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Abstract. With the advancement of deep neural networks in computer
vision, artificial intelligence (AI) is widely employed in real-world ap-
plications. However, AI still faces limitations in mimicking high-level
human capabilities, such as novel category discovery, for practical use.
While some methods utilizing offline continual learning have been pro-
posed for novel category discovery, they neglect the continuity of data
streams in real-world settings. In this work, we introduce Online Con-
tinuous Generalized Category Discovery (OCGCD), which considers
the dynamic nature of data streams where data can be created and
deleted in real time. Additionally, we propose a novel method, DEAN,
Discovery via Energy guidance and feature AugmentatiolN, which can
discover novel categories in an online manner through energy-guided
discovery and facilitate discriminative learning via energy-based con-
trastive loss. Furthermore, DEAN effectively pseudo-labels unlabeled
data through variance-based feature augmentation. Experimental results
demonstrate that our proposed DEAN achieves outstanding performance
in proposed OCGCD scenario. The implementation code is available at
https://github.com/KHU-AGI/OCGCD.

Keywords: Online Continual Learning - Generalized Category Discov-
ery - Energy-Guided Discovery - Variance-based Feature Augmentation

1 Introduction

The rapid progress of deep neural networks in computer vision has greatly fa-
cilitated the widespread adoption of artificial intelligence into real-world appli-
cations. Nevertheless, the networks still have challenges in embodying high-level
human capabilities such as object recognition and grouping. To emulate these
sophisticated human abilities, there has been a lot of interest in the field of cate-
gory discovery. Specifically, generalized category discovery (GCD) [40] demands
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line manner on CUB200.

Fig. 1: Figure shows that existing methods recorded poor performance in online
training, suggesting that prior methods cannot handle online continual learning. Fig-
ure shows the proposed scenario, OCGCD. As our scenario assumes batch-wise
online learning, the model suffers severe forgetting and poor novel category discovery.

advanced recognition and grouping skills to discover unknown categories within
unlabeled datasets. In general, existing methods for GCD rely on an impractical
assumption that they can access both labeled and unlabeled datasets simulta-
neously during training, which prevents these methods from meeting real-world
application demands.

In this context, a new scenario of continuous category discovery
has emerged to address the unrealistic assumption by adopting offline con-
tinual learning. Despite its great advantage not requiring the assumption, these
offline-based methods have inherent limitations in handling the continuous na-
ture of data streams in the real world. Current approaches to offline continual
learning primarily focus on static data streams, thus failing to adequately ac-
commodate the dynamic nature of data streams where data can be created and
deleted in an online manner. To verify this limitation, we conducted an empirical
analysis using the CUB200 dataset, dividing it into 160 labeled categories
and 40 unlabeled categories. We evaluated the performance of existing methods
for continuous category discovery in an online manner. As shown in Fig-
ure we observed that existing methods exhibited inferior performance
in identifying novel categories, thereby resulting in poor overall performances.
This indicates that the offline-based GCD methods have difficulty in clustering
novel data effectively in the online learning scenario.

In light of this observation, in this paper, we introduce a novel online learning
scenario in continuous generalized category discovery, called Online Continu-
ous Generalized Category Discovery (OCGCD). As shown in Figure
OCGCD involves batch-wise training of unlabeled data in an online continual
manner without any prior knowledge of the unknown data. Therefore, our novel
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scenario closely replicates real-world data streams characterized by dynamic cre-
ation and elimination of data during training [14]. Here we summarize the key
challenges of our novel OCGCD scenario as follows: 1) Challenging category
discovery. The model struggles to retain the knowledge of trained categories
because of the continuous nature of the data, making novel category discov-
ery challenging. 2) Noisy pseudo-labeling. Online learning restricts access to the
entire training dataset, leading to inaccurate category assignments and the gen-
eration of severe noise pseudo-labels for unlabeled data. 3) Severe catastrophic
forgetting. Online learning erases observed data after training, resulting in se-
vere forgetting of previously acquired knowledge [33]. Hence, our novel OCGCD
scenario requires addressing the aforementioned challenges to achieve successful
learning outcomes.

