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Abstract
The current dominant paradigm when building a
machine learning model is to iterate over a dataset
over and over until convergence. Such an ap-
proach is non-incremental, as it assumes access
to all images of all categories at once. However,
for many applications, non-incremental learning
is unrealistic. To that end, researchers study in-
cremental learning, where a learner is required to
adapt to an incoming stream of data with a vary-
ing distribution while preventing forgetting of past
knowledge. Significant progress has been made,
however, the vast majority of works focus on the
fully supervised setting, making these algorithms
label-hungry thus limiting their real-life deploy-
ment. To that end, in this paper, we make the
first attempt to survey recently growing interest
in label-efficient incremental learning. We iden-
tify three subdivisions, namely semi-, few-shot-
and self-supervised learning to reduce labeling ef-
forts. Finally, we identify novel directions that
can further enhance label-efficiency and improve
incremental learning scalability. Project website:
https://github.com/kilickaya/label-efficient-il.

1 Introduction
Deep learning is the dominant approach to build highly per-
formant machine learning systems that are deployed in a wide
range of scenarios – from self-driving cars to mobile applica-
tions. To this end, the classic approach is to choose a cur-
rent state-of-the-art neural network architecture, such as a
ResNet [He et al., 2016] or a Vision-Transformer [Dosovit-
skiy et al., 2020] and combine this with large-scale datasets
containing millions of annotations, such as ImageNet. The
learning of the model is done supervisedly by iterating over
the dataset multiple times until some convergence or stopping
criterion is met. We name such approaches non-incremental,
as the learner assumes access to the whole data at all times.

Non-incremental learning, which implicitly assumes a
static world, has severe limitations with regard to its perfor-
mance and applicability: First, the list of categories the model
can distinguish from is fixed. Second, once the model is de-
ployed, the model no longer makes use of the ever-growing

data with or without labels to self-improve. Third, the ability
to iterate over all the data may be impossible due to privacy
regulations or data storage legislation.

Motivated by these challenges, researchers put increasing
attention on incremental (or continual) learning [Masana et
al., 2020]. In incremental learning, the learner receives the
learning tasks sequentially (e.g. first dog, then cat, and then
finally cow, see Figure 1), whose data then disappears after
some iterations. This way, a deep classifier can be updated
with novel data, while preserving the performance on the
previous tasks. Yet, despite its clear setting and large poten-
tial for scalable applications, why is the incremental learning
paradigm not used as often as the non-incremental counter-
part?

One reason is often cited is the phenomenon of catastrophic
forgetting [French, 1999]. The performance of the model on
the previous tasks deteriorates while observing more incre-
mental tasks. However, thanks to efforts in regularizing neu-
ral network weights from abruptly drifting [Li and Hoiem,
2017; Zenke et al., 2017], or replaying previous data from
the memory [Shin et al., 2017], forgetfulness has reduced dra-
matically in years. In this paper, we raise the attention of the
incremental learning researchers to an equally important, yet
up to now unsolved, issue, Scalability. In particular, incre-
mental learners are extremely annotation-hungry, as they de-
mand large amounts of labeled data for achieving comparable
performances.

The importance of label-efficient learning generally is well
recognized in non-incremental learning, as researchers orga-
nize dedicated workshops on the topic, see [L2ID, 2022].
Success has been made since researchers can build upon
large-scale pre-trained models to transfer learning on their in-
dividual tasks with limited data [Radford et al., 2021].

However, the importance of label-efficiency specifically
for incremental learning is yet to be recognized and ad-
dressed. While there have been few studies that surveys
conventional incremental learners [Masana et al., 2020;
De Lange et al., 2021; Wang et al., 2023; Zhou et al., 2023],
their focus is still on the old label-hungry paradigm in incre-
mental learning. This motivates our effort in surveying re-
cent techniques to build large-scale, label-efficient incremen-
tal learners.

