objects
belonging to 10 categories: plug adapters, mobile phones, scissors, light bulbs,
cans, glasses, balls, markers, cups and remote controls. Classification can be
performed at object level (50 classes). Above are the classes in the dataset,
as well as 9 random images from each.

learning approaches [8]. But this work only shows that differ-
ent learning sortings will lead to different results and does not
explain why and how to get a better sorting.

In this paper, we propose the task sorting method based
on cosine similarity to study the impact of feature similarity
between adjacent tasks on catastrophic forgetting. Finally, we
verify our algorithm on the CIFAR-100 dataset [9] as shown
in Fig. 1. and the CORe50 dataset [10] as shown in Fig. 2.

The contributions of this paper are the following:

o Propose a task sorting method that combines feature
extraction based on ResNet-18 [3], feature similarity
based on cosine similarity, and task sorting algorithm
based on the simulated annealing algorithm [11].

o Analyze the impact of feature similarity between adjacent
tasks on catastrophic forgetting.

« Verify our proposed method on CIFAR-100 and CORe50.

The remainder of this paper is organized as follows. The
related work is introduced in Section II. Section III presents
the task sorting method proposed that combines Section III-A
feature extraction, Section III-B feature similarity distance



matrix, and Section III-C task sorting. Section IV details the
experiments and results. Conclusion follows in Section V.

II. RELATED WORK

A. Methods for class-incremental learning

To overcome catastrophic forgetting several approaches,
inspired in part by biological systems, have been proposed.
These approaches can be divided into three series [12], [13]
based on how task-specific information is stored and used
throughout the sequential learning process [14], [15]. The
first series is regularization-based methods, and this series of
work [16]-[20] introduces additional regularization constraints
in the loss function to consolidate previous knowledge while
learning new data. The second series is parameter isolation
methods, this series assigns different model [21]-[25] param-
eters to each task to prevent any possible forgetting. Some
methods freeze the previous task parameters while adding new
branches for new tasks to overcome catastrophic forgetting.
The last one is replay methods, this series of work [26]-
[32] stores samples in original format, or uses generative
models to generate pseudo samples. Replay these previous
task samples while learning new tasks to reduce forgetting.
They can be reused as model inputs for exercises, or they
can limit the optimization of new tasks to prevent interference
from previous tasks.

In the recent large-scale comparative study of different
methods, replay methods were found to produce far more
reliable results than other approaches [4]-[7]. To directly ex-
tract feature data, we chose a replay method called generative
feature replay [26] to achieve class-incremental learning and
verified our conclusions.

B. Similarity distance

Humans learn new tasks based on similarity, the correlation
between tasks affects human learning [33]. The information,
similar classes in the dataset will be classified into a rough
category, can be easily found in a dataset and the confusion
matrix obtained through joint training also reflects the simi-
larity between different classes.

To deeply analyze the impact of the similarity between
different tasks on the incremental learning results, We extract
feature information of each task and calculate the similarity
between tasks using cosine similarity.

The cosine distance used to measure the similarity between
two feature vectors u; and uj is
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where D is the dimension of a feature vector and u;, is the
value of the d-th dimension of u,.

C. Task sorting

Most papers use a random or a fixed class sorting for
incremental learning training. There are only a handful of
papers [13], [34] that consider the impact of learning order
on catastrophic forgetting but only briefly described this
phenomenon without special research on the specific task se-
quence. Use confusion matrix to get different class sorting [8].
A novel incremental learning model with additive parameter
decomposition is proposed [35] to tackle the problem of order-
sensitivity where the performance of the tasks largely varies
based on the sorting of the task arrival sequence.

In this paper, we took the task as a unit to determine the
task sorting by the feature similarity between adjacent tasks
based on a feature similarity matrix rather than the relationship
between classes based on a confusion matrix [8].