To address the challenges of OCGCD, we propose a novel approach called
DEAN, Discovery via Energy Guidance and Feature AugmentatioN, which
utilizes the energy score [28] to discover unknown data and further discriminate
whether the data is seen or unseen and employs feature augmentation for better
pseudo-labeling. By comparing the energy values of known and unknown data,
DEAN effectively identifies unknown data among them, facilitating the cluster-
ing of novel categories. On top of that, we introduce an energy-based contrastive
loss to enhance learning from unknown samples, promoting the acquisition of
more discriminative knowledge during online learning. In addition, we propose
a novel variance-based feature augmentation, a simple yet effective approach for
accurate novel clustering and pseudo-labeling. In our scenario, since the model
can access only batch-wise training data at once, it struggles to cluster data
accurately. Variance-based feature augmentation (VFA) temporally extends the
number of feature vectors through variational information to promote accurate
clustering. To mitigate catastrophic forgetting, we employ parameter-efficient
tuning, especially LoRA [17] in our framework while preserving the pre-trained
weights. Extensive experiments demonstrate that our proposed method, DEAN,
enables the network to discover novel categories more effectively in the OCGCD
scenario than existing methods.

We summarize the main contributions of this paper as follows:

— We introduce a novel Online Continuous Generalized Category Discovery
(OCGCD) scenario that effectively reflects the online characteristics of real-
world data. To tackle this scenario, we propose a novel method called Dis-
covery via Energy Guidance and Feature AugmentatioN (DEAN).

— To the best of our knowledge, this is the first work to introduce the energy
score for novel category discovery. We propose the energy-based contrastive
loss to enhance online learning of discovered unknown data.

— For effective pseudo-labeling, we propose a new variance-based feature aug-
mentation, called VFA. The proposed VFA enhances the sample clustering,
leading to the improvement of pseudo-label quality.

— Comprehensive experiments demonstrate that our novel method achieves
significant performance improvements in the OCGCD scenario compared to
state-of-the-art models.
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2 Related Work

2.1 Novel Category Discovery

Novel Category Discovery (NCD) focuses on the task of identifying and cate-
gorizing unlabeled data [39]. To effectively discover and classify data, this field
requires advanced object recognition and clustering skills. Most of the NCD
methods fall into two training scenarios: disjoint training and joint training.
The disjoint training scenario, also known as a two-stage approach, starts by
pre-training the model on a labeled dataset, followed by fine-tuning on an unla-
beled dataset from a different domain [13}[15|16}29]. The joint training scenario
adopts a more integrated approach, simultaneously utilizing both labeled and un-
labeled datasets during the training process |7,[12}[18./46,/47]. While this scenario
outperforms disjoint training approach [29], its dependence on the availability of
labeled data makes it less feasible in real-world applications. Accordingly, more
research has been directed towards designing scenarios where they mitigate con-
straints of NCD for better alignment with real-world settings. Generalized Cate-
gory Discovery (GCD) 40| broadens the setting of NCD by allowing test data to
contain both known and unknown classes, in contrast to NCD which focuses on
exclusively unknown classes. Moreover, to better represent real-world scenarios,
several methods [19}]22,37,/42,44] have been proposed that integrate contin-
ual learning into category discovery. However, existing methods predominantly
utilizes an offline continual learning framework, which remains an impractical
assumption for real-world applications.

We propose an online version of continuous GCD that tackles the challenges
of online learning through energy-guided clustering and energy-based contrastive
loss. Energy-guided clustering utilizes the trained classifier to extract energy
from each sample, efficiently discovering novel categories. Moreover, applying
energy-based contrastive loss enables the model to effectively learn feature knowl-
edge, thereby enhancing the capacity of the model in online continual learning.

