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=> Input vector of length 64 x 64 = 4096

Dense inputs

64

64

Most values are non-zero for most natural images

Alternative?

Sparse input representations 

Example: Tile coding
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• Scratch is not longer a fair baseline
• Need a baseline that uses the information from the 

representation learning dataset
• New baseline : Learn a 950 way classifier using iid sampling 

and multiple epochs 
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Sparse Representations

• We used SR-NN introduced by Vincent et al. [1] 
• Results reported using the best performing SR-NN 

[1] Liu, V., Kumaraswamy, R., Le, L., & White, M. (2018). The utility of sparse representations for 
control in reinforcement learning. AAAI 19
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Neural networks suffer from catastrophic interference


Consequences : Forgetting and slow learning   

When and why? 


1. Non-IID sampling


2. Dense inputs 


3. Global and greedy update

Experience Replay

Tile coding

Adam optimizer?

Our work
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Meta-Learning Representations for Continual Learning

Intuition behind the meta-update
• Use a correlated stream of data to update the prediction 

learning network

• Compute the degree of interference/forgetting 

• Use interference as a training signal for updating representation
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We can train SR-NN with different hyper-parameter to achieve 
same degree of sparsity  
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• Pretraining: 38%  

• SR-NN: 15%


• MRCL: 3.8%
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Visualizing representations 
Average representation 

Compute representation of the complete representation learning dataset 

Compute the average representation vector 

Dead Neurons

Possible explanation

MRCL does better because it is learning the right kind of sparsity! 
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Is catastrophic interference solved?

• No! We assumed we have access to a dataset for learning 
representations 

• Representation learning is not online 

• However, positive preliminary results for online 
representation learning



Questions?

Paper: https://arxiv.org/pdf/1905.12588.pdf


Code: https://github.com/khurramjaved96/mrcl

https://arxiv.org/pdf/1905.12588.pdf
https://github.com/khurramjaved96/mrcl


Continual Regression Tasks



Combining with existing methods



Solution Manifolds



Pseudo-code



PLN Initialization



Generalization Error


