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Abstract

Generalized Category Discovery (GCD) aims to identify
a mix of known and novel categories within unlabeled data
sets, providing a more realistic setting for image recogni-
tion. Essentially, GCD needs to remember existing pat-
terns thoroughly to recognize novel categories. Recent
state-of-the-art method SimGCD transfers the knowledge
from known-class data to the learning of novel classes
through debiased learning. However, some patterns are
catastrophically forgot during adaptation and thus lead to
poor performance in novel categories classification. To ad-
dress this issue, we propose a novel learning approach, Le-
goGCD, which is seamlessly integrated into previous meth-
ods to enhance the discrimination of novel classes while
maintaining performance on previously encountered known
classes. Specifically, we design two types of techniques
termed as Local Entropy Regularization (LER) and Dual-
views Kullback–Leibler divergence constraint (DKL). The
LER optimizes the distribution of potential known class
samples in unlabeled data, thus ensuring the preservation of
knowledge related to known categories while learning novel
classes. Meanwhile, DKL introduces Kullback–Leibler di-
vergence to encourage the model to produce a similar pre-
diction distribution of two view samples from the same im-
age. In this way, it successfully avoids mismatched predic-
tion and generates more reliable potential known class sam-
ples simultaneously. Extensive experiments validate that the
proposed LegoGCD effectively addresses the known cate-
gory forgetting issue across all datasets, e.g., delivering
a 7.74% and 2.51% accuracy boost on known and novel
classes in CUB, respectively. Our code is available at:
https://github.com/Cliffia123/LegoGCD.

*Equal Contribution.
†Joint Corresponding Authors.
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Figure 1. Visualization of the accuracy results in unlabeled dataset
on CUB dataset [37] during training. (a) shows a decrease in the
accuracy of known (Old) classes (green) in the baseline as the ac-
curacy of novel (New) classes (orange) increases. (b) demonstrates
that LegoGCD solves the catastrophic forgetting problem and sur-
passes the baseline by a significant margin of 7.74.

1. Introduction

Deep learning have achieved superior performance on com-
puter vision tasks [4, 11, 24, 25, 30, 34], particularly on
image classification [10, 12, 27, 28, 51]. However, con-
ventional methods work in a close-world setting, where
all training data comes with pre-defined classes. Con-
sequently, deploying these models in real-world scenar-
ios with potential novel classes becomes a considerable
challenge. Furthermore, these achievements rely heav-
ily on large-scale annotated dataset, which is not easily
accessible in realistic scenarios. To address these chal-
lenges, a new paradigm of Generalized Category Discov-
ery (GCD) [1, 7, 9, 23, 36, 39, 45, 46] has been proposed
and attracts increasing attention in recent years.

The goal of GCD is to train a classification model capa-
ble of recognizing both known and novel categories within
unlabeled data. To be clear, GCD distinguishes itself from
the Novel Class Discovery (NCD) [8], which relies on an
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unrealistic assumption that all unlabeled data exclusively
belongs to entirely new classes or patterns. In contrast,
GCD adopts a more pragmatic assumption, acknowledging
that unlabeled data encompasses a mixture of both known
and novel categories. Consequently, GCD is more realistic
compared to NCD, especially in real-world scenarios.

Since GCD is partially based on the learned patterns,
an intuitive idea is to classify the unlabeled data through
a clustering-based approach [36] i.e. k-means. However,
as the scale of datasets increases, the computational costs
for clustering in the original GCD grow exponentially. To
tackle this issue, Wen et al. introduce SimGCD [39], which
replaces the clustering approach with a classifier. Specifi-
cally, SimGCD trains the classifier using a pseudo-labeling
strategy, a technique that has demonstrated remarkable ef-
fectiveness in Semi-supervised Learning (SSL) [3, 45].
Nevertheless, the pseudo labels of novel samples tend to
be assigned as known classes due to the absence of guid-
ance for novel class samples. In response, Wen et al. fur-
ther propose to adopt class mean entropy to encourage the
model to focus on novel categories, consequently generat-
ing high-quality pseudo labels for classifier training. As a
result, SimGCD has achieved state-of-the-art performance
and established itself as a robust baseline solution in the
GCD setting.