III. TASK SORTING METHOD
A. Feature extraction

In the setting of incremental learning, task learning is based
on dataset D = {(x;, yi)}i\il, where x; € X is the i-th image,
y; (from a vocabulary of K classes) is the label of x; and IV
is the number of all images in the dataset. We consider the
incremental learning setting where 7" classification tasks are
learned independently and in sequence from the corresponding
datasets D = {D',..., D', ..., DT}, where D*ND* = {) for all
t' + t. The classes in each task are disjoint, i.e. Ct N C! =0
for all ¢’ # ¢, where C® is the corresponding label of dataset
Dt.

To extract the feature data u = {ui}fil of the images
x = {Xi}zN:l’ the classifier network has the form, y =
M(x;0,V) = H(F(x;6); V), where we explicitly distinguish
between feature extractor F'(x;6) parametrized by 6, and
classifier H(u; V') parametrized by V, u = F(x;6).

The resulting model M, after learning task ¢ has feature
extractor F} and classifier H;. Ideally, after learning task ¢, the
model can perform inference on all tasks ¢’ < ¢, it remembers
current and previous tasks.

B. Feature similarity matrix

A similarity function is a real-valued function that quantifies
the similarity between two feature vectors. We used the
average similarity between all feature vectors of two classes to
measure the similarity between classes and used the average
similarity between all classes of two tasks to measure the
similarity between tasks.

The function f(u;,u;) Eq. (1) is used to calculate the
similarity between two feature vectors u; and u; (u; is
a feature vector). The formula for calculating the distance
between the features of the i-th class and the j-th class is

N; Nj
distance (u’,u) = ﬁ Z Z f(u.u) @
itVj

m=1n=1

where N; is the number of feature vectors in u’, and u?, is
the m-th features vectors of u'.
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Fig. 3. A random feature similarity matrix under a random similarity task
sorting. Both the horizontal and vertical axes represent the classes in CIFAR-
100, and the value at any point in the figure represents the distance between
the two classes. We use blue to indicate a lower distance meaning higher
similarity, and yellow indicate the opposite.

After the similarity calculation of Eq. (2), a feature simi-
larity matrix M € NIKIXIKI of size K * K can be obtained
shown in Fig. 3, because there are K classes of images in
total. Figs. 4(b) or 5(b) is also a similarity matrix.

C. Task sorting

Incremental learning will split the total task into multiple
tasks for learning during learning. The number of classes in a
task will affect the results of incremental learning. According
to the task division and simulated annealing algorithm, the
sorting can be obtained.

1) Task division: We use the step size to represent the
number of classes that need to be learned for each task in
incremental learning. To determine which classes should be
classified into a task, we used the confusion matrix learning
all classes in a non-incremental way (usually known as joint
training) and the coarse labels provided by the dataset to
determine. Divide the total number of classes that require
incremental learning (K’) by step size to get the number of
tasks (7") that need incremental learning after determining the
value of step size, so T = ﬁ;ize.

In this paper, the data in each experiment contains 100
classes and we set half of the classes as the first task and
step size=2, so K=100, and K'=50, the number of tasks T
corresponding to step size is T'=25.

2) Simulated annealing algorithm: As a result, this paper
analyzed the performance under different task sortings. To
illustrate the effort of task sorting, we define three different
task sortings according to feature similarity as:

o Sorting tasks randomly (random-sorting): We use this
sorting to represent others works’s performance because
most works on class-incremental learning report results
by using a random order of classes on CIFAR-100 [36]-
[38].

The similarity between adjacent tasks has no correlation.
A feature similarity between tasks is shown in Fig. 3.
Both the horizontal and vertical axes represent the classes
in CIFAR-100, and the value at any point in the figure
represents the distance between the two classes and we
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(@) Whign: The desired high similarity (b) Mp;gpn: A high similarity

matrix. matrix is found with a high sim-
ilarity feature task sorting.
Fig. 4. Whgp is the desired high similarity matrix for finding a high

similarity matrix Mp;gp. Task learning under this sorting can get a better
performance than under a random.
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(@) Wiow: The desired low similarity (b) Mj,,,: A low similarity ma-
matrix. trix is found with a low similar-
ity feature task sorting.

