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Abstract

One important desideratum of lifelong learning aims to dis-
cover novel classes from unlabelled data in a continuous man-
ner. The central challenge is twofold: discovering and learn-
ing novel classes while mitigating the issue of catastrophic
forgetting of established knowledge. To this end, we intro-
duce a new paradigm called Adaptive Discovering and Merg-
ing (ADM) to discover novel categories adaptively in the in-
cremental stage and integrate novel knowledge into the model
without affecting the original knowledge. To discover novel
classes adaptively, we decouple representation learning and
novel class discovery, and use Triple Comparison (TC) and
Probability Regularization (PR) to constrain the probability
discrepancy and diversity for adaptive category assignment.
To merge the learned novel knowledge adaptively, we pro-
pose a hybrid structure with base and novel branches named
Adaptive Model Merging (AMM), which reduces the inter-
ference of the novel branch on the old classes to preserve the
previous knowledge, and merges the novel branch to the base
model without performance loss and parameter growth. Ex-
tensive experiments on several datasets show that ADM sig-
nificantly outperforms existing class-incremental Novel Class
Discovery (class-iNCD) approaches. Moreover, our AMM
also benefits the class-incremental Learning (class-IL) task
by alleviating the catastrophic forgetting problem. The source
code is included in the supplementary materials.

Introduction
A long-standing goal of machine learning is to build Artifi-
cial Intelligence (AI) systems that can mimic human-level
performance in an open and online manner. Neural net-
works, originally inspired by human brain structures, should
also be flexible enough to incrementally absorb novel con-
cepts (or classes) after acquiring previous knowledge. To
evaluate the ability of novel class discovery and memory
in the open world, several tasks (Han et al. 2020; Han,
Vedaldi, and Zisserman 2019; Zhong et al. 2021a,b; Fini
et al. 2021; Roy et al. 2022) are proposed to continu-
ously identify new classes while leveraging some previously
learned knowledge. Among these task settings, the class-
incremental Novel Class Discovery (class-iNCD) (Roy et al.
2022) aims at discovering novel concepts sequentially in a
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Figure 1: Illustration of incremental novel class discovery
with an elastic learner. The novel model adaptively discov-
ers novel classes from the unlabeled data of the current task
based on the previous base model. The novel learner should
not only affect the knowledge of the base model but also in-
tegrate with the base model.

continuous manner. Compared with other settings, models
in class-iNCD can not access data in previously seen cate-
gories, while still having to perform well across all classes.

This paper focuses on developing efficient neural net-
work models for the class-iNCD task. To achieve continuous
learning without revisiting past knowledge, two significant
challenges emerge as paramount. The first pertains to the
discovery of new categories from unlabeled data, requiring
the model to discern and learn novel patterns without ex-
plicit annotations. The second challenge is the notorious is-
sue of catastrophic forgetting. As the model learns new con-
cepts, it risks overwriting or diminishing prior knowledge.

To discover new categories and learn from unlabeled
data, most existing methods (Han et al. 2020; Zhong et al.
2021a,b; Jia et al. 2021; Fini et al. 2021) rely on pseudo-
labels for both data annotation and model supervision. How-
ever, the quality of the pseudo-label greatly affects the per-
formance of novel category discovery. To address this issue,
we propose to separate representation learning and category
discovery in the incremental novel category discovery stage.
Specifically, the model learns representations directly from
unlabeled data through contrastive learning, while the clas-
sifiers are optimized independently with adaptive category
discovery. To further enhance the quality of pseudo-label
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generation and cultivate a robust classifier, we introduce a
Triplet Comparison (TC) technique to minimize intra-class
distance and maximize inter-class distance. Additionally, a
Probability Regularization (PR) technique is also developed
to prevent the model from becoming trapped in a local op-
timal solution specific to a single class. By constraining the
contrast and diversity of probability space, the learner could
achieve self-adaptive novel category discovery from unla-
beled data.