However, SimGCD [39] still has a significant drawback.
It encourages the model to focus more on novel classes
by employing an entropy regularization, which unfortu-
nately comes at the cost of known class accuracy, result-
ing in a catastrophic forgetting problem in known cate-
gories. To illustrate this issue, we have tracked the clas-
sification accuracy of known and novel categories on un-
labeled data during each training epoch on CUB [37]. As
shown in Fig. 1a, the green curve represents the accuracy
of known (Old) classes, while the orange curve represents
the accuracy of novel (New) classes. Notably, we can eas-
ily observe this phenomenon, with the accuracy of novel
classes improving, the accuracy of known categories ini-
tially increases to approximately 74% after 20 epochs but
then drops to 64.44% in the end. We thus conclude that
SimGCD faces catastrophic forgetting in known categories
during training.

To address the above issue, we propose a novel Local
Entropy Regularization (LER) to preserve the knowledge
of known categories. In particular, we first identify poten-
tial known samples using a threshold on their logits pre-
diction like FixMatch [29]. Then, we employ the infor-
mation entropy function to encourage the predictions of
above selected known samples close to a uniform distribu-
tion, thereby maintaining the prediction stability of known
classes. Consequently, this LER prevents known samples
from being misclassified as novel classes and therefore pre-
serves the knowledge related to known categories during

learning novel categories.

It’s worth noting that the model may occasionally miss
potential known samples or select incorrect (novel) sam-
ples for LER. For example, when we have two augmen-
tation view samples, xi and x0

i, from the same image, and
xi has higher logits than the threshold while x0

i falls below
it. In such cases, we can’t be certain whether the original
image belongs to known classes, and this uncertainty may
impact the effectiveness of LER. We argue that the predic-
tions of the two view samples should be correctly aligned to
ensure the quality of the chosen known samples. Therefore,
we further propose a dual-view alignment scheme called
Dual-views Kullback–Leibler divergence constraint (DKL),
which employs Kullback–Leibler (KL) divergence to en-
courage the consistency of two views from the same image.

To summarize, we propose a novel approach named Le-
goGCD, which integrates SimGCD [39] with our proposed
LER and DKL to address the problem of catastrophic for-
getting. To validate the effectiveness of LegoGCD, we
conduct extensive experiments on eight datasets, includ-
ing generic datasets such as CIFAR10/100 [15], ImageNet-
1k [5], and fine-grained datasets CUB [37], Stanford Cars
[14], and FGVC-Aircraft [21]. Intuitively, we also visu-
alize the classification accuracy of known and novel cate-
gories on CUB [37]. These results are shown in Fig. 1b.
The green curve represents the accuracy of known (Old)
categories, while the orange curve indicates the accuracy
of novel (New) classes. Clearly, LegoGCD effectively pre-
vents the decline in known classes and achieves an accu-
racy of 72.18%, surpassing SimGCD by a margin of 7.74.
Clearly, the results indicate that LegoGCD solves the catas-
trophic forgetting problem of known categories effectively.
Moreover, our method can be easily placed onto SimGCD
like Lego, requiring only a few lines of code on the imple-
mentation without introducing any additional parameters or
altering the internal network structure of SimGCD.

In summary, our key contributions are as follows:

• We introduce a novel constraint named Local Entropy
Regularization (LER), which is designed to mitigate the
catastrophic forgetting problem of known classes by pre-
serving the knowledge of known categories during learn-
ing novel classes.

• We propose a Dual-views Kullback–Leibler divergence
constraint (DKL) that ensures the prediction distribu-
tion of one view approximates that of another, maintain-
ing consistency between dual views augmented from the
same image.

• The proposed LegoGCD is effective and can be simply
integrated from SimGCD without any extra parameter ad-
dition. Extensive results demonstrate our method exhibits
significant performance improvement on known classes,
e.g., a 7.74% increase in CUB [37].
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2. Related Work
2.1. Generalized Category Discovery
GCD was first formulated by Vaze et al. [36], presents
a unique challenge distinct from Semi-supervised Learn-
ing (SSL) [3, 17, 22, 32, 47]. While SSL assumes that un-
labeled data belongs to the same class set as the labeled
data, GCD tackles a more realistic scenario where the un-
labeled data may include classes not present in the labeled
set, which is the same setting in Novel Category Discovery
(NCD) [7–9, 13, 18, 19, 40, 41, 49]. Therefore, GCD can
be viewed as an extension of NCD, with the main differ-
ence being that GCD seeks to identify specific categories
within novel classes, while NCD focuses on grouping novel
classes into a single category. The original GCD approach
employs contrastive and SSL, which uses clustering dur-
ing inference and incurs significant computational costs. To
address this challenge, Wen et al. [39] introduce SimGCD
with a classifier to replace clustering, offering a robust base-
line for the GCD problem. However, it’s important to note
that SimGCD introduces a drawback, leading to a decrease
in the classification accuracy of known classes during the
intense learning of novel categories.

