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Abstract
Approaches to class-incremental learning aim to successfully learn from continuously arriving

classes. One added level of difficulty usually arises when the training data belonging to each class
is scarce, which is the case in several open-world machine learning applications. In this paradigm,
which is referred to as few-shot class-incremental learning, a typical learner needs to both be able to
learn incrementally from the sequentially arriving classes, and preserve the knowledge which already
exists about the old (i.e. already existing) classes. We propose a few-shot class-incremental learner
which adapts the representations of the new few-shot classes as well as relevant previous knowledge
based on a latent variable model. The proposed latent variable model is a form of a variational
autoencoder that is designed to address the main challenges of the few-shot class-incremental
learning paradigm, namely catastrophic forgetting and potential bias. During the few-shot learning
of new classes, the amortization and high fidelity characteristics of the proposed model are leveraged
to adapt not only the current class, but also the relevant previously encountered classes, in order
to consistently mitigate the impact of catastrophic forgetting, bias and overfitting. We also derive
a generalization upper bound on the error of an upcoming class. Experiments on several widely
used few-shot class-incremental learning benchmarks, as well as a medical benchmark consisting of
real-world medical images, demonstrate that the proposed model leads to improved performance, as
measured by average overall and final classification accuracy, and in terms of alleviating catastrophic
forgetting.

1. Introduction

Incremental learning, sometimes called continual learning or lifelong learning, refers to a machine
learning paradigm where the knowledge obtained from previous tasks should be accumulated and
potentially reused in the future (Ring, 1995; Srivastava et al., 2013; Schwarz et al., 2018; Hu et al.,
2019; Adel et al., 2020; Wang et al., 2023a; Zhu et al., 2023a). This is particularly challenging for
deep models whose ideal setting depends on large sizes of training data being available a priori, i.e.
prior to the beginning of the training procedure. Incremental learning (IL) can be beneficial due to its
time and resource (e.g. memory) management advantages over the alternative of having to retrain the
model from scratch upon the arrival of new data. One of the standard assumptions in IL is that, both
at the training time and the inference (test) time, the learner has access to the identity (ID) of the
task to which each class belongs. In most real-world scenarios, this assumption can be impractical
due to the likely non-availability of the task ID information at the inference time. To that end, the
class-incremental learning (CIL, Belouadah & Popescu, 2019; Hou et al., 2019; Yu et al., 2020;
Mai et al., 2021; Shim et al., 2021; van de Ven et al., 2021; Zhu et al., 2021; Masana et al., 2022;
Liu et al., 2023; Rymarczyk et al., 2023; Wen et al., 2023; Zhou et al., 2023a) paradigm has arisen
as a viable approach where the assumption that no task information is available at the inference
time forces the learner to aim at distinguishing between all classes encountered so far, regardless of
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their respective task identities. The CIL paradigm depicts a typical scenario which commonly takes
place in open environments. Hence, addressing the challenges imposed by the CIL paradigm is of
paramount significance in the quest to deploy reliable machine learning in open-world environments
(Zhou, 2022).

The above problem is compounded when solely a scarce amount of data is available for every
class. This setting is referred to in the literature as few-shot class-incremental learning (FSCIL,
Rebuffi et al., 2017; Gidaris & Komodakis, 2018; Tao et al., 2020; Achituve et al., 2021; Ahmad
et al., 2022; Peng et al., 2022; Song et al., 2023; Wang et al., 2023b; Zhou et al., 2023a; Zhao
et al., 2024). For instance, think of a pedestrian attribute recognition model that is used for video
surveillance where it is required to identify the characteristics of human appearance attributes such
as age, gender and clothes (Xiang et al., 2019; Wang et al., 2023b). The class-incremental learner
encounters the problem of classifying waistcoats (i.e. identifying pedestrians wearing waistcoats)
vs. T-shirts as the first task. Given their rather different characteristics, it might not be so tricky
to identify waistcoats during the first task. The class-incremental learner then encounters few new
pedestrians. Each one of them wears either a jacket or a coat where the latter two garments constitute
the two newly arriving classes. At this point, the learner’s mission becomes more complicated since
the new requirement is to address the challenge of differentiating between a waistcoat, a jacket and a
coat during the inference time, without ever having the luxury to train on data belonging to all of
such classes simultaneously.

Given the fact that it is typically prohibited for an FSCIL model to access data belonging to the
previous classes, due to privacy and security constraints, a few-shot class-incremental learner should
be capable of learning new classes without forgetting the previous (i.e. already learned) classes.
A compromise must therefore be achieved between adapting to new classes and accomplishing a
degree of stability that is sufficient to preserve the knowledge which has already been acquired
about the previous classes. Unrestricted adaptation to the new classes can potentially result in the
catastrophic forgetting of previous classes. In this context, catastrophic forgetting (McCloskey &
Cohen, 1989; Ratcliff, 1990; Robins, 1993, 1995; French, 1999; Pape et al., 2011; Srivastava et al.,
2013; Achille et al., 2018; Diaz-Rodriguez et al., 2018; Kemker et al., 2018; Zeno et al., 2018; Parisi
et al., 2019; Pfulb & Gepperth, 2019; Ebrahimi et al., 2020; Gupta et al., 2020; Banayeeanzade
et al., 2021; Ke et al., 2021; Ostapenko et al., 2021; Wang et al., 2021; Kalb & Beyerer, 2022; Kang
et al., 2022a; Karakida & Akaho, 2022; Lin et al., 2022; Miao et al., 2022; Yasar & Iqbal, 2023)
refers to the phenomenon when a learner already gains the necessary knowledge about (how to
recognize) a certain class, then such knowledge eventually degrades upon encountering new classes.
The aforementioned compromise is often referred to as the stability-plasticity dilemma; stability
refers to the ability to maintain previous knowledge, whereas plasticity denotes the ability to adapt to
new classes. Furthermore, FSCIL is also subject to additional challenges as a direct result of learning
from few data samples per class, which are bias and overfitting.

We propose a few-shot class-incremental learner which aims at mitigating the above risks via
establishing a latent variable model that is bespoke to fit the characteristics of the FSCIL paradigm. It
has been demonstrated in previous works, e.g. (Wang et al., 2023b; Zhao et al., 2024), that adapting
the representations of the classes which arrive during the few-shot sessions does not suffice to mitigate
the risks of catastrophic forgetting and bias resulting from the scarcity of data during such sessions.
As such, our proposed latent variable model is designed in a manner that permits the adaptation
of not only the new few-shot classes, but also the previously encountered classes which are most
likely to be impacted by the new classes. Hence, this strategy aims to establish a model which can
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consistently balance the stability-plasticity tradeoff with the risks of potential bias and overfitting
(which are fundamental in FSCIL), by controlling all the classes which are likely to be impacted
upon the arrival of every new class.

The generalization upper bound that we derive on the error of an upcoming class supports
our postulate regarding the added value of adapting the newly arriving few-shot classes along
with relevant previous classes. In addition, we perform experiments on several widely used CIL
benchmarks as well as the medical benchmark referred to as MedMNIST (Section 4). The performed
experiments illustrate the capability of the proposed FSCIL model to achieve state-of-the-art results
with respect to the overall classification performance, final classification performance and mitigating
catastrophic forgetting. We also provide details of related work in Section 5.

Our main contributions can be summarized as follows:
1. An adaptive latent variable modeling-based FSCIL framework which does not only address

the new classes encountered during the few-shot sessions, but also accordingly adjusts the
knowledge previously acquired from the relevant previous classes (Section 2).

2. The proposed framework achieves a balanced treatment of the tradeoff between mitigating bias
and catastrophic forgetting, and adapting to new classes.

3. A generalization upper bound on the error of an upcoming class (Section 3).

4. State-of-the-art results on the most widely used CIL benchmarks, as well as a real-world
benchmark in the form of the medical dataset referred to as MedMNIST. These results are
measured by metrics denoting classification accuracy (average overall, final, and after indi-
vidual sessions) as well as metrics evaluating the degree of mitigating catastrophic forgetting
(Section 4).

2. Our CIAM Approach

Given the several challenges a few-shot class-incremental learner should address, it is important for
the proposed framework to first utilize the abundant data available during the base session to learn a
representation of the base classes. Afterwards, it becomes crucial to adapt the learned representations
to the few-shot classes while mitigating the potential risks of catastrophically forgetting the previously
encountered classes, bias and overfitting. We propose a model, which we refer to as few-shot Class-
Incremental learning Adaptation via latent variable Models (CIAM), to address such challenges of
few-shot class-incremental learning.

2.1 Setup

We address a few-shot class-incremental learning (FSCIL) setup (Tao et al., 2020; Zhao et al., 2021;
Yang et al., 2022; Wang et al., 2023b; Zhao et al., 2023; Zhou et al., 2023b) where the learner
encounters a stream of m sequentially arriving sessions. Each session comprises a labelled training
dataset Dt = {xnt ,ynt }

Nt
n=1, where t ∈ {1, 2, . . . ,m} is the session index and Nt is the size of the

training dataset of session t. Data points are depicted by x ∈ X and corresponding labels y ∈ Lt,
where X is the input space. The set of classes (i.e. label space) of the tth session is referred to as
Lt. Note that the sets of classes belonging to different sessions are disjoint, that is ∀i, j ∈ [1, m]
and i 6= j, Li ∩ Lj = ∅. During the training procedure for each session t, solely the corresponding
training data Dt is available. Due to privacy constraints, data belonging to the previous sessions are
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not available. Also note that D1 is the large-scale training dataset consisting of many base classes
and with relatively abundant data per class (compared to the subsequent sessions, t > 1), whereas
Dt, t > 1, refers to few-shot training datasets with very scarce data per class. In other words, for
sessions after the first session, t > 1: N1 >> Nt. Furthermore, for such sessions t > 1, the amount
of available data per class in the FSCIL setting is much more limited than the corresponding sessions
in a vanilla CIL setting. For the incremental few-shot sessions, Dt, t > 1, the C-way K-shot FSCIL
setting refers to the fact that the respective session comprises C classes and K training data points
per class. This means that, for a few-shot session t, t > 1, the total size of the training dataset is
Nt = C ×K. Refer to the test data and test labeling space belonging to a session t as Dtest

t and
Ltestt , respectively. As is the case with all CIL frameworks, the model is tested on all the classes
encountered by the learner so far during training (i.e. not only the classes of the current session). In
other words, Ltesti =

⋃i
j=1 Lj .