2.2 Online Continual Learning

Online Continual Learning (OCL) is a more realistic continual learning scenario
where the model learns from data arriving in small, sequential batches in real-
time, without access to previously seen batches [30]. A key aspect of continual
learning is to mitigate catastrophic forgetting and balance existing knowledge
while adapting to new knowledge [8},/32,/33]. The dynamic distribution of online
setting intensifies this challenge, and various approaches have been introduced
to address this issue. MIR |1] proposed a memory retrieval technique for replay,
selecting mostly interfered samples. OCM |[10] deals with forgetting by maximiz-
ing mutual information between past and current data to learn more transferable
features. i-Blurry [23] introduces a realistic setting that combines disjoint and
blurry class distributions, mitigating forgetting by employing sample-wise impor-
tance sampling. Furthermore, Si-Blurry [34] proposed a new blurry task scenario,
acknowledging the stochastic properties in real-world data distributions.
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In this paper, we propose a novel setting that integrates online continual
learning with generalized category discovery. By emphasizing the online learning,
OCGCD presents a new perspective in the field of category discovery. It is a more
realistic and challenging scenario than existing approaches in GCD, taking into
account the continuous flow of real-world data.

2.3 Noise Label

Deep neural networks can overfit to noisy label data, leading to a substantial
decrease in the robustness and generalization ability [2,/43]. Consequently, tack-
ling noisy label data becomes essential, especially in category discovery where
pseudo-labeling of unlabeled data plays a pivotal role in identifying new cate-
gories. Recent studies have primarily focused on discriminating between clean
data and noisy label data. DivideMix [26] use a Gaussian Mixture Model (GMM)
generated from the training dataset to differentiate between clean and noisy data,
while AugDesc [35] applies various data augmentations to the training dataset
to amplify the distinction. SplitNet [21] introduces a compact learnable module
that separates clean and noisy label data.

In OCGCD, learning occurs without prior knowledge of novel categories, re-
lying only on the current batch-wise data to predict the number of clusters and
generate pseudo-labels based on this prediction. This scenario makes it difficult
to apply existing techniques that depend on utilizing the training dataset or em-
ploying learnable modules. Therefore, we propose Variance-based Feature Aug-
mentation (VFA) to effectively separate clean and noisy labels in our framework.
VFA can diversely augment (re-generate) the feature vectors of given data, en-
abling the creation of discriminative clusters for accurate pseudo-labeling. Unlike
CGCD |22], which requires training additional modules for the discovery, VFA
facilitates end-to-end training without the additional modules or extra learning.

3 Online Continuous Generalized Category Discovery

3.1 Problem Formulation and Method Overview

Problem Formulation. In online continuous GCD, the training dataset D =

base
{Dbase Dincl is given sequentially, where D¢ = {(x;,9;) € X x yl}lfl is

the labeled dataset for the base session and D¢ = {(z;,y;) € X X yu}lzm| is

the unlabeled dataset for the incremental session. The proposed novel scenario
assumes an overlap between the labeled category set ), and the unlabeled cate-
gory set ), as it is a sub-category of the generalized category discovery. In this
setting, the network trains on D***¢ and on D" in an offline and online manner,
respectively. Our proposed online continuous GCD aims to facilitate the discov-
ery of novel categories in real-world scenarios while preserving the clustering
knowledge obtained from the offline training of the labeled dataset.

Method Overview. Figure[2]shows an overview of the proposed method, where
the pre-trained vision transformer [6] via self-supervised learning serves as the
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Fig. 2: Overall process of the proposed DEAN framework. The energy-guided discovery
splits unlabeled data into known, seen, and unseen data for better novel category
discovery, while variance-based feature augmentation enhances the clustering of unseen
data. L. facilitates better discriminative learning in the online continual learning.

backbone network. We initially train the network using the labeled dataset in
the base session (Section . We introduce energy-guided discovery to identify
unknown samples from the given data. Our energy-guided discovery involves
a two-step process to determine whether data belong to known or unknown
categories and whether the unknown data belong to previously seen or unseen
categories (Section . We split the data into known, seen, and unseen cate-
gories through energy-guided discovery. For pseudo-labeling of unseen data, we
propose variance-based feature augmentation to improve the clustering of un-
seen data, resulting in better pseudo-labeling (Section [3.4). Subsequently, the
network trains pseudo-labeled data in an online manner using an energy-based
contrastive loss for better discriminative learning (Section [3.5)).

