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Abstract

Few-Shot Class-Incremental Learning (FSCIL) intro-
duces a paradigm in which the problem space expands
with limited data. FSCIL methods inherently face the chal-
lenge of catastrophic forgetting as data arrives incremen-
tally, making models susceptible to overwriting previously
acquired knowledge. Moreover, given the scarcity of la-
beled samples available at any given time, models may be
prone to overfitting and find it challenging to strike a bal-
ance between extensive pretraining and the limited incre-
mental data. To address these challenges, we propose the
OrCo framework built on two core principles: features’
orthogonality in the representation space, and contrastive
learning. In particular, we improve the generalization of
the embedding space by employing a combination of su-
pervised and self-supervised contrastive losses during the
pretraining phase. Additionally, we introduce OrCo loss to
address challenges arising from data limitations during in-
cremental sessions. Through feature space perturbations
and orthogonality between classes, the OrCo loss maxi-
mizes margins and reserves space for the following incre-
mental data. This, in turn, ensures the accommodation of
incoming classes in the feature space without compromising
previously acquired knowledge. Our experimental results
showcase state-of-the-art performance across three bench-
mark datasets, including mini-ImageNet, CIFAR100, and
CUB datasets. Code is available at: https://github.
com/noorahmedds/OrCo.

1. Introduction
Real-world applications frequently encounter various chal-
lenges when acquiring data incrementally, with new in-
formation arriving in continuous portions. This scenario
is commonly referred to as Class Incremental Learning
(CIL) [2–4, 13, 14, 24, 25, 31, 33, 39, 43, 48]. Within
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Figure 1. PCA analysis on feature space before and after align-
ment. Left: Before aligning incremental classes to orthogonal
pseudo-targets. Right: After aligning incremental classes to as-
signed targets using OrCo loss. Our loss effectively reduces mis-
alignment. Additionally, it enhances generalization for incoming
classes by explicitly reserving space.

CIL, the foremost challenge lies in preventing catastrophic
forgetting [10, 19, 27], where previously learned concepts
are susceptible to being overwritten by the latest updates.
However, in a Few-Shot Class-Incremental Learning (FS-
CIL) scenario [8, 12, 12, 18, 22, 26, 35, 40, 42, 44–
46], characterized by the introduction of new information
with only a few labeled samples, two additional challenges
emerge: overfitting and intransigence [7, 34]. Overfitting
arises as the model may memorize scarce input data and
lose its generalization ability. On the other hand, intransi-
gence involves maintaining a delicate balance, preserving
knowledge from abundant existing classes while remaining
adaptive enough to learn new tasks from a highly limited
dataset. Advances in dealing with catastrophic forgetting,
overfitting and intransigence are important steps toward im-
proving the practical value of these methods.

Catastrophic forgetting is commonly tackled in CIL
methods [14, 16, 31], which assume ample labeled train-
ing data. However, standard CIL methods struggle in sce-
narios with limited labeled data, such as FSCIL [35]. To
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address the three challenges posed by FSCIL, recent ap-
proaches [42, 45] focus primarily on regularizing the feature
space during incremental sessions, mitigating the risk of
overfitting. These methods rely on a frozen backbone pre-
trained with standard cross-entropy on a substantial amount
of data from the base session. However, we argue that
achieving high performance on the pretraining dataset may
not necessarily result in optimal generalization in subse-
quent incremental sessions with limited data. Therefore, in
the first phase, we propose enhancing feature space gener-
alization through contrastive learning, leveraging data from
the base session.

In this work, we introduce the OrCo framework, a novel
approach built on two fundamental pillars: features’ mu-
tual orthogonality on the representation hypersphere and
contrastive learning. During the first phase, we lever-
age supervised [17] and self-supervised contrastive learn-
ing [6, 11, 29] for pretraining the model. The interplay
between these two learning paradigms enables the model
to capture various types of semantic information that is
particularly beneficial for the novel classes with limited
data [1, 5, 15], implicitly addressing the intransigence is-
sue. After the pretraining, we generate and fix mutually
orthogonal random vectors, further referred to as pseudo-
targets. In the second phase, we aim to align the fixed
pretrained backbone to the pseudo-targets using abundant
base data. The learning objective during this phase is our
OrCo loss, which consists of three integral components:
perturbed supervised contrastive loss (PSCL), loss term that
enforces orthogonality of features in the embedding space,
and standard cross-entropy loss. Notably, our PSCL lever-
ages generated pseudo-targets to maximize margins be-
tween the classes and to preserve space for incremental
data, enhancing orthogonality through contrastive learning
(see figure 1). The third phase of our framework, which
we apply in each subsequent incremental session, similarly
aims to align the model with the pseudo-targets, but using
only few-shot data from the incremental sessions. During
the third phase, our PSCL addresses limited data challenges,
mitigating the overfitting problem to the current incremental
session and catastrophic forgetting of the previous sessions
through margin maximization.