2.2 Base Session

Our CIAM framework consists of two models: a base network and a few-shot latent variable model.
The base network learns representations of the base classes where it can relish the abundant data
available during the base session. On the other hand, we develop a setting for both the base and
few-shot sessions which enables our proposed latent variable model to adapt the base representations
to the few-shot classes while mitigating the risks of catastrophic forgetting and potential bias. Let’s
focus here on the former model, i.e. the base network. At the bottom of the base network architecture,
there is a feature extractor consisting of several nonlinear layers which learn a feature representation
f(·;ω) with a parameter set ω, defined on a feature space F . The top part of the architecture of
the base network comprises a label predictor in the form of a classification head with parameters ν
which produce output logits for every base class. Note that this predictor is solely used to train the
base classes. In other words, this is not the classifier that is set to be used during the test phase of the
proposed CIAM framework. For the base (initial) session with t = 1, we train the base network on
the base training dataset D1 with the cross-entropy loss which is denoted as follows:

J(xn1 ,y
n
1 ;ω,ν) = LCE(O(xn1 ;ω,ν), yn1 ), (1)

where LCE denotes the cross-entropy loss, O refers to the final output vector given input xn1 ,
n = {1, 2, . . . , N1}, and N1 is the overall size of the training dataset in the base session.

For the incremental few-shot sessions t > 1, we no longer perform the aforementioned training
procedure on the base network. Continuing to train the base network on the scarce data available in
the few-shot sessions would lead to the detrimental impact of forgetting the base classes. This is the
main reason why we stop training the network after the base session. Instead, during the few-shot
sessions, we establish a robust Bayesian latent variable model to adapt the representations of the new
and relevant previous classes such that catastrophic forgetting and potential bias can be mitigated.

2.3 Few-Shot Adaptation Based on Latent Variable Modeling

In this section, we describe the proposed few-shot adaptation procedure. As mentioned in Section 2.2,
after the base session (where data was abundant), continuing to train the base network for the
sake of learning the few-shot classes from their scarce data would be detrimental, and it can result
in forgetting the already established knowledge about the base classes. On the other hand, not
performing any learning at all from the few-shot data would signify a waste of potential knowledge
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and a risk of underfitting. To that end, we propose to adapt the learned representations during the
few-shot sessions via a latent variable model that can adapt both the few-shot classes and the relevant
previous classes such that we can enforce a consistent update throughout (rather than solely updating
the new few-shot classes). By adopting the proposed comprehensive adaptation strategy, we aim to
capture all the potential sources of catastrophic forgetting and/or bias.

Recall that the network has learned a function representation f(·;ω) which is a representation
of a better predictive potential (i.e. it is optimized such that the respective classes can be accurately
predicted). This representation has been exclusively learned on the base classes. There is a need to:
i) adapt this representation to the few-shot classes, and to ii) ensure that this adaptation is aligned
with the relevant classes, among the previously encountered classes. The gist here is to establish a
latent variable model that can efficiently learn to adapt the representation of the current few-shot
class as well as the relevant previous classes (whose data are no longer available), while avoiding the
need to re-train the base network after the base session.

Several FSCIL algorithms completely freeze the representation learning and feature extraction
after the base session (Zhang et al., 2021; Akyurek et al., 2022; Hersche et al., 2022; Wang et al.,
2023b). Other previous works on FSCIL are based on forming prototypes of the few-shot classes
(Mazumder et al., 2021; Shi et al., 2021; Zhou et al., 2022; Ji et al., 2023) or, at best, calibrating such
prototypes (Zhu et al., 2021; Deng et al., 2022; Wang et al., 2023b; Zhang & Gu, 2023; Zhou et al.,
2023b; Zhu et al., 2023b; Zhao et al., 2024). However, it can be challenging to directly obtain reliable
prototypes in the few-shot sessions without applying any learning nor adaptation. We conjecture
that even though this can help fitting the new few-shot classes, it can still lead to the adverse effect
of having a negative impact on the previously learned classes. To that end, one further phase is
needed between the feature representation learned during the base session and the ultimate few-shot
classification (Zhao et al., 2024). We aim to utilize the few-shot data at our disposal to adapt all the
potentially affected class representations.

For each base class, the feature representation function f(·;ω) learned during the base session
provides a mapping from the respective input x to f(x;ω). This representation has not been trained
at all after the base session (for the reasons mentioned above). This is why directly expressing the
few-shot classes in terms of this representation function (even in case of eventual calibration) is not
fit for purpose. Instead, we aim to efficiently adapt the few-shot classes along with the previously
encountered classes which are considered the most relevant to the current few-shot class. Refer to
the number of classes of the base session as B. As mentioned before, the number of base classes
B is much larger than the number of classes in any single few-shot session that follows. During
the few-shot sessions, one must select the previous classes which are the most likely to be affected
by the newly arriving classes since it can otherwise become prohibitively expensive to update the
representations of every previous class when encountering a new few-shot class.

First, in order to enable the proposed latent variable model to understand the base classes (such
that it can eventually adapt their representations), it learns a latent space of the base representations
right after the end of the base session, and prior to encountering any few-shot session. After the
base session, i.e. for t > 1, the first step in adapting a few-shot representation is to identify the most
relevant classes, among the previously encountered classes, to the current few-shot class. This is
important such that our updates can be focussed solely on the subset of classes which are the most
similar to the current few-shot class, i.e. on the classes where such updates are deemed necessary. In
addition, this is also beneficial to ensure a maximally efficient utilization of the latent variable model
during the adaptation procedure. To select the most relevant previous classes, we use a Gaussian

1811



ADEL

kernel to assign weights to every previously encountered class based on their similarity to the current
few-shot class. Corresponding to a base class with index i, i ∈ {1, 2, . . . , B}, refer to the mean of
the base network representations of the data points of this base class as µfi . Recall that we adopt
a C-way K-shot few-shot setting, which means that the size of an arbitrary few-shot session is C
classes. Assume that the universal indices for the few-shot classes i come in a consecutive fashion
after the base classes, that is, the range B < i <= B + C × (m− 1) spans all the universal indices
for the few-shot classes (from session 2 up until session m). Our Gaussian kernel can therefore be
described as follows:

k(µfi ,µfj) = exp

(
−‖µfi − µfj‖

2

2σ2

)
, (2)

1 <= j < B + C × (m− 1), B < i <= B + C × (m− 1), i > j, σ is the kernel width.

The main objective of the proposed FSCIL latent variable model is to adapt the learned representations
of the current few-shot class as well as the most relevant previous classes, as a means to mitigate
the potential risks of catastrophic forgetting and bias. The proposed FSCIL latent variable model
consists of a two-branched variational autoencoder (VAE, Kingma & Welling, 2014; Kingma et al.,
2014). Compared to a vanilla VAE which consists of solely one branch (connecting the data space
and the latent space), the additional branch we introduce here is focussed on the predictive accuracy
of the resulting representations where the latent space is connected to the class labels. As such, the
simultaneous optimization of the two VAE branches can adapt all the relevant class representations
while simultaneously optimizing for a high overall performance.

2.4 Inference on the Latent Variable Model

Normalizing flows (Tabak & Vanden-Eijnden, 2010; Tabak & Turner, 2013; Rezende & Mohamed,
2015; Kingma et al., 2016; Adel et al., 2018) are utilized to transform the base representation
f into the latent representation z. Normalizing flows are powerful transformations which are
capable of establishing flexible posterior distributions through a chain of mappings. Each mapping
is an invertible transformation. The resulting series of mappings, which is referred to here as
gs, s = 1, . . . ,S, is applied to the VAE inputs f and y such that the resulting latent representation
z is adapted and better optimized for predictive accuracy. The index s refers to a transformation
step, out of a total of S steps. Denote by z0 an initial random variable with density q0(z0) which,
along with the VAE inputs, go through a series of successive transformations gs that are expressed as
follows:

zs = gs(zs−1, f,y), s = 1,2, . . . ,S, z = zS. (3)

Given that the determinant of the Jacobian of every transformation, det(gs), can be computed, the
probability density function z = zS can be computed straightforwardly (Rezende & Mohamed, 2015;
Liao & He, 2021). Denote by q the normalizing flow-based approximation of the true posterior, the
variational probability density distribution q(z|f,y) can be described as follows:

logqS(zS|f,y) = logq0(z0|f,y)−
S∑

s=1

log
∣∣∣det dzs

dzs−1

∣∣∣ , s = 1,2, . . . ,S (4)

z = zS. (5)

1812



ADAPTIVE FEW-SHOT CLASS-INCREMENTAL LEARNING VIA LATENT VARIABLE MODELS

Hence, the mapping from the VAE inputs, which comprise the base representation f and the labels y,
to the latent representation z can be expressed as follows:

z = gS ◦ gS−1 ◦ . . . ◦ g1(f,y), (6)

where each map gs, s = 1,2, . . . ,S, is a planar flow (Papamakarios et al., 2021):

gs(zs−1) = zs−1 + uh(wTzs−1 + b), (7)

where wT is the transpose of w, b is a scalar, u and w are vectors, and h is a nonlinearity. We opt
for planar flows here since they are the least prone to overfitting, as per our FSCIL setting.

Our VAE is illustrated in Figure 1. To perform inference on our VAE, we define the generative
model and the recognition model (Blei et al., 2017). The generative model involves the parameters
θ and ψ, where the latent space z is assumed to have generated both the base representation f
and the labels y. Regarding the recognition model, its variational parameters are referred to as φ.
The recognition model aims to find a high-fidelity variational approximation qφ(z|f,y) of the true
posterior. Based on the standard variational principle, we derive the evidence lower bound (ELBO) of
our variational objective. This bound is responsible for ensuring that the corresponding optimization
brings the approximate posterior as close as possible to the true posterior (which is unobserved).

z

f y

ψθ

φ

Figure 1: Description of the principal model of our proposed CIAM framework. This latent variable
model is a two-branched variational autoencoder whose input consists of the representation f , which
results from the base network that has been trained (solely once) prior to this model during the
base session, as well as the labels y. The goal of this model is to both learn the few-shot classes
and adapt the most relevant previously encountered representations, while maximizing the overall
predictive accuracy. The resulting latent representation is referred to as z. The generative parameters
are referred to as θ and ψ, whereas the variational parameters are denoted as φ.

We describe the variational bound for our three modeling scenarios: first during the training
phase of the base session, then during the training phase of the few-shot sessions, and finally during
the inference (test) phase.