The class-iNCD also faces the well-known catastrophic
forgetting problem (McCloskey and Cohen 1989). Several
architectural approaches (Rusu et al. 2016; Liu, Schiele, and
Sun 2021; Yan, Xie, and He 2021) address this problem by
adding multiple new network components for novel data, but
increase the model parameters and computations with each
sequential task. Alternatively, a basic method of Incremen-
tal Model Merging (IMM) without parameter growth can be
built based on model re-parameterization (Zagoruyko and
Komodakis 2017; Ding et al. 2019; Cao et al. 2020; Guo,
Alvarez, and Salzmann 2020; Ding et al. 2021). Specifically,
a typical IMM method consists of a base branch and a novel
branch, where the novel branch could be merged into the
base model according to the additivity of convolution. How-
ever, IMM may disturb the base model as the novel branch is
learned directly from the novel data. To reduce interference
with the base model, we propose an Adaptive Feature Fu-
sion (AFF) mechanism, which leverages the incompatibility
of feature magnitude between old and new input of a net-
work branch (Dhamija, Günther, and Boult 2018; Chen et al.
2020a, 2021). Specifically, AFF uses a gated dynamic unit
to maintain the important information of the feature from
the base branch. In this way, the novel branch trained by
AFF has a low magnitude on the old classes, and brings lit-
tle influence to the base branch. Since AFF is performed on
the fusion of features of the base branch and novel branch
rather than their model parameters, we further improve the
AFF to Adaptive Model Merging (AMM), where we alterna-
tively approximate the dynamic gating information through
the weight information of BN in the base branch to merge
the novel branch to the base model.

Capitalizing on both adaptive novel discovery and AMM,
our solution forms a new paradigm called Adaptive Discov-
ering and Merging (ADM). As shown in Fig. 1, ADM could
discover novel categories adaptively in the incremental stage
and integrate novel knowledge into the model without affect-
ing the original knowledge, thereby yielding a marked en-
hancement in the model’s efficacy. To summarize, the main
contributions of our paper are as follows: (1) We decouple
representation learning and adaptive discovery, and propose
TC and PR mechanisms for adaptive novel category assign-
ment by constraining the probability difference and diver-
sity. (2) We propose two novel AFF and AMM methods to
effectively handle the catastrophic forgetting problem, es-
pecially the latter, which can make the novel branch merge-
able without additional model parameters through sequential
learning tasks. (3) Extensive experimental results show that
our method not only achieves state-of-the-art performance
on several class-iNCD datasets but also has a positive im-
pact on the class-IL task.

Related Works
Novel Class Discovery Novel Class Discovery (NCD)
deals with the task of learning to discover novel classes in
an unlabelled dataset by utilizing the knowledge acquired
from another labeled base dataset (Han, Vedaldi, and Zis-
serman 2019). It is assumed that the classes in the labeled
and unlabelled sets are disjoint. Several NCD methods use
a stage-wise training scheme where the model is pre-trained
on the labeled base dataset, followed by fine-tuning on the
unlabelled data using an unsupervised clustering loss (Hsu,
Lv, and Kira 2018; Hsu et al. 2019; Han, Vedaldi, and Zis-
serman 2019; Liu and Tuytelaars 2022). Barring (Liu and
Tuytelaars 2022), none of the above methods consider tack-
ling the forgetting issue, and as a result, the model loses
the ability to classify the base classes. The second category
comprises NCD methods that assume both the labeled and
unlabelled data are available simultaneously, which are then
trained jointly (Han et al. 2020; Zhong et al. 2021a,b; Jia
et al. 2021; Fini et al. 2021). However, access to seen classes
limits the practical applicability of NCD methods. Class-
incremental novel class discovers (class-iNCD) (Roy et al.
2022) is proposed to preserve the ability of the model to
recognize previously seen base categories. Compared with
class-incremental learning, the novel data of class-iNCD at
every stage are not provided with any supervised labels.