We summarize the contributions of this work as follows:
• We introduce the novel OrCo framework designed to

tackle FSCIL, that is built on orthogonality and con-
trastive learning principles throughout both pretraining
and incremental sessions.

• Our perturbed supervised contrastive loss introduces per-
turbations of orthogonal, data-independent vectors in the
representation space. This approach induces increased
margins between classes, enhancing generalization.

• We showcase robust performance on three datasets, out-
performing previous state-of-the-art methods. Further-

more, we perform a thorough analysis to evaluate the im-
portance of each component.

2. Related Work

Few-Shot Learning (FSL). In FSL, a model is trained
on scarce data with just a few samples per class. Cur-
rent literature can be divided into two predominant cat-
egories: optimisation-based [9, 28, 30] and metric-based
methods [30, 34, 37]. Optimization-based approaches, such
as MAML [9] and Reptile [28], find optimal parameters
that can generalize quickly on other sets when subjected
to fine-tuning. Conversely, metric-based methods utilize a
pretrained model and compare support and query instances
using similarity metrics. For example, Prototypical Net-
works [34] learns a metric space where the distance to
class prototypes determine classification. And imprinting
weights method [30] shows improved performance by using
class means as strong initialisation for an evolving classifier
and integrates principles from both categories.

Class-Incremental Learning (CIL). In the domain of CIL,
a sequence of novel concepts must be learned without for-
getting previously acquired knowledge. Recent works can
be coarsely categorized in 3 groups. Foremost, there are
knowledge distillation schemes [13, 24, 31, 39], which re-
tain model behaviour across the adaptation process to avoid
forgetting. Then, data-replay methods [2, 3, 14, 43, 48]
show strong resistance to catastrophic forgetting by stor-
ing old class exemplars. Lastly, weight consolidation meth-
ods [4, 19, 25, 33] identify important weights and moderate
training regimen.

Few-Shot Class-Incremental Learning (FSCIL). FSCIL
paradigm demands rapid adaptation to novel classes with
limited data. The methods can be divided into the following
categories [36]: geometry preservation methods [35, 42],
replay or distillation strategies [22, 45], metric learning
methods [8, 18, 44, 46] and meta-learning [12, 26, 40],
highlighting the breadth of methodologies in FSCIL. Par-
allel to our methodology, metric learning methods utilize
tricks in the feature space, showcasing diverse approaches
for accommodating incremental classes. FACT [46] cre-
ates virtual prototypes to reserve space and scale the model
for incoming classes. NC-FSCIL [40], aligns class fea-
tures with the classifier prototypes, which are formed as a
simplex equiangular tight frame, using dot-regression loss.
C-FSCIL [12] aligns class prototypes quasi-orthogonally
to negate interference between classes. In contrast, our
approach stands out for its use of contrastive learning
with data agnostic pseudo-targets and margin maximization
through perturbations in the embedding space improving
generalization in incremental sessions.
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Figure 2. Overview of OrCo framework. Our OrCo framework is a three-phase approach for FSCIL. Phase 1 (Pretrain): We pretrain both
backbone and projection head with SCL and SSCL on base dataset D0. Before the next phase, we generate mutually orthogonal pseudo-
targets. Phase 2 (Base Alignment): We aim to align the base dataset D0 to the pseudo-targets through our OrCo loss. This involves pulling
class features towards the nearest pseudo-targets and pushing forces based on perturbations around unassigned pseudo-targets (grey stars
without assigned colored class means) to increase the margin and preserve space for incoming classes. Phase 3 (Few-Shot Alignment):
Phase 3, employed in each subsequent incremental session, is similar to Phase 2 and assigns pseudo-targets to incremental class means
with further alignment using our OrCo loss.