2.4.1 BASE SESSION

During the training procedure of the base session, the inputs to our VAE consist of the base repre-
sentation f as well as the labels y of the training data points of all the base classes, which are both
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observed at this point. According to the proposed model, the marginal likelihood for a single data
point is expressed as follows:

log pθ,ψ(f,y) = log

∫
z
pθ,ψ(f,y, z) dz = log

∫
z
p(z)pθ(f |z)pψ(y|z)

qφ(z|f,y)

qφ(z|f,y)
dz (8)

= logEqφ(z|f,y)[p(z)pθ(f |z)pψ(y|z)/qφ(z|f,y)] (9)

≥ Eqφ(z|f,y)[logp(z) + logpθ(f |z) + logpψ(y|z)− logqφ(z|f,y)]. (10)

The inequality in (10) is due to Jensen’s inequality. Given the fact that qφ(z|f,y) ≡ qS(zS|f,y), (4),
and the basic characteristics of the normalizing flows, then the following can be obtained from (10):

log pθ,ψ(f,y) ≥ Eq0(z0|f,y)[logp(zS) + logpθ(z|zS) + logpψ(y|zS)− q0(z0|f,y) +
S∑

s=1
log

∣∣∣det dzs
dzs−1

∣∣∣].
(11)

A major computational advantage of the VAE is that, unlike the variational EM algorithm where the
E-step is repeated for each data point, the cost of inference is amortized here via the the recognition
network (Kingma & Welling, 2014; Rezende et al., 2014) whose parameters are referred to as φ.
Based on the recognition network, a mapping is established from the VAE inputs, namely the base
representation f and labels y, first to the initial approximate density q0, and then all the way through
to qφ = qS.

The probability distribution pψ(y|z) is depicted by a linear classifier. This is the ultimate
few-shot1 classifier based on which the FSCIL training and test procedures of our proposed CIAM
framework are performed. A linear classifier for pψ(y|z) is preferred here for two reasons. First,
it contributes towards making the proposed CIAM framework less prone to overfitting, which
is one of the main challenges encountering any FSCIL framework. In addition, the nonlinear
dependencies between all the elements of our framework have already been modeled while learning
the representation z. For an r-dimensional representation z, the distribution pψ(y|z) is represented
as
∑r

j=1 ψjzj + ψ0. Thus, the parameters ψ comprise ψ0, ψ1, . . . , ψr.

2.4.2 FEW-SHOT SESSIONS

During the training procedure of the few-shot sessions, the introduced VAE aims to both learn the new
few-shot classes and adapt the representations of the relevant previously encountered classes. The
first step is to identify the relevant classes using the Gaussian kernel defined in (2). Note that solely
one value per class is stored, which is the aforementioned mean of the base network representations
of the training data points belonging to such a class, referred to as µfi for class i. These are first used
by the Gaussian kernel in (2) to identify the relevant classes. For the previously encountered classes
with the largest values of k (where k is the outcome of the Gaussian kernel computations from (2)),
which are then selected as the most relevant classes, the means µfi are then used to adapt the VAE
representations of their respective classes.

The corresponding base representations f of the few training data points available for the new
few-shot class are obtained from the base network. At this stage, recall that the base network is
fixed with no training whatsoever since the end of the base session. As such, it acts solely as a fixed

1. This is in contrast with the top classification layer of the base network which was solely used to learn the base
representation f during the base session.
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nonlinear function of the few-shot training data points during the training phase of the few-shot
sessions. The (few) resulting base representation vectors f of the new few-shot class, along with
the means of the base representations of the relevant previous classes (one point per relevant class)
are used as points for the VAE such that a few optimization iterations can be performed so as to: i)
learn the representation z of the new few-shot class that is optimized for predictive accuracy, and ii)
correspondingly adapt the representations z of the relevant previous classes. The same VAE ELBO
defined throughout (8) to (11) is also utilised during the training procedure of the few-shot sessions.
Despite the fact that VAEs have already demonstrated an ability to learn in few-shot (Schonfeld et al.,
2019), and even one-shot (Mocanu & Mocanu, 2018; Kim et al., 2019) or zero-shot (Schonfeld et al.,
2019), settings , our arrangement here is further facilitated by the fact that the training previously
applied to the already existing classes acts as a form of pre-training that enables the proposed VAE to
efficiently adapt the (pre-trained) representations of the relevant previous classes upon the arrival of
new few-shot classes.

2.4.3 TEST PHASE

During the test phase, the labels y are unknown. Thus, the ELBO defined in (8)-(11) does not apply
during the test phase. We therefore develop the ELBO for the test phase here. The input x of every
test data point is first fed as input to the base representation function (which is fixed at this stage) to
obtain the corresponding base representation f . The latter is in turn fed as the only observed input to
the VAE. The marginal likelihood for a single test data point can therefore be expressed as follows:

log pθ,ψ(f) = log

∫
y,z

pθ,ψ(f,y, z) dy dz = log

∫
y,z

p(z)pθ(f |z)pψ(y|z)
qφ(y, z|f)

qφ(y, z|f)
dy dz

(12)

= logEqφ(y,z|f)[p(z)pθ(f |z)pψ(y|z)/qφ(y, z|f)] (13)

≥ Eqφ(y,z|f)[logp(z) + logpθ(f |z) + logpψ(y|z)− logqφ(y, z|f)], (14)

where Jensen’s inequality is the reason for the inequality in (14). The classifier pψ(y|z) is then used
to predict the classes (i.e. labels) given the optimized latent representation z of every test data point.

The key steps of the proposed CIAM algorithm are listed in Algorithm 1.

3. Theoretical Analysis

We shed light on the theoretical relationship between the current class in a class-incremental learning
(CIL) setup, and the previously encountered classes. The overall objective is to provide a theoretical
verification of the impact induced by the relevant (i.e. most similar) previously encountered classes
on classifying the current class.

Given that our principal interest here is the characteristics of the relationship between the classes
involved in a CIL setup, rather than the multi-class classification form, let’s assume without loss
of generality (WLOG) a one-vs-rest strategy where the multi-class classification problem is split
into one binary classification problem per class. Corresponding to each class, consider a class task
T which is a binary classification problem predicting whether or not a data point belongs to the
respective class. Refer to the input data distribution of such a class as DT on X , and to the true
(i.e. ground truth) labeling function as l. The domain of the labeling function l is the input space X ,
whereas its range is [0, 1]. The prediction function is referred to as h which is a learning hypothesis
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Algorithm 1 The proposed CIAM algorithm for few-shot class-incremental learning adaptation via
latent variable modeling

Input: m sequentially arriving datasets Dt = {xnt ,ynt }
Nt
n=1, t ∈ {1, 2, . . . ,m}, and Nt is the size

of Dt.
Base session← t = 1.
N1 >> Ni, i ∈ {2, . . . ,m}.
Parameters:
Generative parameters: θ and ψ
Variational parameters: φ
log p(f,y): the training marginal likelihood.
log p(f): the test marginal likelihood.
for t = 1 do

// Base session Learning
Observe D1 = {xn1 ,yn1 }

N1
n=1

Train the base network using (1)
Compute µfi , i ∈ {1, 2, . . . , N1}
Train the VAE on D1 to compute log p(f,y) using (8)-(11):
repeat

∆θ ∝ −∇θ log p(f,y)
∆ψ ∝ −∇ψ log p(f,y)
∆φ ∝ −∇φ log p(f,y)

until θ, ψ,φ do not change
end for
for t = 2, . . . ,m do

// Few-shot session Learning
Observe Dt = {xnt ,ynt }

Nt
n=1

Select the most similar previous classes using (2)
Train the VAE onDt and µfj , where j denotes indices of the similar previous classes, to compute
log p(f,y) using (8)-(11)

end for
// Test
Train the VAE on Dtest to compute log p(f) using (12)-(14), and to predict the labels y:
repeat

∆θ ∝ −∇θ log p(f)
∆ψ ∝ −∇ψ log p(f)
∆φ ∝ −∇φ log p(f)

until θ, ψ,φ do not change
Predict the labels via pψ(y|z)

with the same domain and range as l. The hypothesis h belongs to a hypothesis spaceH. We can then
use the following to denote the error of the learning hypothesis h with respect to the true labeling
function l under class task T :

εT (h, l) := Ex∼DT [|h(x)− l(x)|] (15)
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We refer to the risk of a hypothesis h as the error εT (h) of h under class task T with respect to the
true labeling function fT of the same class task T : εT (h) := εT (h, fT ). In this analysis, we assume
that the class-incremental learner has already encountered r classes so far. Refer to the collection
of subsets of the input space X which represent the support of a learning hypothesis h, h ∈ H, as
AH, where AH := {h−1(1) | h ∈ H}. In similar paradigms such as domain adaptation and transfer
learning, there is a widely used measure of distance between two distributions referred to as the
H-divergence (Ben-David et al., 2010; Sun et al., 2011; Ajakan et al., 2014; Zhao et al., 2019; Adel,
2024). We follow the definition of the H-divergence in (Zhao et al., 2019; Adel, 2024) where the
constant factor of 2 is excluded, since such a constant factor is not relevant for our setup either. The
distance between two distributions D and D′ can therefore be defined according to theH-divergence
as:

dH(D,D′) := sup
A∈AH

|Pr
D

(A)− Pr
D′

(A)| (16)

3.1 Generalization Upper Bound

Define the difference between two class tasks as the summation of the distance between their data
distributions D and the distance between their labeling functions l. We develop a theorem which
states that the error of the current class (i.e. the class currently encountered by the class-incremental
learner) is less than or equal to the summation of two terms. The first term does not involve any
degrees of freedom related to the learner, whereas the second term depends on previous classes whose
class tasks are as similar as possible to the current class with respect to the class task difference.

Theorem 1. Let Ti refer to the current class task whose index is i, and {T1, T2, . . . , Tr} refer to the
previously encountered class tasks, that is i = r+ 12. The following holds for any hypothesis h ∈ H,
whereH is a hypothesis space:

εTi(h) ≤
r∑

j,k=1,k>j

(
2min{εTj (fTj , fTk), εTk(fTj , fTk)}+ 2dH(DTj ,DTk)

)
+ (17)

min
j∈{1,2,...,r}

{(
εTj (h) +min{εTj (fTj , fTi), εTi(fTj , fTi)}+ dH(DTj ,DTi)

)}
(18)

Note that the first term of the bound in (17) completely depends on ground truth functions of
the previously encountered classes, which are given as input to the learner. In other words, the first
term in (17) does not depend at all on any learning hypothesis h, nor on any degrees of freedom
that the class-incremental learner can control during its optimization procedure. In contrast, the
second term of the bound, which is the minimum term in (18), consists of r clauses where each
clause corresponds to one previous class. As derived in (27), each clause in (18) represents the upper
bound on a class task had the corresponding class been the sole class previously encountered by
the class-incremental learner. Consequently, given the fact that the class-incremental learner has
previously encountered r classes: According to Theorem 1, identifying the most similar previous
classes to the current class leads to minimizing (18), which in turn leads to tightening the bound on
(i.e. minimizing) the error of the current class. Thus, Theorem 1 indicates a dependence between the
error on the current class and the errors on the most similar (relevant) previous classes.

2. This is adopted herein to shorten the subscripts (with i rather than r + 1).
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3.2 Proof

Before delving into the proof of Theorem 1, we provide a few lemmata which will be needed
throughout, along with their proofs.