Incremental Learning with Multi-branch Model Incre-
mental Learning (IL) is a learning paradigm where a model
is trained on a sequence of tasks such that data from only
the current task is available for training, while the model
is evaluated on all the observed tasks. To prevent catas-
trophic forgetting (McCloskey and Cohen 1989; Goodfel-
low et al. 2014), existing class-IL approaches with multi-
branch models could be categorized into knowledge dis-
tillation and architectural methods. Knowledge distillation
methods (Jung et al. 2016; Li and Hoiem 2017; Kang, Park,
and Han 2022; Wang et al. 2022) achieve better general-
ization performance by transferring knowledge from a base
model to a novel network through matching logits, activa-
tions, attention, and so on. Most architectural methods (Rusu
et al. 2016; Liu, Schiele, and Sun 2021; Yan, Xie, and He
2021) adjust network capacity dynamically to handle a se-
quence of incoming tasks. Some methods even dedicate dif-
ferent model parameters for different incremental phases,
to prevent model forgetting (caused by parameter overwrit-
ten). However, these approaches require creating and stor-
ing additional network components and performing multiple
forward-pass computations for inference, which incur ex-
tra computational costs. Different from these architectural
methods, our approach does not continuously increase the
network size and even could achieve non-destructive incre-
mental fusion, so as to be used as a plug-and-play unit with-
out extra inference computational costs.

Proposed Approach
Problem Setting Here, we follow the setting of class-
incremental Novel Class Discovery (class-iNCD) (Roy et al.
2022), where the lifelong learner not only distinguishes the
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Figure 2: Illustration of incremental novel class discovery with adaptive discovering and merging. (a) For incremental novel
class discovery, representation learning and feature-based adaptive novel class discovery are decoupled. Knowledge distillation
is applied for representation learning to mitigate catastrophic forgetting, and self-supervised contrastive learning is employed
to learn new categories. For adaptive novel discovery, the base head is trained with replayed base prototypes. For the category
assignment of new classes, triplet comparison enhances the probability differentiation and probability regularization promotes
the diversity to avoid overfitting of categories within a single class. Finally, pseudo labels are generated by the maximum
probability. (b) Sketch of adaptive model merging. Each Conv+BN unit is decomposed into the base and novel branch, which
could be merged based on the additivity of convolution.

novel classes but also preserves the performance on the pre-
viously seen classes, without having access to or storing
data from the previous tasks. In the class-iNCD, a initial
supervised task contains nl instances of a labelled dataset
D0 = {(xl

i, y
l
i)}ni=1, where xl ∈ X l represents the input

data and yl ∈ Y l as corresponding labels. The following task
t only have the unlabelled dataset Du

t = {(xu
i )}ni=1, where

xu ∈ X u are the unlabelled new data containing cu classes.
Here, it is assumed that the labels in Y l and Yu are disjoint,
i.e, Y l ∩ Yu = ∅. The class-iNCD focuses on clustering the
data in Du

t by just leveraging the learned information con-
tained in the single model, while still behaving well on the
previous tasks. For the evaluation of the class-iNCD, a joint
(task-agnostic) head is adopted to distinguish the old and
new classes by directly comparing the predictions with these
re-assigned ground-truth labels. Here, HA (Kuhn 1955) is
used to re-assign ground-truth IDs based on the predictions
and ground-truth labels for the new classes only.

Overview of ADM The key challenge to solving class-
iNCD is to learn unseen classes from unlabeled data and
keep the distinguish for the seen classes. To circumvent this
problem, we propose ADM, a novel paradigm that adap-
tively discovers and integrates new categories in the incre-
mental stage without forgetting the original knowledge. As
shown in Fig. 2, ADM consists of two stages: incremen-
tal novel class discovery and incremental model merging.
The former adaptively discovers novel classes by constrain-
ing the probability differences and diversity, and the latter

merges the novel branch to the base model without perfor-
mance loss and parameter growth. In the following sections,
we describe the adaptive process of incremental novel class
discovery and the network architectures for non-destructive
incremental merging.