3.2 Supervised Learning at Base Session

During the base session, we train the offline model §°f consisting of the feature
extractor f°7(-) : X — R? and classifier head g°#(-) : R? — ), in an offline man-
ner. As the offline network 9°% = {f°# g°} trains on the labeled dataset during
the base session, we employ the cross-entropy loss for supervised learning. While
existing novel category discovery methods often utilize self-supervised and
supervised contrastive loss for representation learning without a classifier
head, our approach utilizes a classifier for clustering. The formulation of the
base session training is as follows:

|Dbase|
1 [0 [0
Lee = _E(X,yl)NDbaﬁe—|Dbase| Z yi log 8(g°F(f°H(x))), (1)
i=1

where §(+) is the softmax function. We train the model to capture representation
knowledge during the base session training. After training the base session, we
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Fig. 3: Validating the effectiveness of energy scores for novel category discovery without
prior knowledge about novel categories by comparison with existing methods.

freeze the offline model and utilize the model at the discovery step to distinguish
between known and unknown data, enabling accurate discovery. In addition, we
initialize the online model, denoted as 8°™, based on the parameters of the offline
model for the online continual learning on the unlabeled dataset.

3.3 Energy-Guided Discovery to Identify Unknowns

The discovery step aims to discover new categories within the provided batch-
wise data. While CGCD, which assumes the absence of prior knowledge about
novel categories, introduced a two-stage split process that depends on learning
an additional split network to detect novel data, it has some limitations in our
proposed scenario. CGCD includes the requirement for extra parameters and
additional learning stage. Moreover, in our proposed online scenario where the
model cannot access the entire training data, the split network faces difficulty
in identifying novel samples due to severe forgetting of the split network. Liu et
al. proposed a method for detecting out-of-distribution (OOD) data by
analyzing the difference in energy scores between in-distribution (ID) and OOD
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data. We conducted experiments to compare the two-stage split process from
CGCD with the energy-based discovery method to identify trained categories
(known to the model) and untrained categories (unknown to the model).

In Figure (3] we found that the two-stage split of the CGCD struggled to
identify both known and unknown categories in our proposed online learning sce-
nario. Online learning with batch-wise data led to severe forgetting in the split
network, resulting in poor detection of unknown samples. In contrast, energy-
based discovery showed better performance in novel category discovery with-
out extra parameters compared to CGCD. Moreover, as it does not require an
additional learning phase, energy-based discovery enables end-to-end training.
Inspired by this observation, we propose an energy-guided discovery approach
for novel category discovery. To the best of our knowledge, this is the first work
to utilize the energy score for novel category discovery.

During the incremental session, the network trains unlabeled batch-wise data
B' = {z1,22,...,2|p}, where t is the index of the batch. We classify unlabeled
data B! into known data, seen data, and unseen data using both the #°F and
0°™ through a two-stage process. In the first stage, we split the data into known
and unknown categories. We obtain logits z using the offline model #°(.) =
g°7(f°#(-)) and calculate the energy scores using these logits. The formulation
for calculating the energy scores is as follows:

ot — eoﬁ(Bt) c R|Bt|><|yl|’ (2)
|1

e = {efle = —log } | exp(#;)}, (3)
j=1

where exp(-) denotes an exponential function, e’ denotes a set of energy scores,
and z; ; denotes the logit from i-th sample corresponding to the j-th class. We
divide the energy scores by the Gaussian Mixture Model (GMM). We initially
set the GMM to have two clusters and use the energy score of each sample as
input for clustering. We then label the cluster with a low energy score as “known”
and the cluster with a high energy score as “unknown”. This division allows us to
split the unlabeled data into known and unknown data. In the second stage, we
divide the unknown data into seen and unseen categories. Seen data comprise
the data belonging to observed novel categories during the incremental session,
while unseen data belong to undiscovered categories. To split the unknown data,
we utilize the online model 6°"(-) = g°"*(f°"(:)) to extract energy scores. The
process in the second stage is the same as the first stage, where we split the
unknown data into seen and unseen categories based on their energy scores. For
the initial batch of incremental sessions, the online model is identical to the
offline model. Additionally, since the initial batch data is the first data of the
incremental session, any data classified as unknown is assumed to be unseen data.
The proposed energy-guided discovery splits unlabeled data into known, seen,
and unseen categories effectively. Unlike prior methods which require sufficient
data, it can identify novel categories with batch-wise data.
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3.4 Pseudo-Labeling via Variance-based Feature Augmentation