Lemma 1. For a hypothesis space H and distributions D, D′ and D′′ over H, the H-divergence
distance measure satisfies the triangle inequality:

dH(D,D′) ≤ dH(D,D′′) + dH(D′′,D′) (19)

Proof.

dH(D,D′) = sup
A∈AH

|Pr
D

(A)− Pr
D′

(A)|

= sup
A∈AH

(
|Pr
D

(A)− Pr
D′′

(A) + Pr
D′′

(A)− Pr
D′

(A)|
)

≤ sup
A∈AH

(
|Pr
D

(A)− Pr
D′′

(A)|+ |Pr
D′′

(A)− Pr
D′

(A)|
)

= sup
A∈AH

|Pr
D

(A)− Pr
D′′

(A)|+ sup
A∈AH

|Pr
D′′

(A)− Pr
D′

(A)|

= dH(D,D′′) + dH(D′′,D′) (20)

Lemma 2. For a task T with a marginal (i.e. data) distribution DT , and a hypothesis spaceH, the
learning hypothesis error satisfies the triangle inequality:

εT (h, h′) ≤ εT (h, h′′) + εT (h′′, h′) (21)

for any three hypotheses h, h′, h′′ ∈ H.

Proof.

εT (h, h′) = Ex∼DT ,h,h′∼H

[
|h(x)− h′(x)|

]
= Ex∼DT ,h,h′,h′′∼H

[
|h(x)− h′′(x) + h′′(x)− h′(x)|

]
≤ Ex∼DT ,h,h′,h′′∼H

[
|h(x)− h′′(x)|+ |h′′(x)− h′(x)|

]
= Ex∼DT ,h,h′′∼H

[
|h(x)−h′′(x)|

]
+ Ex∼DT ,h′,h′′∼H

[
|h′′(x)−h′(x)|

]
= εT (h, h′′) + εT (h′′, h′) (22)

Lemma 3. For a hypothesis classH, ∀h, h′ ∈ H, where h and h′ are learning hypotheses: Let DTj
and DTk be the marginal distributions for class tasks Tj and Tk, respectively. Then the following
holds:

εTj (h, h
′) ≤ εTk(h, h′) + dH(DTj ,DTk) (23)
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Proof. For h, h′ ∈ H,

εTj (h, h
′) = Ex∼DTj ,h,h

′∼H

[
|h(x)− h′(x)|

]
= Eh,h′∼H

∫
x

Pr
DTj

(x)
[
|h(x)− h′(x)|

]
= Eh,h′∼H

∫
x

(
Pr
DTj

(x)− Pr
DTk

(x) + Pr
DTk

(x)
)[
|h(x)− h′(x)|

]
= εTk(h, h′) + Eh,h′∼H

∫
x

(
Pr
DTj

(x)− Pr
DTk

(x)
)[
|h(x)− h′(x)|

]
≤ εTk(h, h′) + sup

A∈AH
| Pr
DTj

(A)− Pr
DTk

(A)|

= εTk(h, h′) + dH(DTj ,DTk) (24)

Proof of Theorem 1. We formalize the proof using mathematical induction. For the sake of further
clarity, rather than beginning with solely one base case, we demonstrate that the form holds for two
base cases, the first is when the class-incremental learner has previously encountered one class only,
and the second case is after encountering two classes. Afterwards, we proceed with the induction
step.

Let’s begin with the case when the learner has previously encountered one class only. In this
case, r = 1. By applying Lemma 3 to εTi(h), followed by Lemma 2, we obtain:

εTi(h) = εTi(h, fTi) ≤ εT1(h, fTi) + dH(DT1 ,DTi) ≤ εT1(h) + εT1(fT1 , fTi) + dH(DT1 ,DTi)
(25)

Recall that εT1(h, fT1) ≡ εT1(h), which was used in (25). Meanwhile, by reversing the order, i.e. by
applying Lemma 2 first, followed by Lemma 3, the following is obtained:

εTi(h) = εTi(h, fTi) ≤ εTi(h, fT1) + εTi(fT1 , fTi) ≤ εT1(h) + εTi(fT1 , fTi) + dH(DT1 ,DTi)
(26)

From (25) and (26), we can then obtain the following:

εTi(h) ≤ εT1(h) +min{εT1(fT1 , fTi), εTi(fT1 , fTi)}+ dH(DT1 ,DTi), (27)

The bound in (27) represents an upper bound on the error of the current class task Ti given one
previous task T1.

Let’s now move on to the case when the class-incremental learner has encountered two previous
tasks (r = 2). By applying lemmata 2 and 3 in both orders, similar to the operations performed
in (25), (26) and (27), εT1(h) can then be expressed as follows:

εT1(h) ≤ εT2(h) +min{εT2(fT2 , fT1), εT1(fT2 , fT1)}+ dH(DT2 ,DT1) (28)

Using the expression in (28) for εT1(h) back in (27), we get the following:

εTi(h) ≤εT2(h) +min{εT2(fT2 , fT1), εT1(fT2 , fT1)}+min{εT1(fT1 , fTi), εTi(fT1 , fTi)}
+ dH(DT2 ,DT1) + dH(DT1 ,DTi) (29)
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Recall that, by the time this analysis is performed, the class-incremental learner has previously
encountered a set of r classes {T1, T2, . . . , Tr}. Our analysis is not dependent on the order of
appearance of the previous classes to the class-incremental learner. Thus, any class task within this
set can be arbitrarily chosen to begin our analysis with. As such, we can perform the above analysis
with class task T2 as the starting point, rather than class task T1. We began above with T1 in (27),
followed by T2 in (28). Let’s now switch the order so that we begin with T2 instead, followed by T1.
The outcome in such case is ultimately expressed as follows:

εTi(h) ≤εT1(h) +min{εT2(fT2 , fT1), εT1(fT2 , fT1)}+min{εT2(fT2 , fTi), εTi(fT2 , fTi)}
+ dH(DT2 ,DT1) + dH(DT2 ,DTi) (30)

From (29) and (30):

εTi(h) ≤ min{εT2(fT2 , fT1), εT1(fT2 , fT1)}+ dH(DT2 ,DT1)

+min
{(
εT1(h) +min{εT2(fT2 , fTi), εTi(fT2 , fTi)}+ dH(DT2 ,DTi)

)
,(

εT2(h) +min{εT1(fT1 , fTi), εTi(fT1 , fTi)}+ dH(DT1 ,DTi)
)}

(31)

Lemmata 2 and 3 can be applied in both orders to obtain a bound for T2 by reversing the roles of T1
and T2, similar to what was performed for T1 to obtain (28). This operation leads to the following
expression for T2:

εT2(h) ≤ εT1(h) +min{εT1(fT1 , fT2), εT2(fT1 , fT2)}+ dH(DT1 ,DT2) (32)

By using the inequalities in (28) and (32) as expressions for εT1(h) and εT2(h), respectively, in (31),
we then obtain the following upper bound on the error εTi(h) of the current class task Ti given two
previous class tasks T1 and T2:

εTi(h) ≤ 2min{εT2(fT2 , fT1), εT1(fT2 , fT1)}+ 2 dH(DT2 ,DT1)

+min
{(
εT2(h) +min{εT2(fT2 , fTi), εTi(fT2 , fTi)}+ dH(DT2 ,DTi)

)
,(

εT1(h) +min{εT1(fT1 , fTi), εTi(fT1 , fTi)}+ dH(DT1 ,DTi)
)}

(33)

By rearranging the clauses of the third (minimum) term on the R.H.S. of (33), we obtain the following:

εTi(h) ≤ 2min{εT1(fT1 , fT2), εT2(fT1 , fT2)}+ 2 dH(DT1 ,DT2)

+min
{(
εT1(h) +min{εT1(fT1 , fTi), εTi(fT1 , fTi)}+ dH(DT1 ,DTi)

)
,(

εT2(h) +min{εT2(fT2 , fTi), εTi(fT2 , fTi)}+ dH(DT2 ,DTi)
)}

(34)

In (27), we have obtained an upper bound on the error εTi(h) for the case when the class-incremental
learner has solely encountered one previous class task. This one class task turned out to be T1 in (27),
but had there been another class task involved rather than T1, as the sole class task, e.g. T2, the same
bound in (27) could then be applied by replacing T1 with T2 in (27). Using this fact for both clauses
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of the third (minimum) term on the R.H.S. of (34), the following upper bound on the error given two
class tasks, T1 and T2, can then be expressed as follows:

εTi(h) ≤ 2min{εT1(fT1 , fT2), εT2(fT1 , fT2)}+ 2 dH(DT1 ,DT2)

+min
{

bound with one class task T1,

bound with one class task T2
}

(35)

Finally, we proceed to the induction step. Assume that the form of the generalization bound on the
error of the current class task Ti, given two previous class tasks T1 and T2 in (34), equivalently holds
for r − 1 training tasks. In other words, assume that the following holds:

εTi(h) ≤
r−1∑

j,k=1,k>j

(
2min{εTj (fTj , fTk), εTk(fTj , fTk)}+ 2 dH(DTj ,DTk)

)
+ min
j∈{1,2,...,r−1}

{(
εTj (h) +min{εTj (fTj , fTi), εTi(fTj , fTi)}+ dH(DTj ,DTi)

)}
(36)

Let’s now involve Tr. Similar to the inequality form in (27), the following is an upper bound on the
error of task Tr−1:

εTr−1(h) ≤ εTr(h) +min{εTr−1(fTr−1 , fTr), εTr(fTr−1 , fTr)}+ dH(DTr−1 ,DTr) (37)

Using the expression in (37) for εTr−1(h) back into (36), we then obtain the following:

εTi(h) ≤
r−1∑

j,k=1,k>j

(
2min{εTj (fTj , fTk), εTk(fTj , fTk)}+ 2 dH(DTj ,DTk)

)
+ min

{(
εT1(h) +min{εT1(fT1 , fTi), εTi(fT1 , fTi)}+ dH(DT1 ,DTi)

)
,(

εT2(h) +min{εT2(fT2 , fTi), εTi(fT2 , fTi)}+ dH(DT2 ,DTi)
)
, . . . ,(

εTr−2(h) +min{εTr−2(fTr−2 , fTi), εTi(fTr−2 , fTi)}+ dH(DTr−2 ,DTi)
)
,(

εTr(h) +min{εTr−1(fTr−1 , fTr), εTr(fTr−1 , fTr)}+min{εTr−1(fTr−1 , fTi), εTi(fTr−1 , fTi)}

+ dH(DTr−1 ,DTr) + dH(DTr−1 ,DTi)
)}

(38)

≤
r−1∑

j,k=1,k>j

(
2min{εTj (fTj , fTk), εTk(fTj , fTk)}+ 2 dH(DTj ,DTk)

