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Abstract

Continuous category discovery (CCD) aims to automatically dis-
cover novel categories in continuously arriving unlabeled data. This
is a challenging problem considering that there is no number of
categories and labels in the newly arrived data, while also need-
ing to mitigate catastrophic forgetting. Most CCD methods cannot
handle the contradiction between novel class discovery and classifi-
cation well. They are also prone to accumulate errors in the process
of gradually discovering novel classes. Moreover, most of them
use knowledge distillation and data replay to prevent forgetting,
occupying more storage space. To address these limitations, we
propose Independence-based Diversity and Orthogonality-based
Discrimination (IDOD). IDOD mainly includes independent enrich-
ment of diversity module, joint discovery of novelty module, and
continuous increment by orthogonality module. In independent
enrichment, the backbone is trained separately using contrastive
loss to avoid it focusing only on features for classification. Joint
discovery transforms multi-stage novel class discovery into single-
stage, reducing error accumulation impact. Continuous increment
by orthogonality module generates mutually orthogonal prototypes
for classification and prevents forgetting with lower space overhead
via representative representation replay. Experimental results show
that on challenging fine-grained datasets, our method outperforms
the state-of-the-art methods.

CCS Concepts

« Computing methodologies — Computer vision; Semi-supervised
learning settings.
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1 Introduction

Deep learning methods have outstanding performance in image
classification tasks [1, 2]. However, most methods are still under the
closed-set assumption, which means that the classes in the test set
are consistent with those in the training set. The assumption limits
the practicability of these methods [3]. Considering that in the real
world, there is a need to handle continuously arriving unlabeled
data, which contains novel classes. It is extremely meaningful to
explore methods that can adapt to the real world [4-7].

A large number of methods such as novel category discovery
(NCD) methods [8, 9], and continuous category discovery (CCD)
methods [10, 11] have been proposed to deal with scenarios where
novel classes appear. However, NCD methods do not consider the
situation of data distribution shift caused by the continuous ar-
rival of data. CCD methods are more practical than NCD methods,
considering that they can discover novel classes in continuously
arriving unlabeled data.

Although existing CCD methods have achieved certain success,
there are still three challenges that need to be addressed, as shown
in Figure 1. During classification, CCD methods are inclined to
select the features that are most crucial for classification and dis-
card some other features. When discovering novel classes, features
that are effective for classification may lead to an inability to dis-
tinguish novel classes from old ones [12]. As Figure 1(a) shows,
these two different requirements act on model training simultane-
ously, making it difficult for the features to achieve a better balance
between diversity and discrimination. So the first challenge is
how to handle the different requirements for features be-
tween discovering novel classes and classification. Existing
CCD methods determine the number of novel classes from unla-
beled data at each stage and assign pseudo-labels to unlabeled data.
As Figure 1(b) shows, these pseudo-labels are not entirely accu-
rate. After processing multiple stages, errors will accumulate. So
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Figure 1: Challenges in CCD. In Figure 1 (a), for orange and
apple, model tends to select color feature rather than shape
feature. Focusing only on color leads to difficulty in distin-
guishing between orange and banana. In Figure 1 (b), the
error in discovering novel classes in previous stage affect the
assignment of pseudo-labels in subsequent stages. In Figure 1
(c), model retaining known class knowledge and known class
data are stored to prevent catastrophic forgetting.

the second challenge is how to reduce the error accumula-
tion of discovering novel classes in unlabeled data. Most CCD
methods use knowledge distillation [13] or/and data replay [10]
to address catastrophic forgetting. These methods require storing
the models and data from the previous stages, occupying more
storage space [14]. So the third challenge is how to address
catastrophic forgetting with lower space overhead.

To address the above challenges, Independence-based Diversity
and Orthogonality-based Discrimination (IDOD in short) with
a backbone that generates diverse features and a projector that
extracts discriminative features was proposed.

To solve the first challenge, independent enrichment of di-
versity module first trains the backbone and prototypes using con-
trastive loss. Backbone is used to generate diverse features. Then,
the parameters of the backbone are fixed to avoid being affected
by subsequent training. In this way, the backbone focuses on more
diverse features rather than being limited to those used for classifi-
cation. Prototypes are used to select novel samples.

