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Background

Continual learning (CL) tackles a learning scenario where a model continuously  
learns over a sequence of tasks.

Continual Learning

Catastrophic Forgetting :Phenomenon that forgets the knowledge of previous 
classes when the model trains with  new incoming tasks.



Background

The typical setting of CIL

CIL and TIL share the same training protocol, while TIL is much easier during inference, 
i.e., only requiring classifying among corresponding label spaces. 



Background

Overview of CIL Methods



Background

Existing replay-based methods train on all the arrived instances and memorize a  
fraction of them in the replay buffer, resulting in a suboptimal perf. 

Replay-based CL



Background

Non-exemplar class-incremental learning (NECIL)

[1] Fei Zhu, et al. “Prototype Augmentation and Self-Supervision for Incremental Learning.” CVPR 2021(Oral).

Motivation

Method
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Motivation

Self-Sustaining Representation Expansion For NECIL

Replay-based and structure-based methods suffer from the unreliability of distillation in 
the absence of exemplars and continuously expanding structure, respectively.



Analysis

Standard NECIL Paradigm

1. Representation learning using 
knowledge distillation:

2. Incremental Classifier Calibration.

At task 1, model        consisting of the feature 
extractor        and classifier 

To overcome the imbalance between the 
exemplars and new samples in CIL

Final Loss

At task n:



Analysis

Optimization

While this imbalance can bias the optimization process towards features that are more discriminative 
for the new class, the added distillation in KD Loss can alleviate this problem:

In the CIL, CE Loss can be turned into two parts:

In NECIL settings, the joint optimization on the old and new class representations completely 
collapses into feature optimization.



Method

Self-Sustaining Representation Expansion

(1) Overview of  the scheme, 

(2) Dynamic Structure Reorganization 

(3) Main-Branch Distillation 

(4) Prototype Balance

The proposed self-sustaining representation expansion scheme for NECIL:



Method

Dynamic Structure Reorganization.

Insert a residual adapter to each convolution block of the fixed
feature extractor from previous phase

After training, the structural reparameterization to integrate the 
side branch information into the main branch losslessly



Method

Prototype Selection.

After mapping all new samples to the learned embedding 
space, compute the normalized cosine scores          between 
them and all prototypes.

If               :
add a mask for distillation loss to emphasize the 

distinction between the old and new classes

Else :
add a mask for cross-entropy loss to emphasize the 

learning of the new class features



Experiment Setup

Datasets

[Krizhevsky 2012] Krizhevsky, A. Learning multiple layer of features from tiny images. University of Toronto 2012  
[Ruakovsk 2015] Imagenet large scale visual recognition challenge. International journal of computer vision, 2015

1) Split CIFAR-10 [Krizhevsky  
2012] A dataset with 60,000  
images composed of five  tasks 
from ten animal and  vehicle
classes.

2) Split CIFAR-100 [Krizhevsky  
2012] A dataset with 60,000  images 
composed of 20 tasks from 100 
generic object classes.

3) Split Tiny-ImageNet [Russakovsky  
2015] A subset of ImageNet dataset.  We 
construct 20 tasks using 100  classes.

is the test accuracy of task after learning task using a KNN on frozen pre-trained representations on task

Metrics
1) Accuracy is the average test accuracy of all the tasks completed until the continual learning of task

2) Forgetting is the average performance decrease of each task between its maximum accuracy and accuracy at the  
completion of training



Experiment

Compared to the SOTA 
The proposed method achieves average improvement of 3, 3 and 6 points on CIFAR-100, 
TinyImageNet and ImageNetSubset, respectively.



Experiment

Compared to the SOTA 
The proposed method achieves average improvement of 3, 3 and 6 points on CIFAR-100, 
TinyImageNet and ImageNetSubset, respectively.



Experiment

Compared to the SOTA 
The proposed method achieves average improvement of 3, 3 and 6 points on CIFAR-100, 
TinyImageNet and ImageNetSubset, respectively.



Experiment

Analysis

The impact of the adapter structure.

Ablation Study

The impact of the threshold in prototype selection



Experiment

Visualization



Thanks
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