3. OrCo Framework

We begin with necessary preliminaries in section 3.1, fol-
lowed by the description of our OrCo framework in sec-
tion 3.2 and OrCo loss in section 3.3.

3.1. Preliminaries

FSCIL Setting. FSCIL consists of multiple incremental
sessions. An initial 0-th session is often reserved to learn
a generalisable representation on an abundant base dataset.
This is followed by multiple few-shot incremental sessions
with limited data. To formalise, an M-Session N-Way and
K-Shot FSCIL task consists of Dseq = {D0, D1, ..., DM}.
These are all the datasets written in sequence where Di =

{(xi, yi)}|D
i|

i=1 is the dataset for the i-th session. The 0-th
session dataset D0, also referred to as base dataset, consists
of C0 classes, each with a large number of samples. The
training set for each following few-shot incremental session
(i > 0) has N classes. Each of these classes has K samples,
typically ranging from 1 to 5 samples per class. Taking the
i-th session as an example, the model’s performance is as-

sessed on validation sets from the current (i-th) and all pre-
viously encountered datasets (< i). The entire FSCIL task
comprises a total of C classes. In our OrCo framework, we
use base dataset D0 for pretraining the model during phase
1 and for base alignment during phase 2.
Target Generation. We employ a Target Generation loss,
similarly as in [23], to generate mutually orthogonal vectors
across the representation hypersphere with a dimensionality
of d. First, we define a set of random vectors T = {ti}
where {ti} ∈ Rd. The optimization of the following loss
with respect to these random vectors maximizes the angle
between any pair of vectors ti, tj ∈ T , thereby ensuring
their mutual orthogonality:

LTG(T ) =
1

|T |

|T |∑
i=1

log
|T |∑
j=1

eti·tj/τo (1)

where τo is the temperature parameter. These optimized
vectors, which we further refer to as pseudo-targets, remain
fixed throughout our training process.
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Contrastive Loss. The objective of contrastive repre-
sentation learning is to create an embedding space where
similar sample pairs are in close proximity, while dissimilar
pairs are distant. In this work, we adopt the InfoNCE loss
[17, 29] as our contrastive objective. With positive set Pi

and negative set Ni defined for each data sample zi, called
anchor, this loss aims to bring any zj ∈ Pi closer to its
anchor zi and push any zk ∈ Ni further away from the
anchor zi:

LCL(i; θ) =
−1

|Pi|
∑
zj∈Pi

log
exp(zi · zj/τ)∑

zk∈Ni

exp(zi · zk/τ)
, (2)

where τ is the temperature parameter. In the classical self-
supervised contrastive learning (SSCL) scenario, where la-
bels for individual instances are unavailable, the positive
set comprises augmentations of the anchor, and all other
instances are treated as part of the negative set [29]. In
contrast, for the supervised contrastive loss (SCL), the pos-
itive set includes all instances from the same class as the
anchor, while the negative set encompasses instances from
all other classes [17]. To enhance clarity, we denote the su-
pervised contrastive loss as LSCL and self-supervised con-
trastive loss as LSSCL. We consider SCL and SSCL as the
cornerstone guiding our work due to their discriminative na-
ture, robustness, and extendability. We leave formal defini-
tion of the losses for the supplement.

3.2. OrCo Framework

Overview. Our OrCo framework (see figure 2) for FSCIL
begins with a pretraining of the model in the first phase, fo-
cusing on learning representations, which are transferable
to the new tasks. To achieve this, we leverage both super-
vised and self-supervised contrastive losses [5, 15]. Before
the second phase, we generate a set of mutually orthogonal
vectors, which we term as pseudo-targets. In the subsequent
second phase, referred to as base alignment in figure 2, we
allocate pseudo-targets to class means and ensure alignment
through our OrCo loss, using abundant base data D0. The
third phase, implemented in each subsequent incremental
session, similarly focuses on assigning incoming but few-
shot data to unassigned pseudo-targets, followed by align-
ment through our OrCo loss. Our OrCo loss comprises three
key components: cross-entropy, orthogonality loss, and our
novel perturbed supervised contrastive loss (PSCL). The
cross-entropy loss aligns incremental data with assigned
fixed orthogonal pseudo-targets, the orthogonality loss en-
forces a geometric constraint on the entire feature space to
mimic the pseudo-targets distribution, and our PSCL en-
hances crucial robustness for FSCIL tasks through margin
maximization and space reservation, leveraging mutual or-
thogonality of pseudo-targets.
Phase 1: Pretrain. In the first pretraining phase, we