To solve the second challenge, joint discovery of novelty
module uses the frozen backbone to process multi-stage novel class
samples. The representations of novel class samples that appeared
in previous stages are stored in a dynamic pool. The representations
of novel class samples in the current stage are combined with the
representations in the dynamic pool and used for discovering novel
classes. This module transforms multiple stages into a single stage,
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minimizing the impact of error accumulation. On the one hand,
joint discovery of novelty module avoids the adverse effects of
errors in the previous stage on the subsequent stage. On the other
hand, this approach can combine samples from multiple stages to
enrich the sample quantity.

To solve the third challenge, mutually orthogonal prototypes
are generated for each class in the feature space. Considering that
the backbone is inclined to extract diverse features, a projector is in-
troduced to extract discriminative features. The projector is trained
with the assistance of these prototypes. At the same time, forget-
ting is prevented by replaying the representations of representative
known class samples. In this way, the best positions in the feature
space for all classes are reserved. In addition, the representations
rather than the raw data are utilized for replay. These methods can
prevent forgetting with a smaller space overhead.

The main contributions of the method proposed in this paper
can be summarized as follows:
® Independent enrichment of diversity module that can better

handle the tradeoff between diversity and discrimination in

continuous category discovery is proposed.
® Joint discovery of novelty module that can minimize the impact

of error accumulation caused by successive discovery of novel

classes is proposed.
® Continuous increment by orthogonality module that can pre-

vent forgetting with lower space overhead is proposed.
® The proposed method performs better than state-of-the-art

methods on multiple fine-grained datasets.

2 Related Work

The research directions related to this paper include class-incremental
learning (CIL), novel category discovery (NCD), and continuous
category discovery (CCD). However, CIL and NCD cannot fit real-
world scenarios very well, and existing CCD methods have limita-
tions in discovering novel classes and preventing forgetting.

Class-incremental learning aims to learn novel classes from
continuously arriving data while not forgetting known classes [15].
However, in CIL, the assumption that continuously arriving data is
labeled limits its application in real-world scenarios [16, 17]. Most
CIL methods are dedicated to addressing catastrophic forgetting.
Knowledge distillation [18-21], data replay [22-25], and weight
consolidation [26, 27] are commonly used. To enhance the practical-
ity of CIL methods, a large number of few-shot class-incremental
learning methods have been proposed [28, 29].

Novel category discovery aims to automatically discover novel
classes from unlabeled data [30, 31]. It is more in line with real
scenarios than CIL. However, NCD does not consider the situa-
tion where data arrives continuously and most NCD methods re-
quire prior knowledge of the number of novel classes. This makes
NCD still have limitations that make it not applicable to real sce-
narios [32]. NCD can be divided into two categories according to
whether the unlabeled data they process contains known classes.
One type is that there are only novel classes in the unlabeled
data [33-36]. The other type is that there are both novel classes
and known classes in the unlabeled data [37-39].

Continuous category discovery aims to automatically dis-
cover novel classes in continuously arriving unlabeled data without
the conditions of labels and the number of categories, and maintain
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Figure 2: Continuous category discovery task.

the recognition performance for known classes. CCD is more in
line with real scenarios than both CIL and NCD. However, most
CCD methods have deficiencies in finding novel classes and pre-
venting forgetting. To find novel classes, the model needs to be
able to extract rich and diverse features. To accurately classify, the
model needs to be able to extract key discriminative features. In
existing CCD methods, these two contradictory requirements will
act on the training of the backbone simultaneously. Considering
the absence of labels and the number of categories, for each batch
of unlabeled data, there will be errors in the results of finding novel
classes. Existing CCD methods will accumulate errors in the case
of continuous arrival of data. Furthermore, most CCD methods em-
ploy knowledge distillation and data replay to prevent forgetting.
Additional model and data assist model in retaining the knowledge
of known classes at a greater space cost. GM [10] designs a growth
stage and a merging stage. In growth stage, novel classes are found.
In merging stage, the knowledge of known and novel classes is
distilled into the same model. Furthermore, there are CCD methods
based on proxy-anchor method [13], meta-learning method [40],
and prompt learning method [41].