Incremental Novel Class Discovery
Representation Learning Objectives Unlike most novel
class discovery settings (Hsu, Lv, and Kira 2018; Hsu et al.
2019; Han, Vedaldi, and Zisserman 2019; Liu and Tuytelaars
2022), class-iNCD does not have any labeled data and only
provides unlabeled data of new classes. Therefore, our repre-
sentation learning adopts self-supervised contrastive learn-
ing (Chen et al. 2020b) on all samples.
• Novel Representation Learning. Formally, given two
views (random augmentations) {xu

i , x̂
u
i } of the same image

in a mini-batch B, the self-supervised contrastive loss is de-
fined as:

Lr
c = − 1

|B|
∑
i∈B

log
exp

(
z⊤
i ẑi/τu

)∑
j ̸=i exp

(
z⊤
i ẑj/τu

) (1)

where the feature zi = g (fn (xi)) and is ℓ2-normalised,
fn, g denote the backbone of novel model and the projection
head, and τu is a temperature value.
• Base Representation Learning. To further mitigate forget-
ting on the base classes from representation learning, we fol-
low the FRoST (Roy et al. 2022) by using knowledge distil-
lation (Hinton, Vinyals, and Dean 2015; Li and Hoiem 2017;
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Roy et al. 2022) on the novel model to ensure the feature en-
coding for the old task does not drift too far while learning
on the new task, which is formalized as:

Lr
KD = −Ep(xu)

∣∣∣∣∣∣fb(xu)− fn(x
u)
∣∣∣∣∣∣
2
, (2)

where fb is the base feature extractor from the previous task
and is kept frozen. The overall objective for representation
learning is given as: Lr = Lr

KD + Lr
c .

Adaptive Discovery Objectives Besides learning generic
feature representations to facilitate the discovery of novel
categories, another key challenge is to generate pseudo clus-
ters/labels for unlabelled data to guide the learning of a clas-
sifier. Moreover, at any time during the training sessions, a
single classification head is maintained for all the classes
seen for the class-iNCD. Thus, in the novel class discovery
phase, the classifier extends a novel head based on the base
head to form a joint classifier.
• Novel Classification. To learn novel classification, pseudo-
labels are computed from novel probabilities pu to train the
joint classifier H. Specifically, we employ the Logit output
Pu of novel head Hn to compute the pseudo-label ŷu for
an unlabelled data xu. The ŷu is then used to supervise the
training of H. The self-training for novel classification is
formalized as:

Lself = −E(xu,ŷu)
1

|CA|

|CA|∑
k=1

ŷu
k log σk(H(fn(x

u))), (3)

where CA in Eq.3 represents the total number of categories
that are configured and ŷu = Cbase+argmaxHn(fn(x

u))
k∈Cnovel

.

This part of the objective generates pseudo-labels for the un-
labeled data to guide the training of the joint classifier.
• Triplet Comparison. However, pseudo-labels generated by
unconstrained probabilities are inaccurate. Therefore, a sim-
ilarity prediction function parameterized by a linear novel
classifier should be learned such that instances from differ-
ent classes are grouped into multisets. To achieve this, we
reformulate the cluster learning problem as a triplet simi-
larity prediction task. Specifically, to obtain the triplet in-
stances for the unlabeled set, we compute the cosine dis-
tance between all pairs of feature representations f(xi) in
a mini-batch. We then rank the computed distances and for
each instance generate the triplet instances for its most simi-
lar and dissimilar neighbors, to generate pseudo-labels from
the most confident positive pair {Pu

a ,Pu
p } and negative pairs

{Pu
a ,Pu

n} for each instance within the mini-batch. The ob-
jective for triplet comparison is designed as a refined version
of the traditional mean absolute error loss, combining two
modifications for greater effectiveness:

Ltriplet =
1

CA

∑
(σ(Pu

a )−σ(Pu
p ))

2− 1

CA

∑
(σ(Pu

a )−σ(Pu
n))

2.

(4)
Here, σ denotes the softmax function which assigns in-
stances to one of the novel classes, and m is a nonnegative
margin representing the minimum difference between the
positive and negative distances and set as 1.0. By control-
ling the intra-class and inter-class variance of novel classes,

the triplet comparison improves the quality of the pseudo-
labels.
• Probabilities Regularization. In the early stages of the
training, the network could degenerate to a trivial solution
in which all instances are assigned to a single class. To pre-
vent this solution, we introduce a regularization term for the
probabilities by applying a maximum entropy regularization
that regularizes the mean of all probabilities of novel classes:

Lr = − 1

|B|
∑

xi∈Du
t

σ(Hn(fn(xi))) log(
1

|B|
∑

xi∈Du
t

σ(Hn(fn(xi))).