We identify three main directions, see Figure 1. Semi-
supervised learners combine limited labeled data with abun-
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Figure 1: In incremental learning, a disjoint set of classes (a task) arrive sequentially. Then, the learner is optimized to distinguish across these
categories. Here, we provide three different forms of label-efficient incremental learning. a). Semi-Supervision pseudo labels unlabeled data
to reduce the need for labeled data, b). Few-shot-Supervision expands a pre-trained classifier with only few labeled instances (i.e., 1-shot), c).
Self-Supervision designates pre-text tasks to completely remove the need for human labels to train incremental learners. Here, the goal is to
accumulate representations by matching different views (augmentations such as cropping, rotation and color jitter) of the same input image
through incremental learning. Best viewed in color.

dant unlabeled data to reduce label-supervision via pseudo
supervision [Wang et al., 2021]. Few-shot-supervised learn-
ers reduce label-supervision by expanding a pre-trained clas-
sifier with only few examples (e.g. 1-shot) [Tao et al.,
2020]. Finally, self-supervised learners omit the need for
label-supervision by designing pretext tasks from the incre-
mental learning tasks [Fini et al., 2022].

Our survey first introduces the necessary notation in Sec-
tion §2, and then focuses on Semi-Supervision (Section §3),
Few-shot-Supervision (Section §4) and Self-Supervision
(Section §5). We then conclude with future research direc-
tions and novel problems in Section §6.

2 Label-Efficient Incremental Learning
There are three main settings, namely task-, domain- and
class-incremental learning, see [Van de Ven and Tolias,
2019]. This short survey focuses on class-incremental learn-
ing as it received more advances in the literature, however the

proposed subdivision can also be applied to other settings.

2.1 Incremental Learning
The main goal of a class-incremental learner is two-fold: i)
To learn to recognize novel classes in the current task, ii) To
preserve the performance on previously learned classes (i.e.,
reduce forgetfulness). A class-incremental learning task is
defined by the length of the learning sequence and the number
of classes within each task (i.e., Figure 1 depicts a 3-step 1-
class incremental learning setting).

Formally, following the notation in [Madaan et al.,
2022], the learner receives a sequence of learning tasks
T1:t = (T1, T2, ..., Tt), with a corresponding dataset DT =
{(xi,t, yi,t)nt

i=1} with nt instances. Here, an input pair
{xi,t, yi,t} ∈ Xt × Yt is sampled from an unknown distri-
bution.

When the learning task arrives, then a deep convolutional
feature extractor is optimized fΘ : Xt → RD and a lin-



Setting Supervision Reference

Incremental Learning (IL) Label-only LwF [Li and Hoiem, 2017]

Semi-Supervised IL Within-data Pseudo & Label CNLL [Baucum et al., 2017]
Semi-Supervised IL Auxiliary-data Pseudo & Label DMC [Zhang et al., 2020]
Semi-Supervised IL Test-data Pseudo-only CoTTA [Wang et al., 2022]
Few-shot-Supervised IL Graph-based Label-only (Few) TOPIC [Tao et al., 2020]
Few-shot-Supervised IL Clustering-based Label-only (Few) IDL-VQ [Chen and Lee, 2020]
Few-shot-Supervised IL Architectural-based Label-only (Few) FSLL [Mazumder et al., 2021]
Self-Supervised IL Pre-training Label-only SSL-OCL [Gallardo et al., 2021]
Self-Supervised IL Auxiliary-training Self & Label PASS [Zhu et al., 2021]
Self-Supervised IL Main-training Self-only CaSSLe [Fini et al., 2022]

Table 1: Towards reducing manual human supervision of incremental learners via semi-, few-shot- and self-supervision. We list three
subgroups we identify for each method, in terms of data, method or training setting. For each group, we provide the type of supervision(s)
necessary to train the particular incremental learner.

ear classifier hφ : RD → Yt jointly parameterized by
W = {Θ, φ}. The feature extractor maps the input to a D-
dimensional embedding space, and the linear classifier further
projects the input to the class space, by typically optimiz-
ing the following objective: CE(hφ(fΘ(xi,t)), yi,t) where
CE(·) is the standard Cross-Entropy loss to classify the in-
put. This way, the model is fine-tuned sequentially with the
incoming stream of task data.