3 Proposed Method

3.1 Problem Definition and Method Overview

3.1.1  Problem Definition. There are many problem settings that
take into account the emergence of novel classes in data. However,
compared with CCD, they all have different limitations, which
makes it impossible for them to better adapt to the real environment.
The important notations and their corresponding descriptions are
presented in Table 1.

CCD consists of two phases, namely the initial phase and the
continuous category discovery phase, as shown in Figure 2. In the
initial phase, labeled training data D' is used to train the model. The
classes that appear in D! are known classes. The model is expected
to have the ability to classify known classes. In the continuous
category discovery phase, the model needs to process a series of
unlabeled data D}, where D} represents the data at stage t. D}/

Table 1: Notations and descriptions

Notations Descriptions

D! Labeled data
D¥ Unlabeled data at stage i
p Prototype

Orthogonal prototype
€ Threshold used for non-parametric split
S° Static pool
St Dynamic pool at stage i
Fy Backbone
Fp Projector
f Output of the backbone
z Output of the projector

contains both known classes and unknown classes. The model
needs to discover novel classes from D} when the number of novel
classes is unknown. Ultimately, the model should possess the ability
to classify both known and unknown classes.

3.1.2  Method Overview. Figure 3 shows an overview of IDOD.
IDOD mainly includes independent enrichment of diversity module,
joint discovery of novelty module, and continuous increment by
orthogonality module. The labeled data is used to train the back-
bone and the projector. Moreover, the trainings of the backbone
and the projector are independent of each other. Subsequently, the
backbone is frozen and used to extract the representations of unla-
beled data. Unlabeled data is divided into novel classes and known
classes through the split operation. They obtain corresponding
pseudo-labels through joint discovery and prototypes, respectively.
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Figure 3: Overview of IDOD framework. According to the problem setting of CCD, IDOD includes the initial stage, discovery
stage and incremental stage to process data. In initial stage, independent enrichment of diversity module separately trains
backbone and projector. This enables backbone to focus on diverse features and projector to focus on discriminative features.
In discovery stage, joint discovery of novelty module transforms multiple stages into a single stage, reducing the error of
novel class discovery, considering that it can decrease error accumulation and enrich the sample size in the subsequent stage.
In incremental stage, the orthogonal prototypes in continuous increment by orthogonality module are used to assist in the

learning of novel classes.

Orthogonal prototypes assign a prototype to each class. The pro-
jector is trained through cross-entropy.

Backbone, projector, and orthogonal prototypes are used to pre-
dict the labels of test samples. The representations of samples are
obtained by successively using the backbone and the projector.
Then, the similarity between the sample representations and the
orthogonal prototypes is calculated. The class label correspond-
ing to the orthogonal prototype with the highest similarity is the
predicted label of the sample.

3.2 Independent Enrichment of Diversity

Independent enrichment of diversity module trains the backbone
independently to maintain the ability of the backbone to generate
diverse features. In this way, the backbone is enabled to focus on
more diverse and rich features, while the projector is allowed to
concentrate on key discriminative features.

For the training of the backbone, firstly, a prototype is generated
for each known class. These prototypes are randomly generated.
P denotes the set of these prototypes. According to the objective
of maximizing the similarity between the sample and the corre-
sponding prototype while minimizing the similarity with other

prototypes. The backbone and the prototypes are trained together.
For sample x;, the loss function is defined as the following equation:

1

Loy, = =aUip") =)+ 5 )5 als(fip) + ),

peEP™

1)

where « is a scaling factor, s represents cosine similarity. f; is the
sample representation obtained from the backbone, p* is the pro-
totype corresponding to the current sample, P~ is the set of all
other prototypes, and o is used to control the boundary value of
similarity. & and o are hyperparameters

After the completion of the aforementioned training, to avoid
the impact of subsequent training on the backbone, the backbone
is frozen. On the one hand, the contrastive loss helps the backbone
pay attention to more general representations. On the other hand,
the frozen backbone has the ability to prevent forgetting. The rep-
resentation obtained by passing the data through the backbone is
used as input for the training of the projector. In addition, to achieve
replay, for each known class, the m representative representations
closest to the class mean are stored in the static pool according to
the following equation:
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S¢ = {filfi € T™(distance(f;, fe))}, @

where S2 represents the set of representative representations of c,
fe is the mean value of all sample representations of category ¢ and
distance is euclidean distance. Static pool can be used to prevent
catastrophic forgetting.