(5)
Here, maximum entropy regularization for the mean of all
probabilities of novel classes encourages diversity to avoid
the overfitting of categories within a single class.
• Base Classification. To further mitigate forgetting on the
base classes for the classifier, we follow the FRoST (Roy
et al. 2022) by using generative feature-replay drawn from
a Gaussian distribution of base feature prototypes pc is used
to preserve the performance of old classes. While learning
on the new task t; the weights of the joint classifier H,
corresponding to the base classes Cbase, are trained by re-
playing features from the class-specific Gaussian distribu-
tion N (µc,vc

2). The feature-replay loss is formalized as:

Lc
base = −Ec∼CE(z,yc)∼N (µc,vc

2)

|Cbase|∑
k=1

ykc log σk(HA(p)).

(6)
Then, the loss for discovering novel classes and having a sin-
gle classifier for all the classes seen so far can be formalized
as Lc = Lc

base + {Lc
triplet + Lc

r + ω(t)Lc
self}, where ω(t)

are ramp-up functions to ensure stability in learning. Finally,
the total objective function is L = Lr + Lc, which consists
of two components: the representation learning loss Lr and
the classifier loss Lc.

Incremental Model Merging
To further integrate novel knowledge with the base knowl-
edge, we further proposed a two-branch hybrid architec-
ture that could make an only-novel-training ensemble of nu-
merous models. In detail, the base approach of incremen-
tal model merging is first described, which could achieve
a non-destructive incremental merging mechanism. Second,
adaptive feature fusion is proposed to guide the novel branch
to generate a lower magnitude to old categories and fuse
two branches at the feature level. Then we further proposed
adaptive model merging to approximate the dynamic gating
output through the weight of BN in the base branch, and
achieve linear additional fusion in the model level.

Incremental Model Merging Since the multi-branch
topology has drawbacks for inference but the base branch
seems beneficial to novel discovery and learning, we employ
base and novel branches to make an only-novel-training en-
semble of numerous models as shown in Fig. 3(a). Based
on the homogeneity of convolution (Ding et al. 2019, 2021),
each CONV + BN unit the base model trained on labeled
dataset Dl is fused to a single convolution layer with weight
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Figure 3: Conceptual illustrations of different merging methods. (a) Incremental Model Merging (IMM) (Zhu et al. 2022)
decomposes each CONV + BN operation into the base and novel parts, then fuses these two parts based on the additivity of
convolution. (b) Adaptive Feature Fusion (AFF) adopts the gated output of the base branch to guide the learning process and
outputs of the novel branch. (c) Adaptive Model Merging (AMM) uses the weight of base BN to replace dynamic gated output,
so as to achieve linear merging.

W′
(b) and bias B′

(b). Then, for the stage of novel class dis-
covery, we extend a novel branch with a CONV+BN unit,
where Wk

(n) ∈ RC2×C1 for the kernel with the same size of
W′

(b), and µ(n),σ(n),γ(n),β(n) for the BN following the
novel convolution. For input X(1) and output X(2), we have

X(2) = (X(1) ∗W′
(b)) + B′

(b)

+BN(X(1) ∗W(n),µ(n),σ(n),γ(n),β(n)).
(7)

In the novel categories training stage, the base branch pa-
rameters {W′

(b),B
′
(b)} are fixed, and only the novel branch

parameters {W(n),µ(n),σ(n),γ(n),β(n)} is trained, where
the novel output is added to the base output, so as to integrate
the base knowledge.

After nove class discovery, we will have two k×k kernels,
and two bias vectors. Then we obtain the final base kernel
W′ = W′

(b) + W′
(n) and bias B′ = B′

(b) + B′
(n) by adding

up the two kernels and two bias vectors. For input X(1) and
output X(2), we could get

X(2) = (X(1) ∗W′
(b) +B′

(b)) + (X(1) ∗W′
(n) +B′

(n))

= X(1) ∗ (W′
(b) +W′

(n)) + (B′
(b)) + B′

(n))

= X(1) ∗W′ +B′.

(8)

In the novel categories inference stage, the base and novel
branches could be merged based on the additivity of convo-
lution without any output losses. For the next incremental
learning stage, a new novel branch could be extended again
and continuously merge.