2.2. Entropy regularization
It is a widely used technique in image classification, es-
pecially in the context of cross-entropy, which aims to
align prediction distributions with the standard label dis-
tribution. However, in scenarios such as Semi-supervised
Learning (SSL) [3, 17, 22, 32, 47], where true labels are
unknown, pseudo labels take the place of actual labels in
standard cross-entropy. This form of entropy regulariza-
tion minimizes output differences between various views
of unlabeled data. Notably, Data Augmentations [43, 44]
have proven effective, contributing to substantial successes
in pseudo-supervised learning. For instance, in SimGCD
[39], an augmentation strategy generates two views of data,
establishing training targets in one view and enforcing pre-
diction consistency with the other view during unlabeled
data training. Another form of entropy, information en-
tropy, measures the amount of information within a set
of events. In SimGCD, information entropy is employed
to minimize class mean entropy, promoting more uniform
class predictions in each iteration to ensure the visibility of
novel classes. However, due to the absence of protection for
the knowledge of known classes, class mean entropy has led
to a degeneration in known categories.

3. Method
In this section, we first formulate the GCD task (Sec. 3.1)
and present the overview of the baseline SimGCD [39]
(Sec. 3.2). Then, we introduce how to mitigate the degra-
dation of SimGCD by the proposed LegoGCD. At last, we

describe the details of the proposed Local Entropy Regular-
ization (LER) and Dual-views Kullback-Leibler divergence
constraint (DKL) in Sec. 3.3 and Sec. 3.4, respectively.

3.1. Problem Formulation
Traditional image classification tasks are typically devel-
oped using a labeled dataset, denoted as Dl = {(xi, yi)}2
X ⇥Yl. This dataset contains only samples from known
classes, represented by Yl. In contrast, Generalized Cat-
egory Discovery (GCD) aims to recognize unlabeled data,
denoted as D

u = {(xi, yi)} 2 X ⇥Yu. This dataset com-
prises both known and novel class samples, where Yl is a
subset of Yu. The goal of GCD is to develop a model that
can identify both known and novel classes using the labels
from known categories (Yl) and unlabeled data (Du) with-
out access to class labels. It’s important to note that the
total number of categories is represented as K = |Yl [Yu|.
We assume prior knowledge of this total category count, as
done in previous works [7, 9, 48, 50].

3.2. Preliminaries
In this section, we introduce the fundamental structure of
SimGCD [39] baseline program as shown in Fig. 2. This
program primarily consists of two key components: Repre-
sentation learning and Parametric Classification.

3.2.1 Representation Learning

The representation learning process in our framework fol-
lows GCD [36] and SimGCD [39]. It employs a Vision
Transformer (ViT-B/16) [6] pretrained with DINO self-
supervision [4] on ImageNet [5] as the backbone. This
process includes supervised contrastive learning on labeled
data and unsupervised contrastive learning on all data, en-
compassing both labeled and unlabeled data.

Formally, given two views (random augmentations) xi

and x0
i of the same image in a mini-batch B, the unsuper-

vised contrastive loss is written as:

L
u
rep =

1

|B|

X

i2B

� log
exp

�
z>
i · z0

i/⌧u

�
Pi 6=n

i exp
�
z>
i · z0

n/⌧u

� , (1)

where zi = � (f (xi)) and z0
i = � (f (x0

i)), f is the feature
backbone, � is a multi-layer perceptron (MLP) projection
head, ⌧u is a unsupervised temperature.

The objective of the supervised contrastive loss is to en-
courage the model to bring samples with the same class la-
bel closer in the feature space, formally written as:

L
s
rep =

1

|Bl|

X

i2Bl

1

|Ni|

X

q2Ni

�log
exp

�
z>
i ·z

0
q/⌧c

�
Pi 6=n

i exp
�
z>
i ·z

0
n/⌧c

� , (2)

where Ni is the indices of images share the same label with
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Figure 2. Illustration of our proposed LegoGCD. LegoGCD is mainly composed of SimGCD and our proposed LER and DKL. (a)
Representation learning and Mean Entropy in SimGCD (Sec. 3.2). (b) Local Entropy Regularization (LER) (Sec. 3.3) for discovering
potential known samples in unlabeled data and preserving the knowledge of known classes. (c) Dual-views Kullback-Leibler divergence
(DKL) (Sec. 3.4) to ensure consistent predictions for two view samples.

xi in the mini-batch B. Finally, the total loss in representa-
tion learning is constructed as:

Lrep = (1� �)Lu
rep + �L

s
rep , (3)

where Bl is the labeled subset of B and � is a weight factor.