For the training of the projector, in order to make it focus on
key discriminative features, orthogonal prototypes will be used to
assist in its training. The specific steps will be described in detail
in Sec. 3.4.

3.3 Joint Discovery of Novelty

Joint discovery of novelty module includes sample union, coarse
discovery and fine discovery. It transforms the novel class discovery
in multiple stages into a single stage. On the one hand, this can
avoid the inaccurate novel class discovery results of the current
stage from having an impact on subsequent novel class discovery.
On the other hand, this can make the sample size of each novel
class more abundant, which helps to improve the results of novel
class discovery.

Before joint discovery, unlabeled data will be divided into novel
classes and known classes through non-parametric split and para-
metric split. The similarity between samples and the prototypes of
all known classes is calculated. Based on a threshold, samples can
be classified into novel classes and known classes. In the above split
results, the part with the lowest similarity in novel class data and
the part with the highest similarity in known class data are used as
reliable training samples Sy p for the training of MLP as follows:

Smep = {fil max(s(fi. p)) < € =8l max(s(fi.p)) = e +8},  (3)
pEP peP

where P is the set of prototypes of known classes, € is a threshold
and § is a fixed value used to select more reliable samples.

In stages combination, representations of novel class data from
the previous stage are stored through a dynamic pool to achieve
the combination of the representations from the previous stage and
the current stage. Thanks to freezing the backbone, the representa-
tion obtained by passing the data through the backbone remains
unchanged. The novel class data that has appeared in the past can
be stored in the form of representations and used together with
the representations of the current novel class data for novel class
discovery. The update of the dynamic pool is as follows:

SP=S", UF, 4

where 57! is the dynamic pool at the current stage, S | is the dy-
namic pool at the previous stage, and F} is the set of novel class
sample representations at the current stage.

For the novel class representations obtained from above steps,
pseudo-labels will be assigned to them by coarse discovery and
fine discovery. In coarse discovery, Affinity Propagation [42] is first
used to estimate the number of novel classes, and then a Gaussian
mixture model is used for clustering according to the number of
classes. For each novel class obtained in coarse discovery. Samples
with higher confidence are selected as the novel class discovery
results. In fine discovery, for each novel class, k samples closest to
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Algorithm 1 Training Process of IDOD

Input: Labeled Data Dl, unlabeled data D;‘

Output: Backbone Fy, projector Fj, prototypes P, orthogonal pro-
totypes G and static pool S°

: Pretrain Fy, initialize Fp, randomly initialize P and G

: while epoch; do

X — Sample(Dl)

f e Fo(x)

LeL < Leu(f.P)

fo, P < Adam(LcL), epoch; < epoch; — 1

: end while

: 89 « topk(f)

: while epoch, do

A

Lcg < Lce(z,6)

Fp « Adam(Lcg), epoch, < epoch, — 1

13: end while

14: f7 < Fp(x"), x" « Sample(D})

15: fnew < MLP(f")

16: Assign pseudo-labels

17: while epoch; do

18: Znew Fp (ﬁlew)

19:  Lcg < LcE(znew, G)

20: Lstatic — Lstatic (5% G)

21: Fp Adam(Lcg + Lstatic)

22:  epochs < epoch; — 1

23: end while

> Eq. (1)

> Eq. (2)

T L LI~ TR R

=
-0

> Eq. (9)

—
N

> Eq. (3)
> Eq. (4)-(6)

> Eq. (9)
> Eq. (10)
> Eq. (11)

the class mean are selected and the class mean is updated according
to the following equation:

_1k
o= 2 fe )

where fz; is the i-th representation of c.