Adaptive Feature Fusion IMM could learn novel
branches based on the base branch, but could not ensure
the discrimination of final features for old tasks is not af-
fected. Here, we argue that the old categories could be seen
as the unknown for the novel branch, thus the novel branch
would output relatively lower magnitude features due to the

absence of old training data (Dhamija, Günther, and Boult
2018; Chen et al. 2020a, 2021). To further reduce the mag-
nitude of the novel branch to the old classes, we propose
an Adaptive Feature Fusion (AFF) mechanism to guide the
learning process of the novel branches to focus on the unim-
portant parts of the base. As shown in Fig.3(b), we use the
base outputs to control the propagated information through
the novel branch. The larger the output value of the base
branch is, the more important its corresponding neurons are.
So we control the update of the novel branch by using nega-
tive gating functions of base outputs. With the gated function
G(.), the AFF with base branch fb(.) and novel branch fn(.)
could be formalized as:

X(2) = fb(X
(1)) + g(−fb(X

(1)))⊗ fn(X
(1))

= (X(1) ∗W′
(b) +B′

(b))

− G(X(1) ∗W′
(b) +B′

(b))⊗ (X(1) ∗W′
(n) +B′

(n)),
(9)

where G(.) is a sigmoid function. Moreover, the gradient
of AFF for the novel branch is ∂X(2)

∂fn(X(1))
= −G(fb(X(1))).

Hence, the update of the novel branch is influenced by the
outputs of the base branch, and the magnitude for old cate-
gories is further suppressed as shown in Fig. 4.

Adaptive Model Merging The gating process of AFF is
one that varies dynamically according to the sample, which
could not implement the merging operation according to the
additivity of convolution, as shown in Eq. (9). To solve this
problem, we rethink the importance of BN. For a certain BN
layer, µ and σ compute the mean and the standard devia-
tion, respectively, of all activations overall pixel locations
for the current mini-batch data; γ and β are the trainable
scaling factor and offset, respectively. The factor γ evaluates
the correlation between the input and output during train-
ing. The gradient of the loss will approach 0 if γ → 0 at
one training step, implying that the input will almost lose
its influence on the final prediction and become redundant
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Algorithm 1: Adaptive Discovering and Merging

1: Input: current base model M t
b(·), current task dataset

Du
t , and current base weight γt

(b)

2: Novel Branch Expansion: M t = {M t
b(·),M t

n(·)}
3: for all (x1, x2, . . . , xn) ∈ Du

t do
4: Compute output of M t based on Eq.(10).
5: Compute adaptive novel class discovery loss L =

Lr + Lc for mini-batch.
6: Perform backward through M t

n(·).
7: end for
8: CONV + BN fusion of M t

n(·).
9: Adaptive Model Merging of base-novel parameters

{M t
b(·),M t

n(·)} based on Eq.(11).
10: Weight update of γt+1

(b) based on Eq.(12).
11: Output: The base model M t+1

b (·) and weight γt+1
(b) for

task t+ 1.

thereby at this training step. That means that if the scal-
ing factor of one channel (with sparsity constraints) is lower
than the small threshold at one training step, this channel
will hardly recover and almost become redundant during the
later training process. Therefore, it motivates us to replace
the input of the gated function with γ(b) of the base BN. As
shown in Fig.3(c), we adopt γ(b) of the base BN to control
the propagated information through the novel branch, which
could be formalized as:

X(2) = fb(X
(1)) + G(−γ(b))⊗ fn(X

(1)). (10)

Then, the base and novel branches could be merged based
on linear additivity:

X(2) = X(1) ∗ (W′
(b) + g(−γ(b))⊗W′

(n))

+ (B′
(b) + G(−γ(b))⊗ B′

(n)).
(11)

Since the base parameter is invariant during the incremen-
tal learning phase, γ(b) corresponds to a constant, allowing
merging to be implemented. Moreover, the merging process
of γ during base-novel merging could also be added linearly
as:

γ′ = γ′
(b) + G(−γ(b))⊗ γ′

(n). (12)
Overall, Algorithm 1 summarizes the details of incremental
category discovery with gated linear merging.