learn an encoder that accumulates knowledge and gen-
erates distinctive features. Using a combination of su-
pervised contrastive loss (SCL) and self-supervised con-
trastive loss (SSCL), we enhance feature separation within
classes, improving model transferability to incremental ses-
sions [5, 15]. To this end, we train the model encoder f and
MLP projection head g using base data D0, mapping input
images to Rd feature space. The pretraining loss is then
defined as:

Lpretrain(D
0; f, g) = (1− α) ∗ LSCL + α ∗ LSSCL, (3)

where α controls the contribution of each contrastive loss.
Pseudo-targets. During the first phase, we do not employ
any explicit class vectors that can be used for linear clas-
sification. Therefore, we generate data-independent mutu-
ally orthogonal pseudo-targets T = {tj} ∈ Rd on the hy-
persphere by optimizing loss shown in equation 1, where
|T | >= C. Further, these pseudo-targets are fixed and
assigned to classes, which, in turn, maximize margins be-
tween the classes and improve generalization.
Phase 2: Base Alignment. In addition to the pretrain-
ing phase, we introduce the second phase based on the base
dataset D0. This phase initiates alignment between the
projection head g and the set of generated pseudo-targets
T . More specifically, we create class means by averaging
features with the same labels. Then, we employ a one-
to-one matching approach, utilizing the Hungarian algo-
rithm [21], to assign class means with the most fitting set of
pseudo-targets T 0, where |T 0| = |C0|. Note that each class
yj ∈ C0 is then associated with the respective pseudo-target
t0j ∈ T 0 and we denote the remaining unassigned pseudo-
targets as T 0

u = T \ T 0. Further, we use pseudo-targets
T 0 as base class representations for classification. Despite
the optimal initial assignment, we enhance the alignment of
the projection head g and the respective pseudo-targets T 0

through the optimization of our OrCo loss. Further insights
into the specifics and motivation behind our OrCo loss, we
elaborate on in section 3.3.
Phase 3: Few-Shot Alignment. In the third phase of our
framework, applied in each subsequent incremental session,
our goal remains to align incoming data with the pseudo-
targets. The following sessions introduce few shot incre-
mental data Di for the i-th session. Building on previous
methods [3, 8, 22, 39], we maintain some exemplars from
previously seen classes, constituting a joint set Di

joint =

{Di ∪ {
⋃i−1

j=0 D̃
j}}, where D̃j denotes saved exemplars

from earlier sessions. Keeping random exemplars from pre-
vious sessions serves to mitigate both overfitting and catas-
trophic forgetting issues. Similarly to the second phase,
we assign pseudo-targets to incremental class means. To
be specific, we determine the optimal assignment between
T i−1
u and the current class means, resulting in the optimal
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Figure 3. OrCo loss consists of three components: our proposed
perturbed supervised contrastive loss (PSCL), cross-entropy loss
(CE), and orthogonality loss (ORTH). zj denotes the real data an-
chor point for a contrastive loss, z̄j denotes the unassigned pseudo-
target anchor, and tj denotes an additional positive sample for yel-
low class in the form of an assigned pseudo-target. µj represents
the within-batch mean features.

assignment set of pseudo-targets T i. Respectively, the unas-
signed set of pseudo-targets becomes T i

u = T i−1
u \T i. Dur-

ing incremental session i, we optimize our OrCo loss given
data Di

joint, pseudo-targets T = {T i}i0∪T i
u and the assign-

ment between T = {T i}i0 and the respective classes.

3.3. OrCo Loss

During the second and the third phases, we optimize the
parameters of the projection head g with our OrCo loss.
This loss comprises three integral components: our novel
perturbed supervised contrastive loss (PSCL), cross-entropy
loss (CE) and orthogonality loss (ORTH), see figure 3. The
aim of optimizing the OrCo loss is to align classes with
their assigned pseudo-targets, simultaneously maximizing
the margins between classes. This, in turn, enhances over-
all generalization performance.