After the discovery step, we pseudo-label known, seen, and unseen data to assign
labels to each sample. For known and seen data, where the model has already
learned knowledge for the categories, we utilize predictions from the offline model
for known data and from the online model for seen data to assign pseudo-labels,
respectively. Conversely, as the unseen data belong to undiscovered categories,
the online model cannot predict proper categories for them and needs to discover
novel categories. Moreover, due to the given batch-wise data, discovering novel
categories to assign pseudo labels is challenging.

To address this challenge, we propose variance-based feature augmentation,
which temporally augments feature vectors using variational knowledge from
unseen data to acquire accurate novel clusters. We obtain feature vectors of
the unseen data B!, using the online feature extractor f°(-) denoted as h!, =
fo(Bt). We calculate the variance of the unseen feature vectors and augment
unseen feature vectors based on the variance. We employ each feature vector to
augment features by the Gaussian distribution hf, = {hy ~ N (hy,02)}, hy € ht,.
The formulation of the variance-based feature augmentation is as follows:

By = WY, BY = (b ~ N(hy,02)} € RUPHOX, (4)
where h, and o, represent augmented feature vectors and the standard deviation
of the unseen feature vectors, respectively. K denotes the hyperparameter for
the number of augmented feature vectors, and hfmg denotes the concatenation
of unseen feature vectors and augmented feature vectors. Novel categories are
discovered based on hl,,. Augmented feature vectors expand the feature space
with variational knowledge, which helps the model discover novel clusters.

We employ affinity propagation [9] to assign pseudo-labels to unseen data.
Affinity propagation is a non-parametric clustering algorithm that does not re-
quire a predefined number of clusters, using the similarity matrix of the data.
Given the absence of prior knowledge of novel categories, we extend the on-
line classifier with the estimated number of novel clusters obtained by affinity
propagation. The proposed variance-based feature augmentation is a simple yet
effective approach that helps the model assign effective pseudo-labels based on
accurate novel category discovery.

3.5 Online Continual Learning with Pseudo-Labeled Data

For online continual learning, we employ parameter-efficient tuning to learn
novel representation knowledge while preserving previously learned knowledge,
as it effectively mitigates catastrophic forgetting. We use cross-entropy loss with
pseudo-labeled data in an online manner to capture novel knowledge. However,
adapting the model with batch-wise data raises recency bias, where sufficient
training through the given batch-wise data impedes discriminative knowledge.
To address this, we propose an energy-based contrastive loss (L..) for effective
discriminative learning. The energy-based contrastive loss focuses on inducing
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the online model to capture the knowledge of novel categories. It amplifies the
energy from the known classifier while reducing the energy from the novel classi-
fier. By selectively applying L. to novel data B! including seen and unseen data,
it helps the online model learn novel discriminative knowledge. The formulation
of L. is as follows:

Y

E(/(2);9) = ~log ) _exp(gi(f(2)), (5)

1 B (aio))
ec = 771 1 )
= o 2, 1+ By o )

where E(+;-) and |Y| denote energy function and the number of nodes at the clas-
sifier, respectively, g;(-) represents the i-th node from the given classifier g, and
g°'% and ¢"*" denote the nodes corresponding to known categories and discov-
ered novel categories in the online classifier g°"(+), respectively. Eq. [5| represents
the calculation of the energy score given the feature vector and classifier. The

total loss L;,. for the incremental session can be summarized as follows:
‘Cinc = ‘cce + £€C7 (7)

where L. represents energy-based contrastive loss, and L., denotes cross-entropy
loss with pseudo-labeled data.

