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Background
• As humans live, they acquire more knowledges through new experiences.

• In machine perspective, continual learning focuses on how to learn new  

knowledge from new incoming data with preserving previous knowledge.

Non-stationary data comes one example at a time 

in a stream：
𝑥1, 𝑦1, 𝑡1 , … , 𝑥𝑖 , 𝑦𝑖 , 𝑡𝑖 , … , 𝑥𝑖+𝑗 , 𝑦𝑖+𝑗 , 𝑡𝑖+𝑗

Data is locally i.i.d. - Samples for a task are drawn 

from the same unknown joint probability distribution 
𝑥𝑖 , 𝑦𝑖 ∼ 𝑃𝑡(𝑥, 𝑦)

Examples



Background

• Task-Agnostic CL• Class-Incremental 

CL

• Domain-Incremental 

CL
• Task-Incremental 

CL

?

Task-Free CL



Background

Setup for Continual Learning Methods

• Online vs Offline

• Online: allow only once to see the incoming data except for examples in the memory.

• Offline: allow to see the examples in current task and episodic memory many times.



Background

Main Problem of Continual Learning: Catastrophic Forgetting

Phenomenon that forgets the knowledge of previous classes when 

the model trains with  new incoming classes.



Background

Previous Works for Continual Learning Methods

• Regularization based CL

• Trade-off: keeping weights for maintaining previous knowledges vs. changing weights for learning new
knowledges.

• Parameter isolation based CL

• To prevent forgetting previous tasks, an intuition is to construct sufficiently large models, and for each task 

construct a subset of the larger model. This approach can be achieved by fixing Backbone and adding new 

branches for new tasks

• Rehearsal/Replay based CL

• Assume that we can use small amount of data from previous tasks

• Key Point: How to get informative data from the previous tasks?



Motivation

Annotation Challenges

Annotation process is time-consuming (eg. bounding boxes in videos) 

and expensive as it  requires expert knowledge in various applications.

Therefore, it is essential to learn continual representations on unlabelled data streams.



Background

Previous Works

CURL learned task-specific representations on top of shared parameters using MLP  

encoders/decoders and a simple MoG generative replay.

However, the method was restricted to simple low-resolution tasks and not scalable

to standard CL benchmark datasets.
[Rao et al. 2019] Continual Unsupervised Representational Learning. NeurIPS 2019



Method

Unsupervised Continual Learning (Offline)

Feature  
Extractor

Self-Supervised  
Loss

Feature  
Extractor

However, a trivial combination of self-supervised learning with a sequence of  tasks can result 

in catastrophic forgetting.

learn the feature representations on an unlabelled sequence of tasks.

use self-supervised learning to learn the feature representations.



Method

Unsupervised Continual Learning

To mitigate catastrophic forgetting, we revisit representations learnt on previous tasks.

Feature  
Extractor

Feature  
Extractor

Self-Supervised

Loss

● Structural  Regularization

● Unsupervised Replay

● Architectural  Expansion

● Lifelong  Unsupervised Mixup

Our quantitative and qualitative empirical analysis shows that reliance on  annotated data 

is not necessary for continual learning.



Method

Unsupervised Structural Regularization

Encourage the current task parameters to stay close to the parameters of the old task.

Task B Loss Surrogate Loss

UCL loss with Simsiam for current task

Synaptic Intelligence [Zenke et al. 2017]



Method

Unsupervised Replay
We minimize the Euclidean distance between the projected outputs to evaluate  DER 

(Buzzega et al. 2020) for Unsupervised Replay.

[Buzzega et al. 2020] Dark Experience for General Continual Learning: a Strong, Simple Baseline. NeurIPS 2020

Minimize the  

Euclidean distance



Method

Lifelong Unsupervised Mixup (LUMP)

LUMP interpolates between the examples of the current task and random examples  

selected using uniform sampling from the replay buffer.

Self-Supervised  
Loss



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

Continual Learning Evaluation

Unsupervised CL methods improve accuracy with LUMP outperforming all methods.



Out of Distribution Evaluation

Evaluation on various OOD datasets also show consistent improvements.

Experiment

Evaluation of  representations  trained with  Sequential CIFAR-100  on OOD datasets using  KNN classifier.



Few-Shot Training Evaluation

Next, we evaluate on a limited number of training instances, where UCL improves  accuracy and 

mitigate forgetting in comparison to SCL.

This is an outcome of the discriminative feature embeddings learned by UCL.

Few Shot Training  

with Split CIFAR-100

Experiment



Visualization of Feature Space

SCL is prone to catastrophic forgetting, as the features are noisy w/o coherent patterns.

This is because SCL is prone to forgetting, which hurts the past tasks representations.

Experiment



Visualization of Feature Space

UCL features are more relevant, with LUMP learning the most distinctive features.

We believe this is because UCL captures more than class-specific features, and captures  generic 

information independent of the class labels.

Experiment



Visualization of Loss Landscape

UCL also obtaining a flatter and smoother loss landscape compared to SCL.

It indicates that UCL is stable and robust to the forgetting.

Experiment