Mitigating Forgetting. Fine-tuning with exemplars may lead
to catastrophic forgetting of past tasks, since the only objec-
tive is classification. To that end, a simple technique is to only
update a few layers closer to classifier head. Two fundamen-
tal ways to prevent forgetfulness are regularization and re-
play. Regularization often constraints neural network weights
from abrupt drifts across learning tasks (i.e., via penalizing
the norm of change, simply by ||Wt−1 −Wt||, see [Zenke et
al., 2017]). Replay often stores a subset of the learning task
data within the memory to replay during incremental learning
tasks, such as experience replay [Rolnick et al., 2019].

Evaluation. Incremental learners are often evaluated by ac-
curacy (higher is better) and forgetfulness (lower is better).
i) Accuracy measures the test accuracy for all the learned

tasks until the task t as At =
1

t

∑t
i=1 at,i. ii) Forgetful-

ness: is the average performance decrease while learning
incremental tasks, after the completion of the learning, as:

F =
1

T − 1

∑T−1
i=1 maxt∈{1,...,t}(at,i − aT,i) for T total

learning tasks.

2.2 Label-Efficient Learning

Semi-Supervision. Semi-supervision reduces the label need
by leveraging unlabeled data [Yang et al., 2022]. Researchers
train deep learners on a small subset of labeled data, and then
produce pseudo labels on unlabeled data [Sohn et al., 2020].
The pseudo labels are used for further self-training [Sahito et
al., 2022; Zoph et al., 2020].

In incremental learning, this corresponds to partitioning the
incremental learning dataset into labeled and unlabeled splits

as: Dt = Lt ∩ Ut, where Lt is the standard labeled data
whereas Ut = {(xi,t)mt

i=1} is the unlabeled subset with mt

instances.
In this survey, we categorize semi-supervision based in-

cremental learners by the type of unlabeled data they use,
whether from within the same dataset, an auxiliary dataset
or simply test data, see Table 1.

Few-shot-Supervision. Few-shot learning reduces the la-
bel need to only a few-exemplars per-category, such as 1-
shot or 5-shots. Prominent works either resort to meta-
learning [Vinyals et al., 2016; Snell et al., 2017] or build upon
a deep pre-trained feature extractor [Tian et al., 2020].

In Few-Shot Class Incremental Learning (FSCIL), the ob-
jective is to update a pre-trained classifier with incremen-
tally arriving classes with only few-exemplars, while main-
taining performance on the pre-trained classes [Mazumder
et al., 2021; Tao et al., 2020]. Formally, researchers in-
troduce an initial (non-incremental) pre-training task D0 =
{(xi,0, yi,0)n0

i=1} with abundant data-label pairs (n0 >> 5)
whereas the subsequent task only has few instances (i.e., 5-
shots, such as nt>0 = 5).

In this survey, we categorize few-shot-supervised incre-
mental learners by their core method, as in graph-based,
clustering-based or architecture-based, see Table 1.

Self-Supervision. Self-supervision omits the need for label-
supervision by designing pre-text tasks [Chen et al., 2020].
A promising direction is contrastive learning, where the
deep learner has to pull the features of the original in-
put and its augmented version (view) closer while pushing
all the other features away. Prominent examples include
SWAV [Caron et al., 2020], MOCO [Chen et al., 2020], and
BarlowTwins [Zbontar et al., 2021].

In incremental learning, self-supervision corresponds to
training only the feature extractor fΘ(·) solely on unlabeled
data Ut = {(xi,t)mt

i=1}.
In this survey, we categorize self-supervised learners by

how it is being leveraged in incremental learning, whether for
pre-training, auxiliary training or as the main (sole) training
objective, see Table 1.



Algorithm Data Pre-training Replayed Entity

CNNL Within 7 Pseudo-labels
DistillMatch Within 7 Pseudo-labels
ORDisCo Within 7 Pseudo-labels & Data
MetaCon Within 7 Pseudo-labels & Data
PGL Within 7 Pseudo-gradients
DMC Auxiliary X Pseudo-labels
CIL-QUD Auxiliary X Pseudo-labels
CoTTA Test X Pseudo-labels
NOTE Test X Data

Table 2: Incremental Learning with Semi-Supervision.