To maximize the margins in the representation space, we
introduce uniform perturbations of the pseudo-targets T , re-
sulting in perturbed pseudo-targets T̃ = {t̃j}|T |

0 defined as

t̃j = tj + U(−λ, λ), (4)

where U stands for uniform distribution and λ defines sam-
pling boundaries. To utilize the introduced perturbations,
we redefine positive Pj and negative Nj sets for the con-
trastive loss for the anchor zj in equation 3. Note that dur-
ing incremental session i the positive set P i

j in the standard
SCL contains all zk ∈ Di

joint such that the label yk is equal
to anchor label yj , e.g. in figure 3, all yellow circles belong
to the positive set for yellow anchor zj . And the negative
set consists of remaining samples N i

j = Di
joint \ P i

j , in
figure 3, the negative set is composed of all other colors.

To adapt standard SCL to PSCL, we expand the defini-
tion of the positive set. The anchor zj , with its assigned

pseudo-target tj ∈ T , becomes an additional positive pair,
see figure 3. Furthermore, considering the previously de-
fined pseudo-target perturbations, we incorporate them into
the positive set, resulting in P̃ i

j = P i
j

⋃
tj
⋃

t̃j . In figure 3,
the positive set for yellow anchor zj contains all yellow cir-
cles and additionally the pseudo-target tj with its pertur-
bations. This extension of the positive set introduces ad-
ditional pushing forces for incremental classes and, there-
fore, enables the maximization of margins between classes.
We show that this approach proves to be especially advan-
tageous in scenarios with limited samples, as it mimics aug-
mentations in the feature space.

On the other hand, we expand the anchor definition.
In standard SCL, each anchor zj belongs to the set of
real training data Di

joint, e.g. in figure 3, anchors for
standard SCL are only circles. However, we propose to
use anchors from both real data and unassigned pseudo-
targets (circles and unassigned stars in figure 3), specif-
ically zj ∈ Di

joint and z̄j ∈ T i
u. The positive set for

the anchor z̄j ∈ T i
u (unassigned pseudo-target) contains

only corresponding perturbed pseudo-targets P̃ i
j = {t̃j}

(dashed stars around z̄j in figure 3), while the negative set
Ñ i

j = {Di
joint

⋃
T̃ i
u} \ {t̃j} includes all real data and other

perturbed pseudo-targets. This approach ensures that each
unassigned pseudo-target pushes all other classes away,
thereby promoting space preservation for the following in-
cremental sessions.

To complement PSCL, we employ cross-entropy loss for
sample zj that pulls class features to their assigned targets
during the few-shot incremental session i:

LCE(zj) = −
∑

c∈{CI}i
1

yclog
exp(zjtTc )∑

k∈{CI}i
1

exp(zktTc )
. (5)

We further employ the orthogonality loss (LORTH ) de-
fined similarly as in equation 1. It differs, however, in that
it uses the mean class features µj (see figure 3) as input
and enforces an intrinsic geometric constraint on the fea-
ture landscape. See section 5 in supplementary for details.

Finally, our OrCo loss is a combination of the three
losses introduced above:

LOrCo = LPSCL + LCE + LORTH . (6)

During testing, a sample is assigned a label based on the
nearest assigned pseudo target.

4. Experimental Results

In section 4.1, dataset and evaluation protocol are intro-
duced. Then we compare with state-of-the-art methods on
3 popular benchmarks in section 4.2. Finally, we validate
the effectiveness of each of the components in section 4.3.
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Method Base Acc
Session-wise Harmonic Mean (%) ↑

aHM ∆aHM
1 2 3 4 5 6 7 8

IW [30] 83.10 49.49 45.09 45.98 46.30 44.67 42.48 43.26 45.65 45.36 +12.76

FACT [46] 75.78 27.20 27.84 27.94 25.17 22.46 20.54 20.88 21.25 24.16 +33.96
CEC [42] 72.17 31.91 31.84 30.98 30.74 28.14 26.78 26.96 27.42 29.35 +28.78
C-FSCIL [12] 76.60 9.74 20.53 28.68 31.91 34.85 35.05 37.72 37.92 29.55 +28.57
LIMIT [47] 73.27 40.34 33.58 31.81 31.74 29.32 29.11 29.57 30.28 31.97 +26.15
LCwoF [22] 64.45 41.24 38.96 39.08 38.67 36.75 35.47 34.71 35.02 37.49 +20.63
BiDist [45] 74.67 42.42 43.86 43.87 40.34 38.97 38.01 36.85 38.47 40.35 +17.77
NC-FSCIL [40] 84.37 62.34 61.04 55.93 53.13 49.68 47.08 46.22 45.57 52.62 +5.50