In addition, to make the number of novel classes more reasonable,
a dynamic threshold is used to merge novel classes. According to
the distance between class means, classes with a distance lower
than the threshold are merged into one class. This threshold is
obtained through known class data. Process known class data using
rough discovery and fine discovery. Try different thresholds and
select the threshold for which the number of merged categories
is closest to the true number of known classes. The formula for
obtaining the threshold is shown in the following equation:

/1=argm/1in||CAI—IColl, (6)

where |Cp| is the number of known classes, and |C,| is the number
of known classes estimated with a threshold of 1.

This approach enables dynamic adjustment of the threshold for
different datasets. In addition, novel classes can be discovered with
a granularity similar to that of the known classes.

3.4 Continuous Increment by Orthogonality

Continuous increment by orthogonality module assigns the best
positions in the feature space to all known and unknown classes to
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assist the projector in focusing on discriminative features. At the
same time, combined with representative representation replay;, it
prevents forgetting with lower space overhead.

First, a large number of prototypes are randomly generated, and
the number of generated prototypes is determined by the dimension
of the representation. Specify the number of prototypes according
to the dimension. Considering that at most vectors of this number
can be generated and ensuring that they are orthogonal to each
other. These prototypes are made orthogonal to each other by the
following equation:

|d| d|
1 i 9j
Lo = 17 D, los ) exp(* ), ™
i J=1

T

where |d| is the dimension of g, g; is the i-th orthogonal prototype,
and 7 is a temperature parameter.

Being orthogonal to each other in the feature space means that
these prototypes are as far away from each other as possible. With
the assistance of orthogonal prototypes, it helps the projector to fo-
cus on the discriminative features that are crucial for classification.

Then calculate the class mean of each class and assign this class
label to the unassigned prototype with the largest cosine similarity,
as shown in the following equation:

gi = arg max (s(fe. g1)), ®)
9i€G

where G is the set of unassigned orthogonal prototypes, and ]TC is
the mean of sample representation. After the assignment is com-
pleted, cross-entropy is used to train the projector. When training
the projector, the loss function is shown in the following equation:

N exp(zi - g}
Leg = - Z yilog ‘Clp(;g,) ©)
i 2y exp(zi- g
where N is the number of training samples. z; is the vector obtained
by passing sample x; through the backbone and projector. g; is the
corresponding prototype.

On the one hand, orthogonal prototypes are helpful for distin-
guishing different classes. On the other hand, orthogonal proto-
types always retain the prototypes corresponding to known classes,
which helps to reduce the forgetting caused by continuously learn-
ing novel classes. In incremental stage, representative represen-
tations are also used to train the projector. The loss function is
defined as the following equation:

|C(1 ‘ -ko exp(F ) . T
Lstatic = — Z Yi log IC| p( P(ﬁ) I ) > (10)
i sy exp(Fp(fi) - g5)
where ko is the number of representations saved for each known
class, and Fj is the projector. The total loss function of the incre-
mental stage is the following equation:

Lan = Lcg + Lstatic- (11)

The training process of IDOD is provided in Algorithm 1. Line
2-9 and line 10-15 respectively correspond to the training of the
backbone and the projector in independent enrichment of diversity
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Table 2: The number of classes in different training data.

Data CUB200 MIT67 DOG AIR

D! 140 46 84 70
D¥ 160 53 9 80
DY 180 60 108 90
DY 200 67 120 100

Table 3: Data splits.

Classes t=0 t=1 t=2 t=3

[1,0.7 % |C|] 87% 7% 3% 3%
(0.7 = |C], 0.8 * |C|] 0% 70% 20% 10%
(0.8 %|C|, 0.9 % |C|] 0% 0% 90% 10%

0.9 |C], |CI] 0% 0% 0% 100%

module. Line 16-25 correspond to the training of the projector in
continuous increment by orthogonality module.

4 Experiments

In this section, Sec. 4.1 provides a detailed introduction to the
datasets, evaluation metrics, and implementation details. Sec. 4.2
presents a comparison with state-of-the-arts methods in terms
of recognition, category number estimation, and space overhead.
Sec. 4.3 introduces ablation experiments used to verify the effective-
ness of each component. Sec. 4.4 analyzes each hyperparameter.