3.2.2 Parametric Classification

Different from the GCD [36] that uses k-means, SimGCD
[39] employs a more efficient classifier based on self-
distillation [2, 4]. Formally, the classifier is denoted as a
set of prototypes C = {c1, . . . , cK}, where K = |Yl [ Yu|.
During training, the soft label of each view xi is obtained
by applying softmax on cosine similarity between hidden
feature hi = f (xi) and prototypes C, scaled by 1/⌧s:

p(k)
i =

exp
⇣

1
⌧s

(hi/ khik2)
> (ck/ kckk2)

⌘

P
k0 exp

⇣
1
⌧s

(hi/ khik2)
> (ck0/ kck0k2)

⌘ , (4)

The soft pseudo label q0
i for view x0

i is similarly gener-
ated. Then, it employs a cross-entropy loss ` (q0

,p) =
�
P

k q
0(k) log p(k) to supervise the learning of prediction

with pseudo labels or ground-truth labels:

L
u
cls =

1

|B|

X

i2B

` (q0
i,pi) ,L

s
cls =

1

|B|

X

i2B

` (yi,pi) , (5)

where L
u
cls and L

s
cls are unsupervised and supervised clas-

sification losses for all and labeled data, respectively. To

regulate unsupervised learning, SimGCD adopts a class
mean entropy regulariser [2]: H(p) = �

P
k p

(k) log p(k),
where p is the mean prediction of each class in a batch
p = 1

2|B|
P

i2B (pi + p0
i). Then the classification objec-

tive is: Lcls = (1� �)(Lu
cls � "H(p)) + �L

s
cls. Finally, the

overall objective in baseline SimGCD is Lrep + Lcls.

3.3. Local Entropy Regularization

Motivation. Although the baseline SimGCD [39] has im-
proved accuracy and computational efficiency compared to
GCD [36], it faces catastrophic forgetting in known (Old)
classes during training, as shown in Fig. 1a. This is due
to SimGCD relying on class mean entropy, causing a shift
in focus to novel classes and resulting in information loss
in known classes. We argue that retaining knowledge of
known classes should be prioritized. Fig. 3a displays po-
tential known class samples in each epoch on the FGVC-
Aircraft [21] dataset. Evidently, LegoGCD recognizes
nearly 10 more potential known samples than SimGCD in
the end. Fig. 3b illustrates the maximum number of poten-
tial known samples in various datasets, confirming that Le-
goGCD with LER excels at preserving the recognition abil-
ity of known categories. Concretely, we propose a Local
Entropy Regularization (LER) to preserve the knowledge
of known categories, solving the problem of catastrophic
forgetting. In contrast to the class mean entropy, which pri-
marily shifts the network’s focus to novel classes, we argue
that the network should also maintain its ability to recognize
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(a) FGVC-Aircraft [21] (b) Maximum numbers

Figure 3. Comparison of potential known samples in SimGCD
[39] and LegoGCD. (a) LegoGCD recognizes almost 10 more
high-confidence samples than SimGCD in the end on the FGVC-
Aircraft dataset. (b) LegoGCD with LER produces more high-
confidence known samples in various generic and fine-grained
datasets compared to SimGCD without LER.

known samples as it did before. Specifically, we choose
known samples based on a confidence threshold � in unla-
beled data and utilize entropy regularization to ensure the
stability of these known classes associated with the selected
known samples.

The training dataset, denoted as D={(xi, yi)}2X⇥Y ,
comprises both labeled and unlabeled samples represented
as xi within a batch B. To distinguish between labeled and
unlabeled samples in a batch, we utilize a binary mask vec-
tor M = [m1,m2, . . . ,mi] ✓ {0, 1}, where each mi can
be either 0 (indicating an unlabeled sample) or 1 (indicating
a labeled sample). Consequently, the unlabeled samples in
a batch are obtained by applying this mask M = 0.