3 Semi-Supervision for Incremental Learning
Incremental learners leverage semi-supervision with differ-
ent forms of pseudo-supervision, see Table 2. Pseudo-
supervision serves the purpose of memory replay to reduce
forgetfulness of the previous categories.

Researchers replay labels-only [Baucum et al., 2017;
Smith et al., 2021], data-only [Gong et al., 2022], label and
data [Wang et al., 2021; Brahma et al., 2021] and finally gra-
dients [Luo et al., 2022].

Here, we group semi-supervision-based incremental learn-
ers by their definition of unlabeled data: A subset of the target
training set (Within Data), an auxiliary dataset such as from
the Web, or simply test data. Within-data learners start from
scratch, whereas others build upon a pre-trained neural net-
work.

3.1 Learning from Within Data

CNNL. Continuous neural network learning [Baucum et al.,
2017] is one of the early works at the intersection of semi-
supervision and incremental learning. The authors train a
vanilla CNN on the labeled set, which is then used to gen-
erate pseudo-labels on the unlabeled dataset. Finally, they
fine-tune their incremental learner on the pseudo-labels for
self-training.

DistillMatch. DistillMatch [Smith et al., 2021] follows a
knowledge-distillation procedure, where the predictions over
the unlabeled data are distilled between the current and the
previous model. The authors further optimize an out-of-
distribution detector to identify data points sufficiently dif-
ferent from the current incremental learning task (i.e., past
examples). This way, they mitigate forgetfulness of the pre-
vious categories.

ORDisCo. Online replay with discriminator consis-
tency [Wang et al., 2021] follows a generative replay strategy
to replay both the data and the labels. The authors leverage la-
beled data to train a conditional GAN generator, and leverage
unlabeled data as additional examples for real-fake discrim-
ination. To improve consistency across incremental learning
tasks, the authors penalize abrupt changes within discrimina-
tor weights.

MetaCon. Meta-Consolidation [Brahma et al., 2021] extends
the generative replay scheme of ORDisCO to meta-learning
setting. Instead of directly training a conditional GAN for
generative replay, the authors instead optimize a conditional
hyper-network [Ha et al., 2016] that generates GAN weights.
The authors use the semantic word embedding of the current
task as the condition, and parameterize the hyper-network as
a Variational Auto-Encoder [Kingma and Welling, 2013]. To
stabilize the hyper-network, they store the first-order statistics
of the incremental learning classes to replay.

PGL. Pseudo Gradient Learners [Luo et al., 2022] moves
away from the pseudo-labels, and instead (meta-)learns to
predict gradients per-input. The authors claim that the use of
pseudo-labels puts too much pressure on the classifier, lead-
ing to error accumulation and performance degradation over
time. By predicting gradients instead of labels, the model is
not tied to a pre-defined set of classes as in pseudo-labelling,
and is able to leverage out-of-distribution data to improve per-
formance.

3.2 Learning from Auxiliary Data

DMC. Deep Model Consolidation [Zhang et al., 2020] is one
of the earliest to leverage unlabeled auxiliary data to mitigate
forgetfulness. The authors first train a deep classifier on the
labeled set, which is then used to generate pseudo-labels over
auxiliary data. Pseudo-labels act as a regularizer between the
current and the previous model to reduce forgetfulness of pre-
viously seen classes.

CIL-QUD. Class-Incremental Learning with Queried Unla-
beled Data [Chen et al., 2022] builds upon DMC, however,
instead takes on a retrieval-based approach. The authors store
few-instances per-incremental class within the memory as
query anchors. The query anchors are used to retrieve vi-
sually similar exemplars within the auxiliary dataset, which
are then used for memory replay.

3.3 Learning from Test Data

CoTTA. Continual Test-Time Adaptation [Wang et al., 2022]
proposes to adapt a pre-trained deep classifier at inference
time. Such adaptation may be needed especially when the test
data diverges from the original training source, and the source
data is no longer available (imagine a self-driving car driving
through changing weather conditions within a city). To tackle
this novel problem, the authors propose a regularization-
based approach, where they enforce consistency regulariza-
tion across multiple augmentations of the same input, as well
as selective fine-tuning of a few network parameters.