4.1 Experimental Setups

4.1.1 Datasets. The experiments employ four widely used and
challenging fine-grained datasets, including Caltech-UCSD Birds-
200-2011 (CUB200) [43], MIT67 [44], Stanford Dogs (Dogs) [45],
and FGVC-Aircraft (Air) [46]. Referring to the experimental settings
of PA-CGCD [13] and PromptCCD [41], for each dataset, the first
70% of classes are known classes, and the remaining 30% of classes
are used as unknown classes. The ratio of training data to test data
is 1:1. The training data is divided into Dl, D’l‘, D;‘, and D’S‘ which
arrive sequentially. The division of each data set is shown in Table
2 and Table 3.

4.1.2  Evaluation metric. According to PA-CGCD [13] and GM [10],
three evaluation metrics, namely M, Mgy, and My, are employed.
For each stage t, the calculation method of accuracy is defined as
the following equation:

|D|
M= = (w))) (12
i=1

where t represents the stage. |D| is the size of the test set. h* is the
optimal matching between the pseudo-label and the true label.
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Table 4: Comparison results with other methods on four datasets.

CUB200 MIT67 Dogs Air
Method
Mo T Mgl MgT Mo T Mgl MgT Mo T Mgl MagT MoT Mgl Mg 1T
GM[10] 1093 41.64 9.79 18.67 40.63 17.15 7.93 48.61 6.17 13.62 51.25 15.72

MetaGCD[40] 59.27 15.31 20.41

49.22 21.60 20.18 69.29 11.40 23.71 30.27 21.63 19.58

PA-CGCD[13] 63.45 12.84 25.28 4898 19.05 18.35 74.55 9.32 25.04 34.04 15.74 19.04

PromptCCD[41] 60.04 10.48 31.87

52.73 16.18 30.04 7145 7.85 34.12 31.73 12.65 24.82

Ours 61.55 9.65 33.26 59.76 15.07 32.73 72.08 7.42 41.47 39.07 10.13 19.70

Table 5: Estimation of the number of novel classes on CUB200,
numbers in parentheses are true numbers of novel classes.

Method Classes (20) Classes (40) Classes (60)

PA-CGCD 253 62.3 94.7
PromptCCD 23.7 343 42.0
Ours 18.7 37.7 65.3

M, and Mg represent the average accuracy rates of known
classes and novel classes in the stages where ¢t > 0, The calculation
formula is as follows:

1
M=— > M, (13)
IT| t;
where |T| is the number of stages, and M? is the accuracy rate of
stage t.
Mg represents the maximum value of the decline in the accuracy
rate of known classes. The calculation formula is the following
equation:

Mg = max(M? — M), (14)

where M is the recognition accuracy rate of known classes in the
initial stage, and M/ is the recognition accuracy rate of known
classes in stage t.

4.1.3 Implementation details. The ResNet-18 pre-trained on Im-
ageNet is used as the backbone. On all datasets, the number of
training epochs in the initial stage is 60, and the number of training
epochs in the incremental stage is 30. For the backbone, the AdamW
optimizer is adopted. The initial learning rate is set to 0.0001. For
the projector, the AdamW optimizer is adopted. The learning rates
are set to 0.001. In the L¢r, @ and o are set to 32 and 0.1 respectively.
In the Lg, d is set to 256. In fine discovery, k for filtering is set
to 10. The batch size is set to 128. All experimental results are the
averages obtained after multiple runs. The framework is built with
PyTorch on a NVIDIA RTX 3090 GPU?.

Thttps://github.com/HaobingLiu/IDOD

Table 6: Comparison of the required additional space. The
measurement of additional space required for IDOD includes
the space of static pool and dynamic pool. * indicates that
the adopted backbone is ViT. The additional storage space re-
quired by IDOD is independent of the backbone, considering
that IDOD only stores representations.

Method CUB200 MIT67 Dogs Air
GM 78.7TM 559M  65.2M  61.8M
PA-CGCD 46.1M 45.8M  459M  46.0M
PromptCCD* 360.5M 119.4M  216.3M  180.2M
Ours 3.5M 5.3M 5.4M 3.9M

4.2 Comparison with State-of-the-arts Methods

A series of experiments are conducted to compare the proposed
method with state-of-the-arts methods in terms of recognition
accuracy, category number estimation and space occupation, as
shown in Table 4, Table 5 and Table 6.