)
+ min

{(
εT1(h) +min{εT1(fT1 , fTi), εTi(fT1 , fTi)}+ dH(DT1 ,DTi)

)
,(

εT2(h) +min{εT2(fT2 , fTi), εTi(fT2 , fTi)}+ dH(DT2 ,DTi)
)
, . . . ,(

εTr−2(h) +min{εTr−2(fTr−2 , fTi), εTi(fTr−2 , fTi)}+ dH(DTr−2 ,DTi)
)
,(

εTr−1(h) + 2min{εTr−1(fTr−1 , fTr), εTr(fTr−1 , fTr)}+min{εTr−1(fTr−1 ,fTi), εTi(fTr−1 , fTi)}

+ 2dH(DTr−1 ,DTr) + dH(DTr−1 ,DTi)
)}
, (39)
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where the switch from (38) to (39) is due to the inequality in (27) applied to εTr(h). Recall again
that the order by which the previous classes can be analyzed is arbitrary. Assuming that Tr was
involved in the analysis prior to the involvement of Tr−1, i.e. that the order of these two class tasks is
switched, the outcome in such case would be as follows:

εTi(h) ≤
r−1∑

j,k=1,k>j

(
2min{εTj (fTj , fTk), εTk(fTj , fTk)}+ 2 dH(DTj ,DTk)

)
+ min

{(
εT1(h) +min{εT1(fT1 , fTi), εTi(fT1 , fTi)}+ dH(DT1 ,DTi)

)
,(

εT2(h) +min{εT2(fT2 , fTi), εTi(fT2 , fTi)}+ dH(DT2 ,DTi)
)
, . . . ,(

εTr−2(h) +min{εTr−2(fTr−2 , fTi), εTi(fTr−2 , fTi)}+ dH(DTr−2 ,DTi)
)
,(

εTr−1(h) +min{εTr−1(fTr−1 , fTr), εTr(fTr−1 , fTr)}+min{εTr(fTr , fTi), εTi(fTr , fTi)}

+ dH(DTr−1 ,DTr) + dH(DTr ,DTi)
)}

(40)

Again, using the inequality in (37) for the remaining values of εTr−1(h), then from (40), we obtain
the following:

εTi(h) ≤
r−1∑

j,k=1,k>j

(
2min{εTj (fTj , fTk), εTk(fTj , fTk)}+ 2 dH(DTj ,DTk)

)
+ min

{(
εT1(h) +min{εT1(fT1 , fTi), εTi(fT1 , fTi)}+ dH(DT1 ,DTi)

)
,(

εT2(h) +min{εT2(fT2 , fTi), εTi(fT2 , fTi)}+ dH(DT2 ,DTi)
)
, . . . ,(

εTr−2(h) +min{εTr−2(fTr−2 , fTi), εTi(fTr−2 , fTi)}+ dH(DTr−2 ,DTi)
)
,(

εTr(h) + 2min{εTr−1(fTr−1 , fTr), εTr(fTr−1 , fTr)}+min{εTr(fTr , fTi), εTi(fTr , fTi)}

+ 2dH(DTr−1 ,DTr) + dH(DTr ,DTi)
)}

(41)

Taking the common terms out of (39) and (41), the following is obtained:

εTi(h) ≤
r−1∑

j,k=1,k>j

(
2min{εTj (fTj , fTk), εTk(fTj , fTk)}+ 2 dH(DTj ,DTk)

)
+ (42)

(
2min{εTr−1(fTr−1 , fTr), εTr(fTr−1 , fTr)}+ 2 dH(DTr−1 ,DTr)

)
+ (43)

min
{(
εT1(h) +min{εT1(fT1 , fTi), εTi(fT1 , fTi)}+ dH(DT1 ,DTi)

)
, (44)(

εT2(h) +min{εT2(fT2 , fTi), εTi(fT2 , fTi)}+ dH(DT2 ,DTi)
)
, . . . , (45)(

εTr−2(h) +min{εTr−2(fTr−2 , fTi), εTi(fTr−2 , fTi)}+ dH(DTr−2 ,DTi)
)
, (46)(

εTr−1(h) +min{εTr−1(fTr−1 , fTi), εTi(fTr−1 , fTi)}+ dH(DTr−1 ,DTi)
)
, (47)(

εTr(h) +min{εTr(fTr , fTi), εTi(fTr , fTi)}+ dH(DTr ,DTi)
)}
, (48)
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which results in the following:

εTi(h) ≤
r∑

j,k=1,k>j

(
2min{εTj (fTj , fTk), εTk(fTj , fTk)}+ 2 dH(DTj ,DTk)

)
+ (49)

min
j∈{1,2,...,r}

{(
εTj (h) +min{εTj (fTj , fTi), εTi(fTj , fTi)}+ dH(DTj ,DTi)

)}
(50)

This concludes the induction step and therefore leads to the upper bound on the error of the current
class (with index i) given r previous classes.

4. Experiments

We empirically evaluate the performance of the proposed CIAM framework. We begin this section by
explaining our experimental setup, prior to proceeding with the evaluation process which involves
experiments on common FSCIL benchmarks, an ablative analysis, and an experiment on real-world
medical data.

4.1 Experimental Setup

We mainly aim at evaluating the following aspects: i) the performance of CIAM, measured by both
the final classification accuracy as well as the all-important average classification accuracy on three
important benchmarks which represent the most commonly used benchmarks in FSCIL; ii) the
capacity of the proposed CIAM to alleviate catastrophic forgetting, and the degree to which the
latter can be reduced, measured by the commonly used performance dropping rate; iii) an ablation
study gauging the impact of every component of CIAM; and iv) an application of the proposed
CIAM framework to a real-world medical benchmark which is referred to as the MedMNIST dataset.
State-of-the-art results obtained in terms of the average classification accuracy, final classification
accuracy, and mitigating catastrophic forgetting demonstrate the efficacy of the proposed CIAM
framework.

In all the experiments, we compare with the highest performing variation of every competing
algorithm. Every reported result is an average of 10 runs. Statistical significance (highlighted in
bold) is identified using a paired t-test with p = 0.05. As an optimizer, we use stochastic gradient
descent (SGD) with momentum, with an initial learning rate of 0.01 for both miniImageNet and
CIFAR100, and an initial learning rate of 0.001 for the CUB200 dataset. The kernel width parameter
σ is tuned using cross-validation. The number of normalizing flow steps s is 2, which achieves a
good balance between exploiting the high-fidelity prowess of normalizing flows and computational
soundness. The computational environment consists of an NVIDIA A100 Tensor Core GPU and two
AMD Rome CPUs based on the NVIDIA Mellanox ConnectX-6 interconnect technology.

4.2 Common Few-Shot Class-Incremental Learning Benchmarks

We evaluate CIAM here by performing experiments on the following FSCIL benchmarks: miniIm-
ageNet (Russakovsky et al., 2015), CIFAR100 (Krizhevsky & Hinton, 2009), and CUB200 (Wah
et al., 2011). Here is a brief description of these 3 datasets:

miniImageNet It is 100-class subset of ImageNet (Russakovsky et al., 2015) which is commonly
used in many few-shot learning settings (Vinyals et al., 2016; Finn et al., 2017), i.e. not solely FSCIL.
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Each class consists of 500 training images and 100 test images. The image format is RGB with a
size of 84× 84. The base session, t = 1, comprises 60 classes. After the base session, there are 8
few-shot sessions, each comprising 5 classes. Following the FSCIL literature, e.g. (Tao et al., 2020;
Yang et al., 2023; Zhao et al., 2024), each few-shot session, 2 ≤ t ≤ 9, is a 5-way 5-shot session,
which means that there are 5 training points available for each of the 5 classes.

CIFAR100 This is another dataset which is quite popular in FSCIL (Rebuffi et al., 2017; Castro
et al., 2018). It contains a total of 60, 000 images divided into 100 classes. Each class comprises
500 training images and 100 test images. Each image is of size 32× 32. Similar to miniImageNet,
we also adopt the common setting of CIFAR100 in the FSCIL literature by beginning with a base
session of 60 classes, followed by 8 5-way 5-shot sessions. Thus, there is a total of 9 CIFAR100
learning sessions (1 base session + 8 few-shot sessions).

CUB200 The original design of this dataset was made to address fine-grained image classification
in an incremental learning setting (Chaudhry et al., 2019; Parisi et al., 2019; Tao et al., 2020). It
consists of 6, 000 training images as well as 6, 000 test images. The size of each image is 224× 224.
It comprises 200 classes, each depicting a specific bird category; CUB refers to Caltech-UCSD Birds.
We adopt the common FSCIL splitting format of CUB200 where the 200 classes are divided into 100
classes for the base session, followed by 10 incremental 10-way 5-shot sessions.

Following several previous works in FSCIL, e.g. (Tao et al., 2020; Zhao et al., 2024), we adopt
the utilization of ResNet-18 (He et al., 2016) as the backbone (base) network. For CUB200, the
ResNet-18 backbone is initialized by parameters which have been pre-trained on ImageNet (Deng
et al., 2009). Also, following previous FSCIL works3 (Yang et al., 2023), we train the model on all
the experiments with a minibatch size of 512 during the base session, and a minibatch size of 64
during each incremental few-shot session. For the miniImageNet dataset, the number of epochs is
500 for the base session, and is 150 for each incremental few-shot session. For CIFAR100, we train
the model for 200 epochs during the base session and for 100 epochs during each few-shot session.
The number of epochs for the CUB200 dataset is 80 epochs for the base session and 60 epochs for
each incremental few-shot session.

Evaluation Metrics The most influential evaluation metric for FSCIL is the average overall
classification accuracy which depicts the average test accuracy over all the encountered classes
(from the current as well as all the previous sessions) so far. The final classification accuracy, which
refers to the test accuracy value after encountering all the classes of the final learning session, is
another important metric for FSCIL which we also report below. We also estimate catastrophic
forgetting based on its most widely used FSCIL metric: the performance dropping rate (PD, Zhang
et al., 2021). The PD metric is defined as PD = average overall accuracy after the base session −
average overall accuracy after the final few-shot session.

We evaluate how CIAM fares compared to multiple state-of-the-art FSCIL algorithms: CEC
(Zhang et al., 2021), FACT (Zhou et al., 2022), C-FSCIL (Hersche et al., 2022), TEEN (Wang et al.,
2023b), Bidist (Zhao et al., 2023), SAVC (Song et al., 2023), NC-FSCIL (Yang et al., 2023), TOPIC
(Tao et al., 2020), FCIL (Gu et al., 2023), BM-FSCIL (Zhao et al., 2024), LIMIT (Zhou et al., 2023b),
MetaFSCIL (Chi et al., 2022), iCaRL (Rebuffi et al., 2017), ALICE (Peng et al., 2022) and DF
Replay (Liu et al., 2022).