Next, let pi =
⇥
p
1
i , p

2
i , . . . , p

k
i

⇤
as the prediction vec-

tor for sample xi, where K represents the total number of
categories. We use S = [s1, s2, . . . , si] ✓ {0, 1} as a bi-
nary vector to denote the high-confidence sample. When
si = 1, it indicates that xi is a potential high-confidence
sample. This can be expressed as follows:

si = (max (pi) � �) , (6)

where � represents the confidence threshold. Then, we let
Y = [y1, y2, . . . , yi] 2 {1, 2, . . . ,K} denotes the potential
class label corresponding to xi. yi is determined by the
index of the maximum value in pi:

yi = argmax
j

(pi)j , i = 1, 2, . . . , b (7)

where b denotes the number of batch sizes. We also in-
troduce O = [o1, o2, . . . , oi] ✓ {0, 1} as a binary vector,
and oi = 1 signifying potential known samples with high-
confidence in unlabeled data. This calculation can be per-
formed as follows:

oi = (mi = 0)| {z }
Unlabeled

· (si = 1)| {z }
High-confidence

· (yi 2 Yl)| {z }
Known

, (8)

where Yl represents the known class set. Next, we use in-
formation entropy to assess the stability of the known cate-
gories during training, which is expressed as follows:

Lentropy = �
1

B

BX

i=1

(oi = 1) ·H

✓
1

⌧o
p(xi)

◆
, (9)

where ⌧o is a temperature, H is an entropy resulariser [2]
used in Sec. 3.2.2. Additionally, to further enhance the mar-
gins between the categories, we replace the vanilla informa-
tion loss with a Margin-aware Pattern (MAP) [38, 42], and
the final LER loss can be formulated as:

LLER=�
1

B

BX

i=1

(oi=1)·H

✓
1

⌧o
p(xi),

1

⌧o
p(xi)��j

◆
, (10)

where �j = �ler log
⇣

1
p̃j

⌘
, j 2 {1, . . . ,K}, �ler = 0.4,

and p̃j is the average model prediction updated at each iter-
ation through an exponential moving average.

The total process is divided into three steps: 1) Applying
the label mask M to select samples from unlabeled data;
2) Using the threshold � to select high-confidence sam-
ples from all training data; 3) Identifying high-confidence
known samples from all training samples. Furthermore, we
provide an intuitive representation of the entire process in
the top-right corner of Fig. 2.

Fig. 3b compares the quantity of high-confidence known
samples across various datasets. Clearly, the numbers in-
crease with the introduction of LER, proving our method
with LER retains more knowledge about known classes.

3.4. Dual-views Kullback-Leibler divergence
It’s crucial to note that the model might mistakenly iden-
tify incorrect samples as known ones when considering two
views of the same image for LER. For instance, if xi and
x0
i are misaligned, and xi exceeds the confidence threshold

� while x0
i falls below it, uncertainty arises about whether

the image of the two views is a potential known one. Thus,
we might erroneously select xi or miss x0

i for LER. In other
words, we can confidently select both xi and x0

i as known
samples only when both xi and x0

i exceed the threshold �.
In general, an ideal approach is to push the alignment

of two view samples xi and x0
i and both belong to the

known or novel sample set. To achieve this, we pro-
pose a dual-view alignment technique named Dual-views
Kullback-Leibler divergence constraint (DKL).

Formally, given wo cosine similarity pi and p0
i from

Sec. 3.2.2 of two view samples xi and x0
i in a mini-batch

B, the DKL can be formulated as:

DKL(pikp
0
i) =

1

B/2

B/2X

i=1

p (xi) · log
p (xi)

p (x0
i)
. (11)
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In summary, DKL aligns the predictions of two view
samples, enhancing the creation of more reliable potential
known samples for LER. Finally, the ultimate classification
loss can be updated as:

Lcls = (1��)(Lu
cls�"H(p)+DKL(pikp

0
i))+�L

s
cls. (12)

where � is a weight factor to control the balance between
supervised and unsupervised classification learning.

By simply integrating the Local Entropy Regularization
(LER) and Dual-views Kullback-Leibler divergence con-
straint (DKL) into SimGCD, we propose a new paragram
named LegoGCD. The overall loss for training our model
can be formulated as:

L = ↵ · (Lrep + Lcls) + � · LLER, (13)

where � is a control factor to assign the weight to remem-
ber known classes. Aligning with SimGCD, we set ↵ to 1
and simultaneously adjust � (see Tab. 7). Notably, the DKL
is plugged into classification loss Lcls. Algorithm 1 in ap-
pendix describes one training step of LegoGCD.