NOTE. NOn-i.i.d. TEst-time adaptation [Gong et al., 2022]
extends COTTA to realistic scenes, where the subsequent test
examples carry high temporal correlation, such as in the case
of self-driving cars. The authors claim in such cases, relying
on batch normalization statistics in the form of pseudo-labels
may severely bias the learner towards the current batch. To
that end, they utilize instance normalization instead of batch
normalization, leading to far greater performance in compar-
ison to CoTTA-like baselines.



Algorithm Method Regularization Replay Semantic

TOPIC Graph Anchor Loss 7 7
CEC Graph 7 7 7
IDL-VQ Clustering Center Loss X 7
SA-KD Clustering 7 X X
SUB-REG Clustering `1 Loss X X
FACT Clustering Augmentation 7 7
FSLL Architectural `1 Loss 7 7
C-FSCIL Architectural Orthogonal Loss X 7

Table 3: Incremental Learning with Few-shot-Supervision.

4 Few-shot-Supervision for Incremental
Learning

We summarize incremental learners with few-shot-
supervision in Table 3. Few-shot-supervised learners
update a pre-trained base classifier with few-examples
from novel categories during incremental training. In this
regard, few-shot-supervised methods tackle two fundamental
challenges simultaneously:

i) Overfitting to Novel Categories: Optimizing for the
novel classifier weights from scratch may over-fit on the
few training exemplars. To that end, the authors propose
to associate already learned base classifier weights with rel-
evant novel classes during incremental training. We group
the learners according to their machinery to learn base-novel
class association, as in graph [Tao et al., 2020; Zhang et al.,
2021], clustering [Chen and Lee, 2020; Cheraghian et al.,
2021; Akyürek et al., 2022; Zhou et al., 2022] or the archi-
tecture [Mazumder et al., 2021; Hersche et al., 2022]. Some
techniques also leverage semantic word embeddings to iden-
tify semantically relevant categories for transfer [Akyürek et
al., 2022; Cheraghian et al., 2021].

ii) Forgetfulness of Base Categories: Learning novel cat-
egories may drift base classifier weights, eventually degrad-
ing the accuracy of these classes. Two effective techniques
to mitigate performance degradation includes regularization
via metric learning objectives such as anchor loss [Tao et al.,
2020], or simply memory replay of base class data.

4.1 Graph-Based Methods

TOPIC. TOpology-Preserving knowledge InCrementer [Tao
et al., 2020] is a graph-based incremental few-shot learner.
The authors treat each incremental class as a novel node to be
inserted to an already existing fully connected graph of base
classifier embeddings. They propagate information from base
classifier nodes towards novel classifier nodes with respect
to their pairwise relation, as measured by the similarity of
classifier embeddings. To prevent the graph from drifting and
to preserve the initial graph topology, they leverage metric
learning in the form of anchor loss for regularization.

CEC. Continually Evolving Classifier [Zhang et al., 2021]
builds upon TOPIC, and instead leverages Graph Attention
Networks [Veličković et al., 2017]. In this regard, the initial
graph continually evolves with the incoming stream of few-
shot learning tasks. A novel incremental learning task attends

on already existing, semantically relevant categories to build
the classifier weights. The authors further generate pseudo-
incremental learning tasks from the base category data, which
enhances novel class learning ability. The emphasis of CEC
is more on the novel class learning rather than maintaining
base class performance, which eventually exacerbates forget-
fulness.

4.2 Clustering-Based Methods

IDL-VQ. Incremental Deep Learning Vector Quantiza-
tion [Chen and Lee, 2020] utilizes Gaussian-Mixtures to
quantize visual features of learned categories to reference
vector centroids. Then, any incoming novel class is repre-
sented by their soft similarity with existing reference vectors.
The authors further store 1-shot per-class for replay to reduce
forgetfulness.

SA-KD. Semantic-Aware Knowledge Distillation [Cher-
aghian et al., 2021] uses K-means clustering instead to build
reference class centroids, which are used to represent a novel
input. The representation is then projected into semantic
word embedding space to further promote base-novel class
association.