3. As much as possible and feasible throughout the experiments, we aimed to follow the conventions adopted by previous
works in FSCIL so that we can compare on common grounds.
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Results of all the FSCIL metrics for the miniImageNet dataset are displayed in detail in Table 1.
In addition, a summary including the bulk4 of the highest performing algorithms is also portrayed in
Figure 2. The proposed CIAM achieves significantly higher average overall classification accuracy
as well as final classification accuracy (i.e. classification accuracy after the final session which is
session 9 for miniImageNet). In addition, CIAM is capable of alleviating catastrophic forgetting
more efficiently than all the previous state-of-the-art FSCIL algorithms. This is demonstrated by
achieving significantly lower PD rates. Apparently, a higher PD rate signifies higher forgetting
rates which is undesirable, unlike the accuracy-based metrics where a higher value is a testament
for better performance. CIAM outperforms the previous state-of-the-art in terms of the average
overall classification accuracy, final classification accuracy and PD rate by 3.77%, 5.38%, and
4.42%, respectively.

CIAM also significantly outperforms the previous state-of-the-art on CIFAR100 in terms of the
(final and average overall) accuracy-based classification metrics as well as the PD rate. This is
illustrated in Table 2 and in Figure 3. The improvement over the previous state-of-the-art is 5.02% in
terms of the average overall classification accuracy, and 6.51% in terms of the final classification
accuracy. In addition, CIAM achieves a PD rate which is 5.96% lower (denoting a lower forgetting
rate) than the previous state-of-the-art. This is a considerable improvement in alleviating catastrophic
forgetting, which demonstrates the ability of CIAM to address the stability-plasticity dilemma. The
rich density estimators employed by the proposed CIAM latent variable model, and the way they
are fused with probabilistic modelling, have contributed to an effective adaptation strategy, which is
ultimately reflected in terms of the resulting predictive accuracy and performance retention.

The commonly used splitting of the CUB200 dataset in FSCIL comprises a total of 11 sessions,
i.e. with two more few-shot sessions than the previous two benchmarks. Accordingly, the resulting
improvement by CIAM in terms of the average overall classification accuracy is even more consider-
able on CUB200 than on the other two datasets, with a difference of 6.61% over the second highest
FSCIL algorithm. The classification accuracy is also higher over all the learning sessions, with an
improvement of 6.17% over the previous state-of-the-art in terms of the final classification accuracy
(after session 11). The PD rate is also lower (better) by 4.41%. The results achieved on CUB200 are
described in Table 3 and in Figure 4.

4.3 Ablation Study

We conduct an ablative analysis so as to analyze the role of every modeling component of the
proposed CIAM framework in achieving the obtained levels of accuracy, performance retention,
and in mitigating catastrophic forgetting. Results of the performed ablation study are displayed in
Figures 5-7 for miniImageNet, CIFAR100 and CUB200, respectively. The classification performance
of CIAM after learning from every session is compared with the following scenarios:

1. No base network, where the model does not have a proper opportunity to learn from the
relatively large amounts of data samples and classes available during the base session.

2. No VAE, where the model hardly learns from the few data samples available during the
few-shot sessions, and only utilizes the already learned base network (learned during the base
session) to map the few-shot classes.

4. We opted for this for the sake of a better clarity of the figures.
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Table 1: Classification accuracy after learning from every session (1 base session + 8 few-shot
sessions) of the miniImageNet dataset. The classification accuracy value after session 9 is the final
classification accuracy. We also list the values of the all-important average overall classification
accuracy, which denotes the average accuracy over all the learned FSCIL sessions, and the values of
the performance dropping rate (PD) as a catastrophic forgetting metric. Results are displayed for the
proposed CIAM as well as 15 other seminal FSCIL algorithms. Bold entries indicate significance.
For PD, the lower the value the better, whereas the higher the better for the other (accuracy-based)
metrics. The proposed CIAM significantly outperforms the previous state-of-the-art in terms of
the average overall classification accuracy, the forgetting rate measured by PD, as well the final
classification accuracy (i.e. classification accuracy after session 9). The proposed CIAM algorithm
achieves significantly higher classification accuracy values and higher performance retention levels
than the other FSCIL algorithms when learning from all the few-shot sessions after the base session.

Method Overall acc. after each session (%)
Avg. overall acc. PD

1 2 3 4 5 6 7 8 9
CEC (Zhang et al., 2021) 72.0 66.83 62.97 59.43 56.70 53.73 51.19 49.24 47.63 57.75 24.37
FACT (Zhou et al., 2022) 72.56 69.63 66.38 62.77 60.60 57.33 54.34 52.16 50.49 60.69 22.07
C-FSCIL (Hersche et al., 2022) 76.40 71.14 66.46 63.29 60.42 57.46 54.78 53.11 51.41 61.61 24.99
TEEN (Wang et al., 2023b) 73.53 70.55 66.37 63.23 60.53 57.95 55.24 53.44 52.08 61.44 21.45
Bidist (Zhao et al., 2023) 74.65 70.43 66.29 62.77 60.75 57.24 54.79 54.79 54.79 61.42 22.43
SAVC (Song et al., 2023) 81.12 76.14 72.43 68.92 66.48 62.95 59.92 58.39 57.11 67.05 24.01
NC-FSCIL (Yang et al., 2023) 84.02 76.80 72.00 67.83 66.35 64.04 61.46 59.54 58.31 67.82 25.71
TOPIC (Tao et al., 2020) 61.31 50.09 45.17 41.16 37.48 35.52 32.19 29.46 24.42 39.64 36.89
FCIL (Gu et al., 2023) 76.34 71.40 67.10 64.08 61.30 58.51 55.72 54.08 52.76 62.37 23.58
BM-FSCIL (Zhao et al., 2024) 86.22 77.38 73.90 70.13 67.85 65.11 62.84 61.61 60.47 69.50 25.75
LIMIT (Zhou et al., 2023b) 72.32 68.47 64.30 60.78 57.95 55.07 52.70 50.72 49.19 59.06 23.13
MetaFSCIL (Chi et al., 2022) 72.04 67.94 63.77 60.29 57.58 55.16 52.90 50.79 49.19 58.85 22.85
iCaRL (Rebuffi et al., 2017) 61.31 46.32 42.94 37.63 30.49 24.00 20.89 18.80 17.21 33.29 44.10
ALICE (Peng et al., 2022) 80.60 70.60 67.40 64.50 62.50 60.00 57.80 56.80 55.70 63.99 24.90
DF Replay (Liu et al., 2022) 71.84 67.12 63.21 59.77 57.01 53.95 51.55 49.52 48.21 58.02 23.63
CIAM (Ours) 82.88 80.74 76.55 75.63 72.82 70.01 68.28 66.68 65.85 73.27 17.03

3. No adaptation of relevant classes, where the VAE is solely used to learn the representation
of the current few-shot class, without leveraging one of the principal edges of our proposed
model where the relevant previous classes are adapted accordingly.

4. Randomly selected relevant classes, where the VAE is used to adapt the current few-shot class
as well as the relevant previous classes. However, the relevant classes are selected randomly,
i.e. not via the Gaussian kernel-based similarity.

As shown in the results of the ablative analysis in Figures 5-7, significant differences in the
performance levels (between CIAM and the other four scenarios) empirically demonstrate the
significance of the proposed adaptation mechanism, along with the other modeling components, in
achieving the performance levels obtained by CIAM.

4.4 Medical Benchmark

In addition to the commonly used FSCIL benchmarks, we apply the proposed CIAM framework
to real-world medical images in the form of the MedMNIST dataset (Yang et al., 2021a, 2021b).
MedMNIST is a standard medical imaging benchmark which consists of a collection of medical
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Table 2: Classification accuracy after learning from the 9 sessions of the CIFAR100 dataset. The
proposed CIAM achieves a significantly higher average overall classification accuracy and final (after
session 9) classification accuracy. Furthermore, CIAM is also more efficient in terms of alleviating
catastrophic forgetting, given its significantly lower PD rate. A summary of the results achieved by
CIAM, along with most of the previous state-of-the-art, is further illustrated in Figure 3.

Method Overall acc. after each session (%)
Avg. overall acc. PD

1 2 3 4 5 6 7 8 9
CEC (Zhang et al., 2021) 73.07 68.88 65.26 61.19 58.09 55.57 53.22 51.34 49.14 59.53 23.93
FACT (Zhou et al., 2022) 74.60 72.09 67.56 63.52 61.38 58.36 56.28 54.24 52.10 62.24 22.50
C-FSCIL (Hersche et al., 2022) 77.47 72.40 67.47 63.25 59.84 56.95 54.42 52.47 50.47 61.64 27.0
TEEN (Wang et al., 2023b) 78.92 72.32 68.16 64.43 61.19 58.48 56.11 54.03 51.87 62.83 27.05
Bidist (Zhao et al., 2023) 79.98 76.43 72.91 68.88 65.21 61.72 60.45 58.47 55.94 66.67 24.04
SAVC (Song et al., 2023) 78.47 72.31 67.49 62.41 59.10 55.95 53.81 51.54 49.16 61.14 29.31
NC-FSCIL (Yang et al., 2023) 82.52 76.82 73.34 69.68 66.19 62.85 60.96 59.02 56.11 67.50 26.41
TOPIC (Tao et al., 2020) 64.10 55.88 47.07 45.16 40.11 36.38 33.96 31.55 29.37 42.62 34.73
FCIL (Gu et al., 2023) 78.31 73.07 69.84 66.29 62.93 58.99 56.18 53.70 51.91 63.47 26.40
BM-FSCIL (Zhao et al., 2024) 82.88 78.94 74.59 70.35 67.85 64.99 63.79 61.92 59.68 69.44 23.20
LIMIT (Zhou et al., 2023b) 73.81 72.09 67.87 63.89 60.70 57.77 55.67 53.52 51.23 61.84 22.58
MetaFSCIL (Chi et al., 2022) 74.50 70.10 66.84 62.77 59.48 56.52 54.36 52.56 49.97 60.79 24.53
iCaRL (Rebuffi et al., 2017) 64.10 53.28 41.69 34.13 27.93 25.06 20.41 15.48 13.73 32.87 50.37
ALICE (Peng et al., 2022) 79.00 70.50 67.10 63.40 61.20 59.20 58.10 56.30 54.10 63.21 24.90
DF Replay (Liu et al., 2022) 74.40 70.20 66.54 62.51 59.71 56.58 54.52 52.39 50.14 60.78 24.26
CIAM (Ours) 82.73 80.80 78.92 76.39 74.01 72.05 70.45 68.64 66.19 74.46 16.54

Table 3: Classification accuracy after learning from the 11 sessions of the CUB200 dataset. The
improvement achieved by the proposed CIAM is significant in terms of all the performance metrics
(average overall classification accuracy, final classification accuracy and PD rate). Moreover, the
larger number of incremental sessions (compared to the previous two datasets) has made the im-
provement in terms of the average overall classification accuracy even more considerable (6.61%
improvement over the previous state-of-the-art). This is further clarified in Figure 4.