4 Experiments

4.1 Experimental Setup

Baselines and Implementation Details. Recently, many approaches have
emerged in novel category discovery. However, many of them focus on self-
supervised learning with non-parametric classifiers (e.g. K-means) [42| and rarely
consider continual learning [45]. Some methods that consider continual learning
assume prior knowledge for novel category discovery. Since the proposed EGD
and fine-split from CGCD require a classifier to estimate the number of novel cat-
egories, non-parametric classifiers cannot be used. Additionally, existing methods
not designed for continual learning are unsuitable baselines due to severe forget-
ting of known classes. For a fair comparison, we mainly compared our method
with FRoST [37] and CGCD |22], which focus on continual learning and utilize
parametric classifiers for novel category discovery.

We used ViT-B-16 [6] pre-trained on DINO-ImageNet [3]| as the backbone
network for all methods, including ours. We trained our method 30 epochs for the
base session and 15 epochs for the incremental session. We utilized the AdamW
optimizer with a weight decay of le-4 and a learning rate of le-3. We trained
our model using a single RTX 3090 GPU with a batch size set to 64.
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Datasets. We evaluated our method with state-of-the-art (SoTA) continuous
category discovery methods on three datasets: CUB200 [41], FGVC-Aircraft |31],
and CIFAR-100 [24]. For continual learning, we partitioned CUB200 and FGVC-
Aircraft following the same split configuration in CGCD. For CIFAR-100, we
divided 80 classes for known classes and 20 classes for novel classes. To follow
the GCD setting, we divided the training samples into labeled and unlabeled per
class, maintaining a ratio of 0.8 for the labeled to 0.2 for the unlabeled.
Evaluation Metrics. We evaluated the methods by measuring clustering accu-
racy on test dataset D. We utilized the hungarian algorithm [25] to obtain the
optimal permutation h* that aligns the prediction y; from the model with the
ground truth label y;:

h* = arghminﬁ ZH(% = h(y!)), (8)

where |D| is the size of the test dataset. Clustering accuracy on D is defined as
follows:

M= ﬁzﬂ(yz:h*(yf))- (9)

We employed this metric to measure the clustering accuracy of all classes (M),
known classes (M,;q), and unknown classes (M) in the cases of test dataset
Dbese and D¢, respectively. Following continuous GCD approaches to evaluate
the ability to maintain performance for known classes [22}/44]|, we employed
the forgetting metric F = M fﬁfe — Min¢ where M, é’ﬁfe? Mn¢ refers to known
class clustering accuracy at the base session and incremental session. A higher
clustering accuracy metric is better, and a lower forgetting metric is better. This
ensures the model is effective for real-world applications.

Moreover, we evaluate the estimated pseudo-labels to validate their effec-
tiveness in pseudo-labeling. Pseudo-labeling for unlabeled data is crucial as the
model utilizes pseudo-labels to interpret the unlabeled data. The pseudo-labeling
accuracy on the dataset D is defined as follows:

M= D] ZH(%‘ = h*(4:)), (10)
where y; denotes the pseudo-label of the i-th sample.

4.2 Comparison with Baselines

We compared the clustering performance of our proposed method, DEAN, with
SoTA approaches, as shown in Table[I] Since we considered an online scenario for
category discovery, traditionally approached using offline methods, there is no
previous work for comparison. Therefore, for a fair comparison, our study adapts
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Table 1: Clustering performance comparison on CUB200, FGVC-Aircraft, and
CIFAR-100. Best performance is highlighted in bold. All the baselines utilize the fine-
split method from CGCD to handle the absence of prior knowledge.