OrCo 83.30 68.71 63.87 60.94 57.98 55.27 52.41 52.68 53.12 58.12

Table 1. Sota comparison on mini-ImageNet. aHM denotes the average of the harmonic mean across all sessions. IW [30] is evaluated
based on the model learning in our pretrain phase. Detailed results of the individual sessions are in the supplement.
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Figure 4. Sota comparisons on CIFAR100 and CUB200
datasets. Performance curves, that measure harmonic mean, of
our method comparing to recent sota methods. Left: CIFAR100.
Right: CUB200. ∆aHM denotes the average harmonic mean im-
provement over the runner-up method.

4.1. Datasets and Evaluation

We conduct evaluation of our OrCo framework on three FS-
CIL benchmark datasets: mini-ImageNet [32], CIFAR100
[20] and CUB200 [38]. In the setting formalised by [35]
mini-ImageNet and CIFAR100 are organized into 60 base
classes and 40 incremental classes structured in a 5-way, 5-
shot FSCIL scenario for a total of 8 sessions. CUB200, a
dataset for fine-grained bird species classification, contains
equal number of base and incremental classes for a total of
200 classes. The dataset is organised as a 10-way, 5-shot
FSCIL task and presents a rigorous challenge.
Performance measure Commonly used FSCIL datasets
all have a quantity bias towards the base classes. mini-
ImageNet and CIFAR100 have both 60% of the data in the
base classes and CUB200 with 50%. Consequently, stan-
dard accuracy measures like Top-1 accuracy will be skewed

in favour of the base-classes. For instance, a method which
has a base accuracy Abase = 100% on CUB200 and per-
forms weakly on the first incremental session A1

inc = 10%
would produce a Top-1 average accuracy A1

cls = 91.82%.
At first glance, this accuracy may not entirely represent in-
herent biases in a method, though such measures are com-
monly used to benchmark performance. To tackle this, har-
monic mean has risen as a robust evaluation measure in
FSCIL [22, 45, 46]. In the given scenario, the harmonic
mean would penalise the method aggressively resulting in a
metric score of A1

hm = 18.18%, accurately indicating bias.
More concretely, we compute harmonic mean by combin-
ing base class accuracy and incremental session accuracy:
Aj

hm = (2 × Abase × Aj
inc)/(Abase + Aj

inc). In addition
to this, we propose average harmonic mean (aHM) which
is simply averaging the harmonic mean scores from all ses-
sions for a consolidated view.
Implementation Details Our model is optimised using
LARS [41] for the pretraining phase and SGD with momen-
tum for phase 2 and 3. For CUB200 dataset, we skip the
pretraining following [35, 40, 42] and initialize the model
with ImageNet pretrained weights. For the second and third
phase, we finetune only the projection head. For the PSCL
loss we choose a perturbation magnitude λ = 1e-2. We
train the projection head for 10 epochs during the second
phase and 100 epochs for the third phase. Cosine schedul-
ing is employed with a maximum learning rate set to 0.1.
Augmentations include, random crop, random horizontal
flip, random grayscale and a random application of color
jitter. Details can be found in the supplement section 6.

4.2. Comparison to state-of-the-art

In this section, we conduct a comparative analysis of our
proposed OrCo with recent state-of-the-art approaches. Ta-
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PSCL CE ORTH
Session-wise Harmonic Mean (%) ↑

aHM
1 2 3 4 5 6 7 8

✓ 65.46 56.29 44.12 36.96 26.90 21.11 18.90 16.19 35.74

✓ ✓ 65.30 56.21 43.96 37.30 28.31 22.01 19.66 16.64 36.17

✓ 50.70 45.42 42.68 39.84 38.71 37.94 36.26 35.87 40.93

✓ ✓ 52.34 47.24 43.79 41.62 41.15 39.68 38.69 37.34 42.73

✓ ✓ 68.04 63.94 60.22 58.00 55.44 51.51 51.88 52.74 57.72

✓ ✓ ✓ 68.71 63.87 60.94 57.98 55.27 52.41 52.68 53.12 58.12

Table 2. Influence of OrCo loss components. PSCL denotes perturbed supervised contrastive loss, CE
denotes cross-entropy, ORTH denotes orthogonality loss. See figure 3 for visualization of each compo-
nent. Ablation study on mini-ImageNet.