Method Overall acc. after each session (%)
Avg. overall acc. PD

1 2 3 4 5 6 7 8 9 10 11
CEC (Zhang et al., 2021) 75.85 71.94 68.50 63.50 62.43 58.27 57.73 55.81 54.83 53.52 52.28 61.33 23.57
FACT (Zhou et al., 2022) 75.90 73.23 70.84 66.13 65.56 62.15 61.74 59.83 58.41 57.89 56.94 64.42 18.96
C-FSCIL (Hersche et al., 2022) 75.88 75.51 72.42 70.55 66.09 64.58 62.11 59.71 57.98 56.87 56.42 65.28 19.46
TEEN (Wang et al., 2023b) 77.26 76.13 72.81 68.16 67.77 64.40 63.25 62.29 61.19 60.32 59.31 66.62 17.95
Bidist (Zhao et al., 2023) 79.98 75.24 73.80 69.44 67.85 65.09 64.14 63.72 62.42 62.17 61.51 67.76 18.47
SAVC (Song et al., 2023) 81.85 77.92 74.95 70.21 69.96 67.02 66.16 65.30 63.84 63.15 62.50 69.35 19.35
NC-FSCIL (Yang et al., 2023) 80.45 75.98 72.30 70.28 68.17 65.16 64.43 63.25 60.66 60.01 59.44 67.28 21.01
TOPIC (Tao et al., 2020) 68.68 62.49 54.81 49.99 45.25 41.40 38.35 35.36 32.22 28.31 26.26 43.92 42.42
FCIL (Gu et al., 2023) 79.86 74.37 71.88 66.49 67.57 64.28 62.91 60.01 59.16 58.93 58.18 65.79 21.68
BM-FSCIL (Zhao et al., 2024) 81.22 78.40 75.77 72.40 71.10 68.35 67.25 66.40 64.71 64.56 63.89 70.37 17.33
LIMIT (Zhou et al., 2023b) 76.32 74.18 72.68 69.19 68.79 65.64 63.57 62.69 61.47 60.44 58.45 66.67 17.87
MetaFSCIL (Chi et al., 2022) 75.90 72.41 68.78 64.78 62.96 59.99 58.30 56.85 54.78 53.82 52.64 61.93 23.26
iCaRL (Rebuffi et al., 2017) 68.68 52.65 48.61 44.16 36.62 29.52 27.83 26.26 24.01 23.89 21.16 36.67 47.52
ALICE (Peng et al., 2022) 77.40 72.70 70.60 67.20 65.90 63.40 62.90 61.90 60.50 60.60 60.10 65.75 17.30
DF Replay (Liu et al., 2022) 75.90 72.14 68.64 63.76 62.58 59.11 57.82 55.89 54.92 53.58 52.39 61.52 23.51
CIAM (Ours) 82.95 81.70 81.14 80.02 78.95 77.67 75.83 74.84 72.01 71.56 70.06 76.98 12.89

image datasets designed for the sake of benchmarking machine learning algorithms in the healthcare
domain.
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Figure 2: Comparison between state-of-the-art FSCIL algorithms on miniImageNet. The proposed
CIAM significantly outperforms the previous state-of-the-art during all the incremental few-shot
sessions. This is demonstrated by higher (average overall + final) classification accuracy values,
as well as by achieving higher performance retention levels depicted by the significantly lower
forgetting rate. Adapting the relevant previously encountered classes when learning new classes has
contributed to achieving higher performance retention levels of the knowledge previously acquired
on previous classes, ultimately leading to considerably lower forgetting rates. This will also be
further clarified in the ablative analysis in Section 4.3. The difference in the performance becomes
even more considerable after the first few incremental few-shot sessions, when it becomes more
challenging to address the potential catastrophic forgetting of the already acquired knowledge.

Figure 3: Performance of CIAM as well as other FSCIL algorithms on CIFAR100. CIAM achieves
significantly higher classification accuracy results and better performance retention levels.

MedMNIST is a collection containing 12 2D medical datasets which have been pre-processed and
standardized to perform classification tasks on 28× 28 images (Yang et al., 2021a). The MedMNIST
tasks cover numerous medical image modalities and diverse data scales. The corresponding labels
are available and hence neither background knowledge nor manual tuning is required for users, which
is a significant advantage, particularly when analyzing multiple datasets with different modalities.

Similar to what we adopted with the common benchmarks in Section 4.2, we also follow the
experimental conventions pursued previously on the MedMNIST dataset within the same learning
paradigm, which is FSCIL. The backbone (base) network we utilize here too is ResNet-18, similar
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Figure 4: Comparison between CIAM and several other FSCIL algorithms on the CUB200 dataset.
CIAM achieves significantly better performance in terms of classification accuracy throughout all
the learning sessions (and consequently higher average overall classification accuracy), as well as
better performance retention levels. A higher number of few-shot sessions (compared to the previous
two datasets) has contributed to a more considerable improvement in terms of the average overall
classification accuracy.

Figure 5: Ablations on miniImageNet. The significant differences in the performance levels, through-
out all the learning sessions, between CIAM and the other four scenarios demonstrate the impactful
role of its modeling components, and emphasize the value added by the proposed adaptation strategy.

to the work in (Yang et al., 2023) which, to the best of our knowledge, represents the sole few-shot
class-incremental learning work with reported results on the MedMNIST dataset. The experiments
performed on MedMNIST in (Derakhshani et al., 2022) follow a vanilla class-incremental learning
setting with abundant data available during every incremental session. This is different from the
adopted few-shot class-incremental learning setting with the immensely challenging aspect of having
to learn from very few (one data point per class, as will be clarified shortly) data points during every
incremental few-shot session. The minibatch size is 512 during the base session, and is 64 during
each incremental few-shot session. The number of epochs is 150 epochs during the base session and
80 during every subsequent incremental few-shot session.

Following previous works on MedMNIST (Yang et al., 2023), we pursue an FSCIL setting
consisting of 6 selected medical disease classification datasets. The classes involved in 3 (out of the
6) medical datasets are selected as the classes of the base session (with a total of 27 classes), whereas
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Figure 6: Ablations on CIFAR100. The results demonstrate that every modeling component of CIAM
is influential. This is witnessed by the considerable differences with the other four scenarios.

Figure 7: Ablations on CUB200. There are massive differences in performance between CIAM and
the other four scenarios. This underlines the worth of every modeling component, including the
proposed latent variable modeling-based adaptation strategy.

the classes of the other 3 datasets serve as the incremental few-shot classes (with a total of 15 classes).
The base session datasets are: PathMNIST (Kather et al., 2019), DermaMNIST (Tschandl et al.,
2018) and OrganAMNIST (Bilic et al., 2023). The few-shot datasets are: BloodMNIST (Acevedo
et al., 2020), BreastMNIST (Al-Dhabyani et al., 2020) and RetinaMNIST (Dataset, 2020). After the
base session which consists of 27 classes. We proceed with 15 1-way 1-shot incremental few-shot
sessions each containing one out of the 15 few-shot classes.

PathMNIST (Kather et al., 2019) is a 9-class dataset which was collected for predicting survival
from colorectal cancer histology slides. It consists of a total of 107, 180 images divided into 100, 000
training images and 7, 180 test images. DermaMNIST (Tschandl et al., 2018) is a 7-class dataset
where the classes denote common pigmented skin lesions. It contains a total of 10, 015 images, 8, 010
for training and 2, 005 for the test procedure. OrganAMNIST is a 11-class dataset which is based
on images from the Liver Tumor Segmentation benchmark (LiTS) (Bilic et al., 2023). The classes
represent 11 body organs. The size of the dataset is 58, 850 images, divided into 41, 072 training
and 17, 778 test images. The BloodMNIST (Acevedo et al., 2020) dataset contains 8 classes and is
captured from individuals with either no infection, hematologic, or oncologic disease. It consists
of a total of 17, 092 images divided into 13, 671 training and 3, 421 test images. BreastMNIST
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(Al-Dhabyani et al., 2020) is a 2-class dataset of 780 breast ultrasound images. It was originally
categorized into 3 classes: normal, benign, and malignant. The task was later simplified (Yang et al.,
2021a) into binary classification by amalgamating the normal and benign classes together as one
class, against the malignant class. It is divided into 624 training and 156 test images. RetinaMNIST
(Dataset, 2020) is a 5-class dataset of retina fundus images whose original task was to predict a level
out of a 5-level grading of diabetic retinopathy severity. It consists of 1, 600 images, divided into
1, 200 training and 400 test images.

The results of the experiments performed on the medical benchmark MedMNIST can be found
in Table 4 and in Figure 8. CIAM achieves state-of-the-art average overall classification accuracy,
final classification accuracy and PD rate. The final classification accuracy is 4.54% higher than
the previous state-of-the-art. The forgetting rate, measured by PD (4.43% lower than the previous
lowest PD), is particularly important with the MedMNIST medical benchmark for two reasons: i)
this dataset of real-world images provides a proper simulation of a realistic scenario where an FSCIL
framework must learn how to both adapt and be stable (i.e. not forget the previous knowledge), and
ii) the degree of performance retention achieved by CIAM is accomplished in a rigorous few-shot
setting with 15 1-way 1-shot sessions with one data point available per class. In addition, it can
be noticed from Figure 8 that the last few sessions of the FSCIL procedure have witnessed a more
significant superiority of CIAM, which demonstrates its ability to learn from a longer sequence of
new classes consisting of real-world data, like MedMNIST. This is of paramount importance due to
the widespread nature of real-world scenarios like the one studied here in the medical domain.

The average training run-time of CIAM on the miniImageNet dataset is 5.4 minutes on miniIma-
geNet, 7.1 minutes on CIFAR100, 2.2 minutes on CUB200 and 14.8 minutes on MedMNIST. The
run-time results, which are considered very compelling in the CIL paradigm, are mainly thanks to
the proposed mechanism of dividing the training burden into a pre-trained representation during the
base session phase, followed by VAE training phase which solely acts during the few-shot sessions
and which benefits from the aforementioned pre-training phase.