CUB200 FGVC-Aircraft CIFAR-100
Method
Mall Mold Mnew F\L Mall Mold Mnew F\l/ Mall Mold Mnew F\Jr
Supervised 72.51 70.68 79.66 11.91 66.25 63.62 76.76 11.03 81.34 79.48 88.80 10.07
Fine-Tuning 1.96 194 2.01 80.52 206 130 5.10 7335 3.68 324 545 86.26

FRoST [ECCV’ 22] 23.98 28.72 5.45 50.85 14.44 1565 9.60 4831 6.13 6.21 5.80 69.24
CGCDI[ICCV’ 23] 40.40 47.88 11.18 35.61 14.08 15.67 7.75 60.00 2.64 2.76 2.15 86.74

DEAN w/ FS 55.57 65.37 17.29 17.62 40.32 49.14 5.10 25.43 52.27 62.11 12.90 27.55
DEAN (Ours) 59.56 66.33 33.11 16.26 46.44 53.56 17.99 20.97 62.34 70.34 30.35 19.17

Table 2: Ablation experiment on CUB200. Table 3: Ablation study for the hyper-

The baseline denotes fine-tuning with the parameter K of variance-based feature
fine split from the CGCD. augmentation on CUB200.
CUB200 . CUB200

Ablation Ablation 175 275 Vi
]Vfa” ]\/[old A{ncw F J/ all old new
Baseline 196 194 201 80.52 K=0 o573l 819 4647
LoRA 49.33 60.35 6.24 22.24 K=l 627 8896 53T
Lo ' oY ' K=3 75.87 9343 6448
+ EGD 54.97 62.98 23.67 19.61 K=5 76.93 94.05 65.75
+ EC Loss 57.37 64.98 27.63 17.61 K=7 75.44 93.41 64.07
+ VFA (Ours) 59.56 66.33 33.11 16.26 K=9 75.22 93.5 63.36

offline continuous NCD and GCD methods into OCGCD scenarios. The exper-
iment includes two SoTA continuous category discovery methods: FRoST [37]
and CGCD [22]. In addition, we include a supervised learning method as an up-
per bound and a fine-tuning method as a performance baseline. Note that in our
proposed scenario, OCGCD, all baselines are not provided with prior knowledge
about novel categories. Instead, we employed fine-split method from CGCD [22]
which consists of two stages: initial split and fine split. During the initial split
stage, unlabeled data is roughly divided into known and unknown categories
based on cosine similarity. In the fine split stage, a split model is trained to
distinguish between known and unknown data. The fine-split method estimates
the number of novel categories conveying information about novel categories to
the comparison methods.

The results shows that our method, DEAN, recorded a robust clustering per-
formance, significantly surpassing existing continuous NCD and GCD methods.
DEAN recorded consistently high metrics across My, Myq, and My, while
keeping forgetting metric F' substantially low. This denotes our method can
learn novel knowledge without forgetting. Moreover, it is noteworthy that DEAN
w/ FS which denotes the adoption of fine-split from CGCD into DEAN instead
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Table 4: Ablation study for the cluster =~ Table 5: Ablation experiment of

accuracy of pseudo-labels. parameter-efficient tuning on CUB200.
CUB200 CUB200
Method -
MES MES MES Method P
Mo Mota Mpew F |
CGCD [ICCV’ 23] 61.88 81.07 58.68 1
/ Adapter [4| 56.96 64.75 26.53 17.64
DEAN w/o (Lec, VFA) 5723 85.11 45.80 DEAN
DEAN W/O VFA 57.31 85.19 46.47 Prefix |27] 58.54 66.29 28.28 16.30
’ . . . (Ours)
DEAN (Ours) 76.93 94.05 65.75 LoRA |17] 59.56 66.33 33.11 16.26

of energy-guided discovery (EGD) also showed notable performance compared
to the baselines. But, DEAN achieved significant performance gains across all
datasets as the proposed EGD is applied. In contrast, existing continual meth-
ods showed shortcomings in clustering performance. Specifically, we observed
extremely low clustering performance on CIFAR-100 dataset, low Mgy, My,
and M., values, coupled with high F. On CIFAR-100 dataset, DEAN sur-
passed the most recent method CGCD assuming no prior knowledge for novel
categories by 59.7%, 67.58%, 28.2%, and 67.57% for Mu;;, Moig, Mpew, and F.

Such observations shows that while current GCD methods are vulnerable to
online settings, DEAN can manage the balance required in the OCGCD scheme
of retaining old knowledge while integrating the new. We believe this results
shows the suitability of DEAN for real-world applications, where data is never
static. We empirically confirmed that DEAN can evolve with the data it encoun-
ters, overcoming the challenges presented in the OCGCD scheme.