Sampling aHM

Rand 57.23

Orth 58.12

Table 3. Importance of
explicit orthogonality loss
for pseudo-target genera-
tion. Rand denotes random
sampling from normal dis-
tribution.

ble 1 presents the results obtained on the mini-ImageNet
dataset, while figure 4 illustrates the evaluation results on
the CUB200 and CIFAR100 datasets. Our method demon-
strates superior performance across all three datasets, sur-
passing previous state-of-the-art methods by a significant
margin, particularly achieving improvements of 9.4% and
5.5% on CIFAR100 and mini-ImageNet, respectively. No-
tably, the effectiveness of OrCo is consistently evident
across all incremental sessions.

In addition to reporting results for the standard FSCIL
methods, we also present the performance of the Imprinted
Weights method (IW) [30] based on our model pretrained
during Phase 1. The robust performance of this method in-
dicates the efficacy of our pretraining strategy in facilitating
effective transferability to downstream tasks, such as incre-
mental few-shot learning sessions, thereby addressing the
intransigence problem. We present a detailed breakdown of
each session in section 2 of the supplement.

4.3. Analysis

To validate the effectiveness of each component of our
framework, in this section, we show an analysis based on
the mini-ImageNet dataset.
OrCo loss. We assess the efficacy of the components com-
prising our OrCo loss in table 2. The OrCo loss consists of
three integral components illustrated in figure 3: the cross-
entropy loss (CE), the orthogonality loss (ORTH), and the
perturbed supervised contrastive loss (PSCL). We observe
that CE struggles to generalize on underrepresented incre-
mental classes. On the contrary, PSCL enhances the ro-
bust SCL approach with pseudo target perturbations and
provides better class separation. PSCL, on its own, shows
steady generalization, with only a 14.83% drop in harmonic
mean. CE, however, while starting strong, ultimately be-
comes biased towards base classes, leading to a significant
49.26% drop in harmonic mean. By integrating the dynamic
yet fundamentally discerning features of CE with the sta-
bility offered by PSCL, a significant enhancement in har-
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Figure 5. Measurement of angle during orthogonality opti-
mization. The green curve corresponds to the evolution of the
average angle between all pairs during the optimization. The gray
curve shows measurements of random pairs at each epoch.

monic mean is achieved. Moreover, the orthogonality loss
(ORTH) consistently improves performance (+0.4%). Its
integration into our loss formulation further underscores the
significance of orthogonality.

Influence of mutually orthogonal pseudo-targets. We
note that independent randomly sampled vectors from a
Gaussian distribution N (0, 1) are theoretically orthogonal
on the surface of a unit sphere (refer to the supplement for a
discussion). However, in practice, we observe only a near-
orthogonal behavior, as illustrated in our training curve for
orthogonal pseudo-target generation in figure 5. To exam-
ine the impact of a perfectly orthogonal target space, we as-
sess our method using both randomly sampled targets from
a Gaussian distribution and our generated orthogonal tar-
gets, as presented in table 3. We observe a 0.89% im-
provement in performance when explicit orthogonality con-
straints are applied. This finding suggests that an aligned
and orthogonal feature space is more effective in address-
ing data imbalances between base and incremental sessions.
Consequently, we incorporate orthogonality as a fundamen-
tal principle in our framework, recognizing its significant
role in enhancing the overall effectiveness of our model.