4. Experiment
4.1. Experimental Setup
Dataset. We evaluate the effectiveness of our approach
on eight datasets, consistent with SimGCD [39]. These
datasets encompass generic image recognition datasets like
CIFAR10/100 [15] and ImageNet-100 [33], as well as Se-
mantic Shit [35] datasets, including CUB [37], Stanford
Cars [14], and FGVC-Aircraft [21]. Additionally, we in-
clude two more challenging datasets: Herbarium 19 [31]
and ImageNet-1k [26]. For each dataset, we follow the
GCD [36] and SimGCD [39] protocols by sub-sampling
50% of known class images to form the labeled set D

l

within the training set. The remaining images from known
and novel classes constitute the unlabeled data D

u. Tab. 1
provides details of the datasets used in our experiments.

Evaluation protocol. During training, we use dataset
D combined by D

l and D
u to train the models. For evalu-

ation, we use clustering accuracy (ACC) [36, 39] to eval-
uate the model performance. Specifically, ACC is com-
puted as follows: given the ground-truth label y⇤ and the
model’s prediction ŷi, ACC = 1

M

PM
i=1 (y⇤i = p (ŷi)),

where M = |D
u
|, and p is determined using the Hungarian

optimal assignment algorithm [16].
Implementation details. Following [36, 39], we con-

duct our experiments using ViT-B/16 backbone [6], which
was pre-trained with DINO [4], and only fine-tune the last
attention block of the backbone for all models. We use the
[CLS] token output as the image feature and input for clas-
sifier training in SimGCD. Our training regimen includes
an initial learning rate of 0.1, decay using a cosine sched-
ule. For a fair comparison, we use a batch size of 128 and

Table 1. Overview of the datasets used in our experiments. We list
the specific number of labeled and unlabeled images (Dl, Du) and
their corresponding class assignments (Old and New).

Labeled D
l Unlabeled D

u

Dataset Balance Images Old Images New
CIFAR10 [15] 3 12.5k 5 37.5k 10

CIFAR100 [15] 3 20.0k 80 30.0k 100
ImageNet-100 [33] 3 31.9k 50 95.3k 100

CUB [37] 3 1.5k 100 4.5k 200
Stanford Cars [14] 3 2.0k 98 6.1k 196

FGVC-Aircraft [21] 3 1.7k 50 5.0k 100
Herbarium 19 [31] 7 8.9k 341 25.4k 683
ImageNet-1K [26] 3 321k 500 960k 1000

train the models for 200 epochs, setting � = 0.35 in the
loss function (see Eq. (5)). Temperature values ⌧u = 0.07
and ⌧c = 1.0 are employed in representation learning. As
for training the classifier in SimGCD, we follow the same
settings, including ⌧s = 0.1 and initial ⌧t = 0.07 which is
warmed up to 0.04 with a cosine schedule within the first
30 epochs. In LegoGCD, we set ⌧o = 0.05 (see Eq. (9)).
All experiments are conducted using PyTorch and trained
on Nvidia Tesla V100 GPUs.

4.2. Comparison with the baselines
We compare our approach with Generalized Category Dis-
covery methods like k-means [20], ORCA[19], GCD [36],
SimGCD [39], and strong baselines derived from Novel
Category Discovery, including RS+ [9] and UNO+[7]. For
a fair comparison, we reproduce SimGCD (denoted as
SimGCD⇤) using the same random seed (i.e. seed=0) as
our method. Tab. 2 shows results on SSB datasets [35]
and Herbarium 19 [31], Tab. 3 and Tab. 4 present results
on generic recognition datasets, including the challenging
ImageNet-1k [26].

Overall, our method effectively mitigates catastrophic
forgetting and achieves superior performance compared to
the GCD and SimGCD baseline, particularly in recognizing
“Old” categories. Specifically, it outperforms the baseline
by 3.5%/2.1% on CIFAR100 and ImageNet-100 and shows
significant improvements in fine-grained evaluations with
5.4% in CUB and 5.1% in Stanford Cars. Additionally,
it surpasses the baseline by 0.4%/0.5% on the challenging
datasets ImageNet-1k and Herbarium 19. In addressing the
forgetting problem, our approach also competes well with
SimGCD on “New” classes, achieving 3.4% in Stanford
Cars, 1.0% in CIFAR100, and 3.5% in ImageNet-100.