SUB-REG. Subspace-Regularization [Akyürek et al., 2022]
utilizes QR-decomposition to project base classifier embed-
dings to an orthogonal sub-space. They then measure soft
similarities between a novel class input and sub-space vectors
to represent the novel class weights. The authors additionally
apply `1 loss to penalize abrupt weight changes within the
classifier.

FACT. Forward-Compatible Training [Zhou et al., 2022]
is the current state-of-the-art in few-shot incremental learn-
ing. Authors first showcase that the feature space of few-
shot learners is fully occupied by pre-training (base) classes,
leaving no room for future (few-shot) classes, hence limiting
forward-compatibility. To that end, they propose to simulta-
neously assign an input image to a separate cluster orthogo-
nal to the base classes, effectively reserving room for novel
categories. Combined with mixup augmentations, FACT im-
proves performance on both base and novel classes.

4.3 Architectural Methods

FSLL. Few-shot Lifelong Learning [Mazumder et al., 2021]
selects a few weights from the architecture to fine-tune per-
incremental learning task. In doing so, the authors simul-
taneously prevent overfitting by limiting the model capac-
ity, while preventing forgetting via minimizing interference
across learning tasks. Combined with `1 loss, FSLL signifi-
cantly improves over TOPIC across several benchmarks.

C-FSCIL. Constrained-FSCIL [Hersche et al., 2022] is a re-
cent technique that operates on classifier embeddings (pro-
totypes) instead. The authors expand the architecture with
novel classifier embeddings with incoming stream of tasks.
In doing so, they impose quasi-orthogonality across learned
embeddings, effectively minimizing task interference, hence
less forgetful.



Algorithm Setting Self-Supervision

SSL-OCL Pre-training MOCO/SwAV
PASS Auxiliary-training SLA
Buffer-SSL Main-training SimSiam
LUMP Main-training SimSiam/Barlow-Twins
CaSSLe Main-training SimCLR/Barlow-Twins/etc.
PFR Main-training Barlow-Twins

Table 4: Incremental Learning with Self-Supervision.

5 Self-Supervision for Incremental Learning

We summarize incremental learners that leverage self-
supervision in Table 4. We identify three different trends in
self-supervision for incremental learning: i) Pre-training: To
pre-train the backbone prior to incremental learning, to warm-
start with discriminative weights [Gallardo et al., 2021]. This
line of research builds upon the idea that self-supervised pre-
training reduces the need for label-supervision in subsequent
(transfer) learning tasks. ii) Auxiliary-training: To supple-
ment standard label-supervision with self-supervised objec-
tives during training to obtain a more discriminative feature
space [Zhu et al., 2021]. This line of research builds upon
the idea that self-supervised learning tasks can provide ad-
ditional supervisory signals to the learner to prevent over-
fitting. iii) Main-training: To train solely based on self-
supervised learning objectives [Purushwalkam et al., 2022;
Madaan et al., 2022; Fini et al., 2022; Gomez-Villa et al.,
2022], which are then evaluated by linear probing after train-
ing. These learners build upon the idea that self-supervision
can replace label-supervision to induce a discriminative deep
feature extractor.

Pre-training. Self-Supervised Learning for Online Contin-
ual Learning (SSL-OCL) [Gallardo et al., 2021] proposes
to pre-train the backbone weights prior to incremental train-
ing via self-supervision. This way, the authors aim to lever-
age transfer-learning abilities brought by pre-training dataset.
Specifically, they evaluate MoCo-v2 [Chen et al., 2020],
Barlow-Twins [Zbontar et al., 2021] and SwAV [Caron et al.,
2020] for self-supervised pre-training. The authors conclude
that in contrast to standard label-supervised pre-training, self-
supervised pre-training is always superior, and SwAV consis-
tently outperforms the compared alternatives.