Pseudo-targets perturbations. OrCo relies on perturba-
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Perturbation FPinc ↓ Simcls ↓ Simcls→target ↓ HM8 ↑

w/o 66.5 0.105 0.013 20.14

N 54.6 0.002 0.006 50.23

U 52.5 0.011 0.006 53.12

Table 4. Influence of perturbations in PSCL. Comparison of our
PSCL loss with or without perturbations of pseudo-targets. N ,
U denotes Gaussian and Uniform distributions, respectively, from
which λ, as in equation 4, sampled during training. FPinc refers
to the False Positive rate among all incremental classes. Simcls

computes the average pairwise cosine similarity between all class
pairs. Simcls→target indicates the pairwise cosine similarity be-
tween classes and unassigned target pairs over all sessions. HM8

refers to the 8-th and final session harmonic mean.

tions of fixed pseudo-targets to introduce a margin between
previously encountered and incoming classes. We compare
OrCo against a variant where the contrastive loss does not
receive any pseudo-targets’ perturbations (w/o). In contrast
to this, our perturbation schemes with sampling λ, as in
equation 4, from Gaussian (N ) and uniform (U) distribu-
tions consistently enhance the final session harmonic mean
(HM8) by over 30%, as shown in table 4.

For a detailed evaluation of our method, we employ
false positive and cosine similarity analyses. By measur-
ing the false positive rate within only incremental classes
(FPinc), we observe improved separation between the few-
shot classes with the perturbed objective.

Subsequently, we calculate the average inter-class co-
sine similarity (Simcls) for all base and few-shot incremen-
tal classes, providing an indication of the spread of each
class on the unit sphere. A lower value suggests more com-
pact representations. Notably, we observe values at least 10
times lower for the training with perturbations. Lastly, we
assess the availability of space around unassigned pseudo-
targets (Simcls→target) by computing the average similar-
ity of all data features with respect to all unassigned targets.
A higher average similarity corresponds to smaller margins
between the features and the unassigned pseudo-targets. Ta-
ble 4 illustrates that perturbations indeed increase the mar-
gin around unassigned pseudo-targets. Further discussions
can be found in the supplement.

Influence of pretraining. To evaluate our pretrain-
ing strategy, we compare it against cross entropy (CE)
and standard supervised contrastive loss (SCL) [17]. As
shown in table 5, the addition of self-supervised contrastive
loss (SCL+SSCL) to the pretraining session significantly
enhances generalization on unseen data, showcasing im-
proved transfer capabilities, which aligns with previous
findings [5, 15]. Additionally, we present the accuracy on
the validation set for the base classes D0 immediately after
the pretrain phase for each strategy.

Pretrain Strategy Phase 1:Accuracy aHM

CE 85.70 55.20

SCL 85.18 57.38

SCL + SSCL (Ours) 85.95 58.12

Table 5. Influence of pretraining. aHM denotes average har-
monic mean. CE is cross-entropy, SCL is supervised countrastive
loss, and SSCL is self-supervised contrastive loss.

Fine-tuned params Performance Decay ↓ Base Decay ↓

f, g 28.94 20.52

g 26.99 17.83

Table 6. Influence of frozen paramters. Analysing of catas-
trophic forgetting when 1) fine-tuning the entire model (f, g) and
2) fine-tuning only the projection head (g).

While all strategies exhibit close to 85% accuracy on the
base validation set, our approach yields a 0.74% higher av-
erage harmonic mean compared to SCL and a notable 2.92%
improvement over CE. The significance of this lies in the
fact that our frozen backbone network, maintained during
incremental sessions, is capable of producing strong and
unique features even for unseen classes.
Frozen parameters. Table 6 illustrates how OrCo effec-
tively addresses catastrophic forgetting by adopting a strat-
egy of freezing the backbone and training only the projec-
tion head. The observed overall performance decay, along
with a 2.7% greater loss of base accuracy across all ses-
sions, demonstrates favorable outcomes for decoupling the
learning process after Phase 1.

5. Conclusion
This paper introduced OrCo method to boost the perfor-
mance of FSCIL by addressing its inherent challenges:
catastrophic forgetting, overfitting, and intransigence. The
OrCo framework is a novel approach that tackles these is-
sues by leveraging features’ mutual orthogonality on the
representation hypersphere and contrastive learning. By
combining supervised and self-supervised contrastive learn-
ing during pretraining, the model captures diverse semantic
information crucial for novel classes with limited data, im-
plicitly addressing the intransigence challenge. Employing
the proposed OrCo loss during subsequent incremental ses-
sions ensures alignment with the generated fixed pseudo-
targets, maximizing margins between classes and preserv-
ing space for incremental data. This comprehensive ap-
proach not only enhances feature space generalization but
also mitigates overfitting and catastrophic forgetting, mark-
ing steps toward improving the practical value of incremen-
tal learning methods in real-world applications.
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