4.3. Ablation Study
In this section, we conduct ablation studies to validate the
effectiveness of LER and DKL in LegoGCD. The datasets
considered include fine-grained datasets like CUB and Stan-
ford Cars, as well as generic image recognition datasets CI-
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Table 2. Classification results on Semantic Shift Benchmark [35] datasets and Herbarium 19 [31]. Bold represent our results, � indicates
the margin ahead of the baseline SimGCD, and red signifies improvement in known categories.

CUB Stanford Cars FGVC-Aircraft Herbarium 19

Method All Old New All Old New All Old New All Old New
k-means[20] 34.3 38.9 32.1 12.8 10.6 13.8 16.0 14.4 16.8 13.0 12.2 13.4

RS+[9] 33.3 51.6 24.2 28.3 61.8 12.1 26.9 36.4 22.2 27.9 55.8 12.8
UNO+[7] 35.1 49.0 28.1 35.5 70.5 18.6 40.3 56.4 32.2 28.3 53.7 14.7

ORCA[19] 35.3 45.6 30.2 23.5 50.1 10.7 22.0 31.8 17.1 20.9 30.9 15.5
GCD [36] 51.3 56.6 48.7 39.0 57.6 29.9 45.0 41.1 46.9 35.4 51.0 27.0

SimGCD [39] 60.3 65.6 57.7 53.8 71.9 45.0 54.2 59.1 51.8 44.0 58.0 36.4
SimGCD⇤ [39] 61.9 66.5 59.6 53.4 70.6 45.0 54.6 61.4 51.1 44.9 56.9 38.4

Ours 63.8 71.9 59.8 57.3 75.7 48.4 55.0 61.5 51.7 45.1 57.4 38.4
� 1.9 5.4 0.2 3.9 5.1 3.4 0.4 0.1 0.6 0.2 0.5 0.0

Figure 4. Step by step, we integrate LER and DKL into the baseline SimGCD [39]. Initially, the addition of LER increases accuracy in the
“Old” category while decreasing accuracy in the “New” category. Subsequently, the introduction of a Margin-aware Pattern (MAP) widens
margins between novel categories, ultimately achieving the best performance when embedding with DKL.

Table 3. Classification results on the generic image recognition
datasets, CIFAR10 [15] and CIFAR100 [15].

CIFAR10 CIFAR100

Method All Old New All Old New
k-means[20] 83.6 85.7 82.5 52.0 52.2 50.8

RS+[9] 46.8 19.2 60.5 58.2 77.6 19.3
UNO+[7] 68.6 98.3 53.8 69.5 80.6 47.2

ORCA[19] 81.8 86.2 79.6 69.0 77.4 52.0
GCD [36] 91.5 97.9 88.2 73.0 76.2 66.5

SimGCD [39] 97.1 95.1 98.1 80.1 81.2 77.8
SimGCD⇤ [39] 96.9 93.8 98.5 79.0 77.9 81.5

Ours 97.1 94.3 98.5 81.8 81.4 82.5
� 0.2 0.5 0.0 2.8 3.5 1.0

FAR100 and ImageNet-100.
Local Entropy Regularization (LER). We conduct ab-

lation studies on LER as shown in Fig. 4. Firstly, the
SimGCD baseline with LER (without Margin-aware Pat-
tern, MAP) notably enhances “Old” Categories (see green
curves). However, using raw LER alone may impact ac-
curacy in “New” classes (see orange curves). This is be-

Table 4. Classification results on the generic image recognition
ImageNet-100 [33] and the challenging ImageNet-1k [26].

ImageNet-100 ImageNet-1k

Method All Old New All Old New
k-means[20] 72.7 75.5 71.3 - - -

RS+[9] 37.1 61.6 24.8 - - -
UNO+[7] 70.3 95.0 57.9 - - -

ORCA[19] 73.5 92.6 63.9 - - -
GCD [36] 74.1 89.8 66.3 52.5 72.5 42.2

SimGCD [39] 83.0 93.1 77.9 57.1 77.3 46.9
SimGCD⇤ [39] 83.3 92.4 78.6 62.3 79.1 53.8

Ours 86.3 94.5 82.1 62.4 79.5 53.8
� 3.0 2.1 3.5 0.1 0.4 0.0

cause it primarily encourages the network to remember
known classes, consequently influencing the learning of
novel ones. To mitigate this, we incorporate MAP (see
Eq. (10)) to encourage the network to simultaneously en-
hance the margins of all classes, particularly novel classes.
Finally, the inclusion of MAP in LER leads to improve-
ments in both the “Old” and “New” categories.