Auxiliary-training. Prototype-Augmented Self-Supervision
(PASS) [Zhu et al., 2021] is a regularization-based incre-
mental learning technique. The model optimizes a single-
prototype per-incremental class, where the prototype is
learned by standard label-supervision. To improve general-
ization and avoid overfitting, the authors resort to augmenta-
tion. Specifically, they use Self-Supervised Label Augmenta-
tion (SLA) [Lee et al., 2020] to generate four-fold rotations
of the original input ([0, 90, 180, 270]), which are then used
as additional pre-text tasks to differentiate for the model. The
authors show such method mitigates overfitting to the previ-
ously learned classes, leading to superior results.

5.1 Main-training
Using self-supervision as the sole supervision signal for in-
cremental training is probably the most promising direction,
as it requires no labels at training times. For this, we identify
two memory-based and two regularization-based approaches.

Buffer-SSL. Buffer Self-Supervised Learning [Purush-
walkam et al., 2022] is a memory-based approach that
extends an off-the-shelf self-supervision algorithm, Sim-
Siam [Chen and He, 2021] for the case of incremental learn-
ing. In doing so, the authors identify three main challenges.
First, SimSiam has no mechanism to retain information for
previously seen data, leading to severe forgetting. To miti-
gate this, the authors supplement SimSiam with a memory
buffer for replay. A trivial approach would be to store all ex-
amples within the memory, however, results in a large mem-
ory size, and there is a high redundancy across subsequent
learning frames (such as in a video). To that end, the authors
only store cluster centroids, which reduces memory size and
increase memory variability. Using such buffer is shown to
significantly reduce forgetfulness of self-supervised represen-
tations.

LUMP. Lifelong Unsupervised Mixup [Madaan et al., 2022]
is a memory-based approach utilizes mixup augmentation
to mitigate forgetfulness. Specifically, the authors learn to
mixup the input instances with those from the past learn-
ing tasks stored within the memory. Replaying such ex-
amples effectively reduces forgetting and improves perfor-
mance. The authors demonstrate their algorithm with both
SimSiam [Chen and He, 2021] and Barlow-Twins [Zbontar
et al., 2021], where both algorithms lead to similar perfor-
mance.

CaSSLe. CaSSLe is a regularization-based approach to self-
supervised incremental learning [Fini et al., 2022]. Since
storing data from past learning tasks is memory inefficient
and may violate privacy, the authors instead learn to dis-
till self-supervised representations between the current and
the past model. The distillation is performed in a predic-
tive manner, where the current model’s features are projected
onto the previous model’s feature space. The authors apply
their method on several different self-supervised learning al-
gorithms, observing similar performance. The authors pro-
pose to go beyond class-incremental setting, and also eval-
uate data-incremental (the data is partitioned randomly re-
gardless of the classes) and domain-incremental (data is par-
titioned by domain label, such as i.e., real → sketch → cli-
part). Regardless of the setting, self-supervised representa-
tions are found to be always more accurate and less forgetful
than label-supervised counterparts, which is promising for re-
ducing the need for label-supervision in incremental learning.

PFR. Projected Functional Regularization [Gomez-Villa et
al., 2022] is a regularization-based technique, very simi-
lar to CaSSLe. The authors extend Barlow-Twins with a
distillation-based objective. Specifically, they learn to project
the current visual representation to the previous model repre-
sentation. The authors showcase that Barlow-Twins with PFR
objective exhibits lower forgetting and higher accuracy.



6 Conclusion and Future Directions
In this survey, we establish the lack of label-efficiency as
a major bottleneck in deploying realistic incremental learn-
ers. We unify three different ways to improve label-efficiency,
namely semi, few-shot and self-supervised learning.

Although promising, these set of learners are not without
limitations. To that end, to inspire future research, in this
section we first identify limiting factors for label-efficiency
and methodology. We then conclude with novel directions to
explore for label-efficient incremental learning.

6.1 Limitations and Alternative Methods

Semi-Supervision. Incremental learning via semi-
supervision leverages partially labeled data in the form
of pseudo-supervision. The quality of pseudo-supervision is
partly determined by the amount of labeled data. To that end,
the models still require a significant amount of labels to be
provided to work well, limiting their label-efficiency.