Fig. 5. W4 is the desired low similarity matrix for finding a low similarity
matrix Mj,,,. Task learning under this sorting can get a worse performance
than under a random.

use blue to indicate a lower distance meaning higher
similarity, and yellow indicate the opposite.

« Sorting tasks in ascending order (similar-sorting): The
similarity between features of adjacent learning tasks is
higher than that of non-adjacent tasks. Tasks with similar
characteristics will be incrementally learned. A feature
similarity matrix between tasks is shown in Fig. 4(b).

o Sorting tasks in descending order (dissimilar-sorting):
The similarity between features of adjacent learning tasks
is lower than that of non-adjacent tasks. Tasks with
large feature differences will be incrementally learned.
A feature similarity between tasks is shown in Fig. 5(b).

Finding the above similar or dissimilar task sorting based
on the K % K similarity matrix is a non-trivial task, where
brute-force naive approach of O(n!) can not be applied.

To reduce the time complexity of the algorithm, we trans-
form the problem of finding the sorting of tasks into an
optimization problem where the purpose is to maximize the
value of the function to a desired matrix W. In this case,
we use the simulated annealing optimization algorithm to find
sorting within the constraint time limit since it is difficult to
establish a global value. Using this algorithm can quickly avoid
local minimum and converge to a solution close to the global
optimum.

In this paper, to find a high similarity task sorting like
Fig. 4(b) M},i4n, we set the desired matrix to Fig. 4(a) Wh,gp,



TABLE I
SIMULATED ANNEALING ALGORITHM WE DESIGNED.

Algorithm 1 Simulated annealing algorithm we designed.

Input: so: A task sorting sg.
1: s+ so
2: e+ E(s0)
3: T + To
4: k1
5: while T > Ty,in and k < kimar do
6: for i in T, do
7:
8
9

> Initialize stat.

> Initialize energy.

> Initialize temperature.

> Initialize iteration times.

s’ < neighbour(s) > Select an adjacent state s’ of state s.
AE «+ E(s") — E(s) > Energy reduction.
if AE <0 or random(0,1) < exp(— A E/(k«+T)) then

10: s+ s > Update sorting state.
11: e+ E(s) > Update energy.
12: end if

13: end for

> Update temperature.
> Update iteration times.

14: T < Thaz/(1+log(1+T))
15: k+—k+1

16: end while

Output: s: The task sorting that makes the lowest energy E (s).

TABLE 11
neighbor(s): FIND A ADJACENT SORTING STATE.

Algorithm 2 neighbor(s): Find a adjacent sorting state.

Input: 50 < Sprevious

1: s1 « Swap(so) > Swap the order of two tasks.
2: sp < Reversion(so) > Reverse the order of tasks.
3: s3 « Inserion(so) > Choose a task and insert it elsewhere.
4: Scurrent < random select from {s1,s2,53}.

Olltpllti Scurrent

that each row is a geometric sequence. In the same way, to find
a low similarity task sorting like Fig. 5(b) M;,,,, we set the
desired matrix to Fig. 5(a) Wi, that each row is a geometric
sequence.

In this paper, the optimal task sorting problem is converted
to finding the state with the lowest energy F(s).

E(s)=(1—W)*M

The pseudo-code of the algorithm is as follows Table 1.

A neighbor solution should be generated in Table I. To
generate a adjacent sorting state of this solution, three adjacent
procedures including Swap, Reversion, and Insertion are
existed [39]. The difference is that we only sort tasks instead
of classes, and the order of classes in task is random. The
pseudo-code of the adjacent solution is as follows Table II.