Experiments
Experimental Setup
Datasets. We employ three datasets to conduct experi-
ments for class-iNCD: CIFAR-10 (Krizhevsky and Hin-
ton 2009), CIFAR-100 (Krizhevsky and Hinton 2009) and
Tiny-ImageNet (Le and Yang 2015). The CIFAR10 and CI-
FAR100 datasets contain 50,000 and 10,000 32 × 32 color
images for training and testing. The Tiny-ImageNet contains
100,000 images of 200 classes downsized to 64×64 colored
images. Each dataset is split into the old and new classes fol-
lowing (Han et al. 2020; Zhong et al. 2021a; Liu and Tuyte-
laars 2022; Roy et al. 2022). For CIFAR10, 5 base classes

and 5 novel classes are randomly sampled. 20 novel classes
are sampled for CIFAR100 and TinyImageNet and the rest
are base classes.
Evaluation Metrics. We used the evaluation protocol in
(Roy et al. 2022) to evaluate the performance of the test
data for all the classes. Three classification accuracies are
reported, denoted as Old, New, and All. They represent the
accuracy obtained from the joint classifier head on the sam-
ples of the old, new, and old+new classes, respectively. We
used ResNet-18 (He et al. 2016) as the backbone in all the
experiments. We have adopted most of the implementation
following (Roy et al. 2022).

Results

One-Step Class-iNCD As shown in Table 1, all the NCD
methods (AutoNovel (Han et al. 2020), ResTune (Liu and
Tuytelaars 2022), NCL (Zhong et al. 2021a), DTC (Han,
Vedaldi, and Zisserman 2019)) fail to achieve a good balance
between the old and new classes, implying that the base-
line methods can maintain the performance in old classes.
FRoST (Roy et al. 2022) can balance the old and new cate-
gories after learning the new category without severe catas-
trophic forgetting. We first apply AFF and AMM to the
SOTA class-iNCD method FRoST (Roy et al. 2022). AFF
could be applicable to FRoST because it only has one in-
cremental novel discovery task to learn. The combination of
AFF and FRoST not only further enhances the performance
of the old categories, but also boosts the performance of the
new categories. The improvement of the old categories is
mainly attributed to the gating mechanism that constrains
the learning parameters of the novel branch. Meanwhile, the
gated dynamic units enable the novel branch to exploit the
feature diversity of the base branch. Moreover, AMM re-
places the dynamic gating mechanism with the γ weight of
BN, which achieves comparable performance to AFF and
even outperforms AFF in overall performance. This also
demonstrates the effectiveness of the γ weight of BN as an
important assessment. Furthermore, when combining adap-
tive novel class discovery with AMM, we achieve the best
performance in all settings.

Further Analysis

The Plug-and-play Architectural Approach We evalu-
ate the effectiveness of AMM in class-incremental learn-
ing with different numbers of steps. We apply AMM to
five state-of-the-art methods: iCaRL (Rebuffi et al. 2017),
PODNet (Douillard et al. 2020), NECIL (Zhu et al. 2022),
AFC (Kang, Park, and Han 2022) and DyTox (Douillard
et al. 2022). As shown in Table 2, our approach significantly
improves the performance of all methods in all incremental
stages. Moreover, the improvement increases as the num-
ber of stages grows, indicating that our method is more ro-
bust to challenging scenarios than the previous methods. No-
tably, DyTox (Douillard et al. 2022) is a class-IL method
based on Transformer architecture, which can be combined
with AMM. We add AMM to the Linear layer in MLP and
achieve better performance than DyTox alone.
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Methods CIFAR-10 CIFAR-100 Tiny-ImageNet Average

Old New All Old New All Old New All Old New All

AutoNovel 27.5 3.5 15.5 2.6 15.2 5.1 2.0 26.4 4.5 10.7 15.0 8.4
ResTune 91.7 0.0 45.9 73.8 0.0 59.0 44.3 0.0 39.9 69.9 0.0 48.3
NCL 92.0 1.1 46.5 73.6 10.1 60.9 0.8 6.5 1.4 55.5 5.9 36.3
DTC 64.0 0.0 32.0 55.9 0.0 44.7 35.5 0.0 32.0 51.8 0.0 36.2
FRoST 77.5 49.5 63.4 64.6 45.8 59.2 54.5 33.7 52.3 65.5 43.1 58.3