4.3 Ablation Study

The experimental results in Section [f.2]show that our DEAN achieved significant
performance in OCGCD scenarios. Through further experiments on the CUB200,
we provide a detailed analysis of the components proposed in our method.
Effectiveness of Components. We validate the effectiveness of adding each
component of our method to the baseline model. The baseline denotes fine-tuning
the backbone model with a data-split following settings in CGCD. As shown in
Table [2] results reveal that all components have an important impact on perfor-
mance. Employing LoRA to baseline shows significant improvement in M4, F.
This shows that our application of LoRA on the frozen model at incremental
session effectively mitigates forgetting. While LoRA shows only a slight increase
in My, additionally employing energy-guided discovery (EGD) and EC Loss
markedly improves M,,¢,,. This confirms that adopting energy guidance will en-
hance the ability of the model to differentiate between old and new categories.
Finally, the integration of VFA further boosts the model performance on M,,¢,,.
This improvement reveals the importance of accurate pseudo-labeling since VFA
is a technique applied after training. Each component is crucial, incrementally
building upon the last to solidify the model’s performance in our online category
discovery scenario.
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Hyperparameter Analysis of VFA. Variance-based Feature Augmentation
(VFA) is our proposed method of temporarily augmenting feature vectors to
acquire accurate pseudo-labeling. Our analysis evaluated the effect of hyperpa-
rameter K, the number of augmented feature vectors, on the accuracy of pseudo-
labels. From Table [3] we observed that employment of VFA is beneficial, increas-
ing novel category pseudo-label accuracy from 46.47% to 65.75%. Among VFA
employment, we observed that K = 5 yields the best performance across all met-
rics. When K is less than 5, the smaller K worsened performance. Conversely,
values of K greater than 5 did not benefit the model. We analyzed that since
VFA augments features based on variance, as the number of K increases, unseen
samples can be clustered together without being distinguished.
Pseudo-Labeling Accuracy. Accurate pseudo-labeling for clustering is impor-
tant because it directly influences the performance of the model in incremental
learning. Shown in Table[d] our proposed method, DEAN, significantly enhanced
the clustering accuracy of pseudo-labels, achieving a 13.12% improvement in
M ﬂls over the most recent method CGCD. Through the ablation study, we in-
vestigated the contributions of each step in DEAN. When DEAN adopts only
parameter-efficient tuning, excluding EC loss and VFA, we observed a notable
declination in MF9 . While each ablation step showed gradually accuracy en-
hancement, the application of VFA elevates the performance of DEAN above
CGCD. Thus, the experimental result revealed that VFA played a vital role in
distinguishing novel categories and confirming the effectiveness of our method.
Parameter Efficient Tuning. The ablation study in Table [5| assesses the
impact of parameter-efficient tuning (PET) methods on the CUB200 dataset.
Our method can employ various tuning methods such as Adapter [4] or Prefix-
tuning [27], and in this experiment, we compared modules with LoRA [17],
Adapter and Prefix-tuning. We set the size of all PET modules size to 5 and in-
tegrated them into the last 5 layers of ViT. Overall improvements are shown by
adopting PET over existing methods reported in Table[I} Among PET methods,
LoRA showed the highest clustering accuracy. The performance enhancement of
LoRA may stem from its fast adaptation, which is highly effective in online
continual learning scenarios that often depend on fewer samples for training.

5 Conclusion

In this paper, we introduced a novel scenario for category discovery, Online Con-
tinuous Generalized Category Discovery, which accounts for the dynamic nature
of real-world data streams, leading to severe forgetting and poor novel category
discovery. In addition, we proposed a novel framework, DEAN, which utilizes
energy-based novel category discovery for the first time in this field and intro-
duces variance-based feature augmentation to enhance accurate pseudo-labeling.
Our DEAN demonstrated promising performance in the proposed novel scenario.
However, DEAN could not guarantee inference performance midway through
training. In future work, we plan to explore an online continual framework that
can ensure inference performance during training through fast adaptation.
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