4.2.1 Main Results. In Table 4, the proposed method has better
recognition performance for novel classes on the CUB200, MIT67
and Dogs datasets than other CCD methods. Although some recog-
nition performance does not completely surpass other methods,
IDOD not only accurately recognizes novel classes but also main-
tains the performance for known classes, realizing a better balance
between the recognition of known and novel classes. This is at-
tributed to the fact that the proposed method better handles the
feature requirements of novel class discovery and classification,
taking into account the diversity and discrimination of features.
The proposed method also surpasses state-of-the-arts methods in
preventing forgetting. Considering the effectiveness of orthogonal
prototypes and representation replay in preventing forgetting.

4.2.2 Estimating the Number of Novel Classes. In Table 5, the esti-
mation results of the number of novel classes by different methods
are presented. The number of categories estimated by CGCD [13]
is much larger than the true number of categories, while that esti-
mated by PromptCCD [41] is much smaller than the true number.
The proposed method is closer to the true number of categories.
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Table 7: Ablation experiment results of Independent Enrich-
ment of Diversity Module (IED), Joint Discovery of Novelty
Module (JDN), Continuous Increment by Orthogonality Mod-
ule (CIO) on CUB200.

IED JDN CI0O MoT Mgl Mgl
v 4429 2193  13.19
v 4502 2159  17.03

v 58.16 9.93 10.80
v v 59.26 12.88  25.04

v v 61.32 1039 23.14
v v 5835 13.28 27.81
v v v 61.55 9.65 33.26

This is attributed to the fact that the proposed method considers
more diverse features, which is conducive to discovering novel
classes. Joint discovery also minimizes the error of discovering
novel classes as much as possible, making the final estimated result
of the number of novel classes more accurate. In addition, fine dis-
covery enables IDOD to discover novel classes with a granularity
similar to that of known classes, which makes the estimation of the
number of novel classes more reasonable.

4.2.3 Comparison of Additional Storage Space. In Table 6, the addi-
tional space required by different methods to deal with catastrophic
forgetting is shown. The proposed method significantly reduces the
space overhead. GM [10] and CGCD [13] need to save additional
models, and GM also needs to save data samples. Promptccd [41]
requires sampling from the GMM pool to prevent forgetting. These
methods all require a relatively large amount of storage space. The
proposed method only needs to retain partial sample representa-
tions, greatly reducing the space overhead.

4.3 Ablation Study

Ablation experiments are conducted to verify the effectiveness of
diversity enhancement, joint discovery, and orthogonal prototypes.
The experimental results are shown in Table 7.

4.3.1 Diversity Enrichment. Diversity enrichment is mainly achieved
through the contrastive loss and the independent training of the
backbone and the projector. The design of the ablation experiment
is that the prototype is the class mean rather than learnable, and the
backbone and the projector are trained together. The enrichment
of diversity improves the performance of discovering novel classes,
demonstrating its effectiveness in improving feature diversity.

4.3.2  Joint Discovery. Joint discovery converts multi-stage novel
class discovery into a single stage, reducing the accumulation of
errors. The design of the ablation experiment is not to save the
previous novel class representations. Only retain the two steps
of data split and coarse discovery. Joint discovery improves the
performance of discovering novel classes. Considering that joint
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discovery reduces the error of discovering novel classes, more ac-
curate pseudo-labels are assigned to unlabeled data, enabling the
model to learn with more reliable pseudo-labels.

4.3.3  Orthogonal Prototypes. Orthogonal prototypes not only ob-
tain discriminative features by making each class orthogonal to
each other in the feature space, but also prevents forgetting by
reserving the optimal positions for all classes. The design of the ab-
lation experiment is to train the projector only using cross-entropy.
In Table 7, the orthogonal prototypes reduce the degree of forget-
ting of known classes, verifying its effectiveness in classification
and preventing forgetting.