FRoST+AFF 77.3 51.5 64.1 65.5 45.8 61.0 56.4 35.0 54.3 66.4 44.1 59.9
FRoST+AMM 76.8 52.6 64.2 65.6 43.7 61.1 57.0 35.0 54.7 66.5 43.8 60.2
ADM 78.4 51.9 65.2 67.9 45.7 63.2 57.8 36.0 55.6 68.0 44.5 61.3

Table 1: Comparison with state-of-the-art methods in the one-step setting of class-iNCD. All values are percentages and the
best results are indicated in bold.

Methods Param 25 stages 10 stages

iCaRL 469K 50.60 53.78
iCaRL+AANets 530K 56.43 60.26
iCaRL+AMM 469K 60.59 62.20
PODNet 469K 60.72 63.19
PODNet+AANet 530K 62.31 64.31
PODNet+AMM 469K 63.45 64.32
NECIL† 11.22M 61.01 61.07
NECIL + AMM 11.22M 61.49 61.83
AFC 497K 63.89 64.98
AFC+AMM 497K 65.31 66.01
DER 112.27M - 72.81
FOSTER 11.22M 63.83 67.95
DyTox+† 10.73M 64.01 69.28
DyTox+ + AMM 10.73M 65.67 70.52

Table 2: Performance comparison with state-of-the-art class-
IL methods on CIFAR100. Param is evaluated for the model
in the novel inference time. † denotes the reproduction re-
sults based on the official code.

Comparison with Architectural Methods DER (Yan,
Xie, and He 2021) is a two-stage learning approach that
uses a dynamically expandable representation, which in-
creases the computation and number of parameters with the
incremental stages. In contrast, AMM achieves model fusion
without introducing additional parameters or requiring any
training, thus avoiding performance loss. FOSTER (Wang
et al. 2022) also has base and novel models, but its model
fusion relies on knowledge distillation, which could de-
grade the performance. NECIL (Zhu et al. 2022) uses Re-
Parameterization (RP) as a combination of our IR and a
prototype-based method. However, IR negatively affects the
base branch without considering any base architectural prior.
To address this problem, AMM adds a gating mechanism
to IR to limit the influence of the novel branch on the base
branch and preserve the lossless fusion property of RP. As
shown in Table 2, AMM outperforms NECIL by replacing
its RP with ours.

The Role of the Gated Unit Most unknown samples have
lower deep magnitude features from the neural network
trained with known samples (Dhamija, Günther, and Boult

Figure 4: The max magnitude distribution of old categories
on the base and novel branches.

2018), which is verified by open-set recognition (Chen et al.
2020a, 2021). Therefore, the novel branch should produce
low-magnitude output for old categories, to reduce the influ-
ence of old features. As shown in Fig. 4, the novel branch
with the proposed gated unit achieves a lower magnitude,
thus having less impact on the base branch. Hence, the pro-
posed AFF and AMM preserve important base features. This
also demonstrates the effectiveness of the gated unit. The
gated unit has two advantages: first, it reduces the interfer-
ence of the new branch output to the important features of
the base in the input phase, and leverages the discrimina-
tive power of the base features; second, it guides the novel
branch to focus on the learning of unimportant parameters
in the base branch, thus minimizing the influence of old cat-
egories.

Conclusion
In this paper, we tackle two challenges in incremental novel
class discovery: how to leverage novel unlabeled data sets
for effective training guidance and how to prevent catas-
trophic forgetting of previous knowledge. We propose Triple
Comparison and Probability Regularization to control the
probability discrepancy and diversity of categories for adap-
tive category assignment. In addition, we design a hybrid
structure, Adaptive Model Merging, which preserves the
previous knowledge by reducing the novel branch’s interfer-
ence with the old classes. Extensive experiments on class-
iNCD demonstrate that our method can significantly outper-
form the existing methods without increasing the computa-
tional cost.
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