16886



Table 5. Ablation study on different combinations of our algo-
rithms on CUB. Bold indicates the best results.

CUB
SimGCD LER MAP DKL All Old " New

3 61.9 66.5 59.6
3 3 62.5 67.3 60.2
3 3 63.4 71.0 59.6
3 3 3 63.7 72.0 58.5
3 3 3 3 63.8 71.9 59.8

Table 6. Ablation study on ↵ and � was conducted on CUB and
CIFAR100. Bold indicates the best results. The underline denotes
the selected �.

CUB CIFAR100

↵ � All Old " New All Old " New
0.0 61.9 66.5 59.6 79.0 77.9 81.5
0.5 63.0 69.5 59.7 80.8 80.4 81.5
1.0 63.6 69.7 60.6 81.8 81.4 82.5
1.5 63.4 71.2 59.8 81.4 81.7 80.81.0
2.0 63.8 71.9 59.8 81.7 82.1 80.9

Dual-views Kullback-Leibler divergence (DKL).
DKL is designed to improve the quality of known samples
for LER by aligning the predictions of two views from
the same image. The results in Tab. 5 indicate that incor-
porating DKL into raw SimGCD led to improvements in
both “Old” and “New” category accuracies by 1.8% and
0.6%, respectively (67.3% vs. 66.5%, 60.2% vs. 59.6%).
This success proves beneficial for self-distillation learning
in SimGCD. Additionally, from Fig. 4 and Tab. 5, we
can see that our method becomes more effective with
DKL, particularly in “Old” classes, while maintaining
performance on “New” classes.

Different ↵ and �. The coefficient � is crucial for bal-
ancing knowledge preservation of known classes and facil-
itating effective learning of novel classes. As depicted in
Tab. 6 with ↵ = 1.0 aligned to SimGCD, accuracy on “Old”
categories consistently surpasses SimGCD (� = 0.0) across
different � values. Optimal equilibrium is achieved with
� = 2.0 in CUB and � = 1.0 in CIFAR100.

Different confidence threshold �. We compare accu-
racy with different � in Tab. 7. Results show varying re-
sponses across datasets. In Stanford Cars, “Old” accuracy
initially increases, then slightly decreases, while “New” ac-
curacy decreases but remains above SimGCD at 45.5%. In
contrast, in CIFAR100, “Old” accuracy decreases but con-
sistently surpasses SimGCD at 77.9%. Our goal is to prior-
itize high “Old” accuracy and ensure “New” equals or ex-
ceeds SimGCD. Therefore, we choose � = 0.85 for both
Stanford Cars and CIFAR100.

Table 7. Ablation study on confidence threshold � was conducted
on Stanford Cars and CIFAR100. Bold indicates the best results.
The underline denotes the selected threshold.

Stanford Cars CIFAR100

� All Old " New All Old # New
0.70 55.3 66.8 49.8 80.3 83.3 74.3
0.75 55.8 72.3 47.9 80.9 83.3 76.3
0.80 56.5 73.0 48.5 81.3 82.7 78.5
0.85 57.3 75.7 48.4 81.8 81.4 82.5
0.90 56.4 75.3 47.3 79.0 80.5 76.0

5. Conclusion
In this paper, we propose LegoGCD, a novel approach to
mitigate the issue of catastrophic forgetting in known cat-
egories. The core of our design is to preserve knowledge
of known classes while maintaining the accuracy of novel
classes. To achieve this, we develop two techniques: Local
Entropy Regularization (LER) and Dual-views Kullback-
Leibler divergence constraint (DKL). LER explicitly reg-
ularizes high-confidence potential known class samples to
retain the knowledge of known categories. To ensure the
accurate selection of these samples, we employ DKL to
align the distribution of two view samples for LER. Both
LER and DKL can be seamlessly integrated into baseline
SimGCD resembling Lego blocks, without introducing new
parameters or altering the internal network structure. Exten-
sive experiments demonstrate that LegoGCD significantly
enhances performance in known classes, effectively ad-
dressing the catastrophic forgetting problem.
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