Figure 8: Performance of CIAM vs. 9 other FSCIL algorithms on the medical dataset MedMNIST.
CIAM achieves higher classification accuracy results as well as significantly better performance
retention levels in the rigorous few-shot setting including 15 1-way 1-shot sessions after the base
session.
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Table 4: Classification accuracy after learning from sessions (1 base session + 15 incremental few-
shot sessions) of the MedMNIST dataset where each incremental few-shot session is 1-way 1-shot.
A full illustration (i.e. with sessions 1, 2, . . . 16) is also provided in Figure 8. The classification
accuracy after session 16 is the final classification accuracy. This is followed by the average overall
classification accuracy and the performance dropping rate (PD) which is the catastrophic forgetting
metric. Results are displayed for the proposed CIAM along with 9 other FSCIL algorithms. A bold
entry indicates significance. CIAM achieves state-of-the-art results in terms of the aforementioned
metrics. The forgetting rate, measured by PD, is of particular significance given the fact that this
degree of performance retention (PD = 2.2) is achieved in a very rigorous few-shot setting where all
the incremental few-shot sessions are 1-way 1-shot with solely one data point each.

Method Overall acc. after each session (%)
Avg. overall acc. PD

1 3 5 7 9 11 13 15 16
FACT 90.58 89.34 88.56 88.04 86.92 85.11 84.10 81.85 80.02 86.34 10.56
C-FSCIL 89.41 88.52 88.01 87.45 86.80 84.19 82.36 80.03 78.96 85.50 10.45
TEEN 91.30 90.74 90.16 89.38 89.11 88.38 85.74 84.06 83.71 88.30 7.59
Bidist 92.18 91.11 90.14 89.80 89.37 88.97 87.58 84.83 83.92 88.95 8.26
SAVC 92.15 91.51 90.38 89.81 89.53 88.63 88.28 85.33 84.05 89.25 8.10
NC-FSCIL 92.42 91.65 90.57 89.63 89.45 88.58 88.26 85.97 84.52 89.33 7.90
BM-FSCIL 92.32 91.92 90.89 90.02 89.62 88.93 88.49 86.20 85.69 89.65 6.63
LIMIT 91.13 90.73 89.97 89.16 89.04 88.13 85.39 83.16 82.52 88.02 8.61
CDFSCIL 91.51 90.75 90.33 89.55 89.18 88.54 86.01 84.19 83.75 88.46 7.76
CIAM (Ours) 92.43 92.31 91.98 91.78 91.30 90.84 90.58 90.29 90.23 91.36 2.20

5. Related Work

In incremental (continual) learning, training is divided into a set of subsequent tasks. During any
training session, the learner can typically access the data of the current task only. Class-incremental
learning (CIL) refers to the more challenging scenario of incremental learning where the learner has
no access to the task ID at test (inference) time (Masana et al., 2022). Therefore, a class-incremental
learner must learn how to distinguish between all the encountered classes from all tasks (Hou et al.,
2019; Yu et al., 2020; Mai et al., 2021; Shim et al., 2021; Zhu et al., 2021; Liu et al., 2023; Rymarczyk
et al., 2023; Wen et al., 2023; Zhou et al., 2023a). A class-incremental learner must also have the
ability to continually learn new classes without forgetting the old (i.e. previously encountered) ones.
Widely used approaches in CIL include replay strategies where several representative instances of the
previously encountered classes are either stored or generated, and then replayed after encountering
new classes so that the old knowledge can be maintained (Liu et al., 2020; Cha et al., 2021; Masana
et al., 2022). Another approach, which is usually combined with replay strategies, is referred to as
knowledge distillation. In knowledge distillation (Li & Hoiem, 2016; Rebuffi et al., 2017; Wu et al.,
2019; Douillard et al., 2020; Cheraghian et al., 2021a; Kang et al., 2022b), the relationship between
the representation changes along different tasks and the resulting losses is estimated. The objective is
to enforce consistent loss changes such that the old representations do not change massively while
adjusting to new tasks. A third CIL approach is based on expanding the model along with the arrival
of new classes (Liu et al., 2021; Yan et al., 2021; Wang et al., 2023). Examples include the work in
(Yan et al., 2021) where at each incremental step the previously learned representation is frozen and
augmented with additional feature dimensions from a new feature extractor.
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The challenging difficulties associated with CIL are further exacerbated when solely a scarce
amount of data is available for each incremental class, which is the setting we adopt herein and is
referred to as few-shot class-incremental learning (FSCIL). After training on a base session with
sufficient sample sizes for every class, an FSCIL learner then encounters incremental few-shot
sessions with limited sample sizes per class (Chen & Lee, 2020; Tao et al., 2020; Zhu et al., 2021;
Liu et al., 2022; Tan et al., 2022; Zhu et al., 2022; Zou et al., 2022; Zhang et al., 2023; Zhuang et al.,
2023; Ran et al., 2024; Tian et al., 2024).

Due to the scarcity of available data for all the incremental few-shot classes, the traditional CIL
strategies cannot perform efficiently in FSCIL. Instead, after the base session, the bulk of FSCIL
algorithms decouple the representation learning part from the classifiers. The feature extractor is
often trained to learn representations during the base session, and is then frozen. The incremental
few-shot sessions typically proceed with the sole task of optimizing the classifiers (Zhang et al.,
2021; Akyurek et al., 2022). In addition to this decoupling which results in a pre-trained backbone,
a non-parametric class mean classifier is deployed in (Zhang et al., 2021) to alleviate catastrophic
forgetting. Pre-trained feature extractors are combined with subspace regularization schemes in
(Akyurek et al., 2022) to encourage weight vectors of new classes to lie close to the space spanned
by the weights of the previously encountered classes. The C-FSCIL algorithm in (Hersche et al.,
2022) combines a frozen, meta-learned feature extractor with a rewritable and dynamically growing
memory which stores vectors for all the encountered classes.

Other previous works on FSCIL are based on establishing representative prototypes of the
few-shot classes. The algorithm presented in (Mazumder et al., 2021) aims to address catastrophic
forgetting by minimizing the cosine similarity between the prototypes of the new classes and those of
the old classes. It also adopts a selection strategy to choose a subset of the model parameters to train
the new classes on, rather than training them on the whole model. Flat local minima of the objective
function of the base session training is sought in (Shi et al., 2021). After the base session (i.e. during
the incremental few-shot sessions), the prototypes are normalized and the model parameters are
fine-tuned within the flat region. The FACT algorithm proposes a strategy for learning prospectively
to prepare for future updates by assigning virtual prototypes and reserving embedding space for
new classes (Zhou et al., 2022). A loss referred to as the Prototype Smoothing Hard-mining Triplet
(PSHT) loss is developed in (Ji et al., 2023) to push the novel prototypes away from one another as
well as from the prototypes of the old classes. The class prototypes are computed in (Cheraghian
et al., 2021b) via a subspace computation strategy based on clustering in the (image) feature space to
relate base and few-shot classes.

In spite of some success in alleviating catastrophic forgetting, the aforementioned approach of
completely freezing the feature extractor and solely computing prototypes during the incremental
few-shot sessions has been shown to be prone to potential bias basically due to the class imbalance
between base and few-shot classes (Wang et al., 2023b; Zhao et al., 2024). A set of works have
proposed approaches to mitigate this bias based on calibrating the class prototypes (Zhu et al., 2021;
Deng et al., 2022; Wang et al., 2023b; Zhang & Gu, 2023; Zhou et al., 2023b; Zhu et al., 2023b). The
incremental prototype learning scheme presented in (Zhu et al., 2021) consists of a random episode
selection strategy that aligns the feature extractor with various generated incremental episodes, and a
self-promoted prototype refinement mechanism to enhance the expressive ability of new classes. A
prototype calibration strategy, which forms the main part of TEEN (Wang et al., 2023b), fuses the
prototypes of the new classes with weighted base prototypes to enhance the discriminability of the
new classes. However, they only update the prototype of the current class, leaving all the similar
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previous classes unchanged, which can result in making the previous classes prone to potential bias.
A technique to replay and calibrate prototypes, which is based on a series of augmentations by
rotations and nonlinear transformations, is presented in (Zhang & Gu, 2023). New class prototypes
and old class classifiers are calibrated into the same scale via a transformer-based calibration module
in the LIMIT algorithm (Zhou et al., 2023b).

As argued in (Zhao et al., 2024), balanced and effective incremental classification is still tricky
to achieve with freezing and/or prototype calibration. A balanced classification in this context
refers to an FSCIL classifier which is not severely biased towards neither the base classes nor the
incremental few-shot classes. It is also important to effectively utilise the few samples available for
the incremental few-shot classes to express such classes with high fidelity. We conjecture that the stiff
separation between the feature extractor and the classifier can play a role in enforcing this bias. Hence,
our work can be viewed as a foundation of another representation, which is the latent representation
z, that acts as an intermediary between the feature extractor (i.e. the base representation) and the
classifier. This latent representation is optimized in the proposed manner to adapt the representation
of not only the current class but also the relevant previous classes, such that catastrophic forgetting
as well as potential bias can be alleviated.

Other FSCIL algorithms include the work in (Tao et al., 2020) which uses a neural gas network to
preserve the topology of the feature manifold of all the classes. The MetaFSCIL algorithm is based on
meta-learning where a bi-level optimization procedure optimizes the network by sampling sequences
of incremental tasks from the base classes and using such samples to simulate the evaluation protocol
(Chi et al., 2022). The method in (Achituve et al., 2021) develops a growing tree-based hierarchical
model in which each internal node fits a Gaussian process. A variational autoencoder was trained
as part of a CIL model in (van de Ven et al., 2021). However, this was designed for the vanilla
(not few-shot) CIL paradigm. More importantly, it encounters massive scalability issues since a
completely new variational autoencoder is trained (and tested) for each and every new class. In
addition, the cost of inference is further exacerbated by the need for 10, 000 importance samples
for each likelihood estimation. The ALICE algorithm (Peng et al., 2022) is based on replacing the
cross-entropy loss with an angular penalty loss to obtain more clustered features, adding a margin to
improve discriminability, and combining this with augmentation mechanisms. The SAVC algorithm
developed in (Song et al., 2023) is a virtual contrastive model which separates the base classes from
the new few-shot classes by introducing virtual classes.

6. Conclusion

We introduced a few-shot class-incremental learning framework to address the main challenges
of this paradigm, like catastrophic forgetting, potential bias and overfitting. The principal part of
the proposed framework involves a latent variable model that we developed such that, upon the
arrival of a new few-shot class, it enforces a consistent adaptation process covering not only the new
class, but also the previous relevant classes, in light of the new knowledge that the class-incremental
learner has just acquired. We also derived a generalization upper bound on the error of an upcoming
class, providing theoretical evidence of the proposed strategy. Efficacy of the proposed adaptation
strategy, measured by several performance metrics like the average overall classification accuracy,
final classification accuracy, and the performance dropping rate to assess catastrophic forgetting, is
demonstrated via powerful empirical performance over three widely used few-shot class-incremental
learning benchmarks. In addition, the state-of-the-art accuracy and performance retention results
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achieved on a real-world medical benchmark demonstrate the capability of the proposed adaptation
strategy to learn in real-world scenarios.
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