4.4 Hyperparameter Analysis

The influence of the threshold € in no-parametric split and that
of screening in fine discovery is also analyzed. The experimental
results are shown in the Figure 4. On the four datasets, it can be
clearly observed that IDOD is robust to the changes of € and k.

Figure 4(a) shows the impact of € on My across four datasets.
The influence of the threshold in no-parametric split affects the
results of the preliminary partitioning of novel and known unla-
beled data, and ultimately affects the effect of distinguishing known
and unknown classes for samples. The experiment evaluated the
performance of the threshold ranging from -0.1 to 0.1. It can be
observed that when the threshold is set to 0, the novel class and the
known class can be distinguished more accurately. In addition, the
final accuracy result is less affected by this threshold, considering
that parametric split needs to be performed after non-parametric
split, the threshold is finally set to 0.

Figure 4(b) shows the impact of k on M, across four datasets.
In fine discovery, the value of k used for screening influences the
results of novel class discovery. The larger the value of k is, the
more samples are retained. However, more unreliable samples may
be introduced. These samples may come from other classes. Con-
sidering that the results of coarse discovery are not completely
reliable. A smaller value of k will retain samples that are closer to
the cluster center. However, it may lead to too few samples. This
can easily restrict the model from learning novel classes. The ex-
periment evaluated the performance of k ranging from 6 to 14. It
can be observed that the performance of the method is relatively
stable with respect to the value of k.

4.5 Visualization Results

To verify the feature extraction capabilities of the backbone and pro-
jector, the visualization results on the CUB200 and Dogs datasets are
presented. The visualization results of the representations extracted
by the backbone and the projector are shown in Figure 5.

For each dataset, 10 classes are selected for display. It can be
observed that with the assistance of the orthogonal groups, the
representation obtained by the projector is more suitable for classi-
fication. The representations of the same class are more compact
among themselves, and the spacing between different classes is
larger. The backbone can extract more diverse features to discover
novel classes.
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Figure 5: Visualization results.

4.6 Detailed Experimental Results

More detailed experimental results regarding the additional space
overhead and recognition accuracy are presented in Table 8 and
Table 9. Table 8 shows the more detailed additional space usage of
IDOD. Table 9 more detailed experimental results, which include
the estimation of the number of novel classes at each stage, as well
as the recognition performance for known and novel classes.

It can be observed that estimation of the number of novel classes
is relatively accurate, considering that the joint discovery module
reduces the error of discovering novel classes. As the number of
stages increases, the decline in model performance is relatively
small, demonstrating the ability to handle multiple arrivals of data.
In addition, the spaces occupied by the static pool and the dynamic
pool are similar, and the space overhead is significantly reduced.

5 Conclusion

In this paper, IDOD is proposed, which can achieve a better balance
between novel class discovery and classification in CCD. IDOD
makes the backbone and projector focus on diverse features and
discriminative features respectively by independent enrichment of

Table 8: Detailed additional space usage of IDOD.

Component CUB200 MIT67 Dogs Air
Static Pool 1.4M 27M  32M  2.6M
Dynamic Pool 2.1M 26M 22M 13M

Table 9: Detailed experimental results on four datasets.

CUB200 MIT67
Stage ——— Stage — ———

n Mo My n Mo My
t=1(20) 187 64.37 36.64 t=1(7) 17.3 65.52 34.67

t=2(40) 37.7 6232 35.12 t=2(14) 26.3 57.41 31.45
t=3(60) 653 61.12 28.03 t=3(21) 353 56.37 32.08

Dogs Air
——  Stage ——MM———
n Mo Mg n Mo Mg

r=1(12) 147 74.12 4046 =1 (10)

Stage

15.0 42.15 21.02
t=2(24) 287 71.52 43.89 t=2(20) 28.7 38.82 19.30
t=3(36) 43.0 70.62 40.08 t=3(30) 33.3 36.24 18.78

diversity module and orthogonal prototypes. IDOD also contains a
joint discovery module that assigns more accurate pseudo-labels
to unlabeled data. Extensive experiments have demonstrated that
IDOD outperforms existing methods in achieving a better balance
between discovering novel classes and classification. In future work,
it is planned to improve IDOD by adopting better data split method
and clustering method.
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