Also, the level of pseudo-labelling noise may accumu-
late over time, especially for long incremental learning se-
quences, limiting the model performance [Wang et al., 2022].
A potential remedy is to move from pseudo-labels to pseudo-
gradients [Luo et al., 2022], however the gradient estimation
may also be suboptimal by time. To that end, we see promise
in updating normalization parameters via input statistics with-
out any form of pseudo-supervision [Gong et al., 2022].

Few-shot-Supervision. Few-shot-supervised learners make
use of labels both pre- and during incremental training. The
label complexity of pre-training is especially huge, since it
requires many shots and many categories relevant to novel
few-shot classes. In data hungry fields like medical imaging
or visual anomaly detection, limiting their applicability.

Additionally, few-shot-supervised learners freeze the back-
bone during incremental learning to prevent over-fitting.
While working well, such practice is unnatural, since humans
can leverage few-shots for learning. One potential remedy
would be to rely on Sharpness-Aware Minimization, as few-
shot learning is shown to exhibit loss landscape with sharp
and poor local minimum [Abbas et al., 2022].

Self-Supervision. The label complexity of self-supervised
incremental learners are on par with vanilla incremental
learners, when self-supervision is used for pre-training or for
auxiliary-training. Using self-supervision as the sole supervi-
sory signal holds the key to completely omit the labels during
training. However, purely self-supervised incremental learn-
ing requires a separate labeled linear-probing stage for evalu-
ation purposes, limiting their use cases.

Also, self-supervision for incremental learning solely re-
lied on contrastive learning-based approaches to extract
supervisory signals [Chen et al., 2020; Zbontar et al.,
2021]. However, recent studies like MAE show promise of
reconstruction-based objectives over contrastive-based coun-
terparts, which we believe is worthy of exploration [He et al.,
2022].

6.2 Novel Problems
Inspired by our survey, here we recommend novel problems
to investigate in future research to build more realistic incre-
mental learners.

Mixed-Supervised Learning. In this survey, we show that
researchers follow three main directions to reduce the need
for supervision in a disjoint manner. However, a combina-
tion of different forms of supervision is common in non-
incremental learning, such as the combination of self- and
few-shot-supervision [Su et al., 2020], or semi and few-shot-
supervision [Ren et al., 2018; Li et al., 2019].

To that end, our first recommendation is to explore such
mixed supervision settings for incremental learning.

Incremental Dense Learning. We limit our survey to the
fundamental task of image classification. However, for in-
cremental dense prediction tasks such as image segmenta-
tion [Maracani et al., 2021], the demand for labels is ex-
plosive. For image segmentation, annotators label each and
every pixel in a high-resolution scene over thousands of im-
agery.

We believe future research should incorporate different
ways to reduce the need for incremental supervision for dense
prediction tasks, as the demand for building commercial in-
cremental learners grows. We note that the initial effort(s)
have been made for weakly-supervised incremental object
segmentation, however with limited performance over non-
incremental counterparts [Cermelli et al., 2022].

Incremental Active Learning. In active learning, the learn-
ing agent selects the most influential examples to be anno-
tated by a human expert [Munjal et al., 2022]. This signifi-
cantly reduces the cost of labeling, as only a small portion of
the examples suffice to train a good model.

Surprisingly, active learning has found little to no applica-
tion in incremental learning agents. However, such method
can help to select a small set of exemplars to annotate for
semi- or few-shot-supervised incremental learning, either for
pre-training or incremental-training.

Incremental Object Discovery. Humans exhibit an astound-
ing ability to discover never-before-seen objects, with little to
no supervision. We are able to group instances of novel ob-
jects with little effort. However, existing incremental learners
currently has no novel object discovery capacity [Han et al.,
2020], as all the objects are at least partially labeled. This
is unrealistic, since the visual world always presents novel
objects in daily life, partially thanks to the advances in tech-
nology.

To that end, we believe that label-efficient learners should
be capable of not only learning from limited supervision, but
also discover novel objects.

To conclude, we believe label-efficiency is a key factor to
build autonomous, human-like life-long learning agents. The
potential in leveraging the ever-growing, massive-scale unla-
beled data is yet to come, and we hope our survey provides
a good introduction to this important field of newly emerging
research.
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