IV. EXPERIMENTS AND RESULTS

Dataset. In this paper, we used two datasets, CIFAR-100
and CIFAR-50&CORe50. We first evaluated the performance
on CIFAR-100. The CIFAR-100 dataset consists of 60000
32x32 color images in 100 classes (K=100) with 600 images
per class. There are 5000 training images and 1000 test
images. CIFAR-100 images are padded with 4 pixels, from

which 32%32 crops are randomly sampled. The original center
crop is used for testing. Random horizontal flipping is used
as data augmentation for dataset. Finally, we evaluated the
performance based on CIFAR-50&CORe50 that also contains
100 classes, including half classes of CIFAR-100 and all
classes of CORe50. All images are processed into the same
size and the two datasets have the same number in a class.

Training. We used the ResNet-18 network with a 3x3 kernel
in the first convolutional layer as a feature extraction network
and trained the model from scratch. There are 500 training
images per class, We used half of the classes as the first task
and split the remaining classes (K'=50) into 25 tasks with
equally distributed classes on three different task sortings.
So each task needs to learn 2 (step size=2) new classes
incrementally.

Evaluation. We selected the maximum probability across
all heads as the chosen output and used average overall
accuracy as an evaluation metric which is computed as the
average accuracy of all tasks up to the current task. We
compared the performance under three sortings proposed in
Section III-C on CIFAR-100 whose performances show in
Fig. 6(a) and CIFAR-50&CORe50 whose performances show
in Fig. 6(b). The same experiments were repeated five times,
and the average value was taken as the final performance.

Experiments contain three different task sortings. In Fig. 6,
the green solid line with circles represents the performance of
incremental learning random tasks under the sorting with ran-
dom tasks to learn adjacently (random-sorting), the red solid
line with squares represents the performance of incremental
learning high similar tasks under the sorting with similar tasks
to learn adjacently (similar-sorting), the blue solid line with
triangles represents the performance of incremental learning
low similar tasks under the sorting with dissimilar tasks to
learn adjacently (dissimilar-sorting).

The statistical result of average accuracy after leaning
on 100 classes was listed in Table III after repeating each
experiment five times.

Results. After comparing three different colored lines in
Fig. 6, we found that a better performance can be obtained
through incremental learn high similar adjacent tasks under
the sorting with similar tasks to learn adjacently, a worse
performance can be obtained through incremental learning
low similar adjacent tasks under the sorting with dissimilar
tasks to learn adjacently, and an intermediate performance
can be obtained through incremental learning random similar
adjacent tasks under the sorting with random tasks to learn

TABLE III
THE AVERAGE ACCURACY (%) AFTER LEARNING 100 CLASSES ON
DIFFERENT SORTINGS AFTER FIVE TIMES.

A . random-sorting s .
dataset similar-sorting (other works’s) dissimilar-sorting
CIFAR-100 | 57.48+0.42 54.60+0.51 51.97+0.14
CIFAR-50&
CORe50 64.784+0.71 61.871+0.56 58.48+0.31




T ‘ T T T T T T T T T T T T°7 IM
—- similar-sorting ||

random-sorting ||
—A— dissimilar-sorting []

80
76
72
68
64
60
56
52
48
44
40
R
48 52 56 60 64 68 72 76 80 84 88 92 96 100
Number of classes on CIFAR-100

Average accuracy(%)

(a) Incremental learning under three different task sortings (similar-sorting,
random-sorting, and dissimilar-sorting) for CIFAR-100 on ResNet-18.
Performance best under similar-sorting.
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on ResNet-18. Performance best under similar-sorting.

Fig. 6. Incremental learning under three different task sortings for CIFAR-100
and CIFAR-50&CORe50 datasets

adjacently. Performance best under similar-sorting. In general,
incremental learning tasks with similar features are more
conducive to overcoming catastrophic forgetting.

V. CONCLUSION

In this paper, we proposed a task sorting method that uses
the cosine similarity between features to resorting the learning
tasks. We analyzed the effect of different task sortings on class-
incremental learning performance on CIFAR-100 and CORe50
datasets. We found that the best performance was obtained
under the sorting with similar tasks to learn adjacently. This
work is enlightening since the method is consistent with our
biological practices, where learning with familiar but with
slightly new knowledge will yield a good learning result.
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