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- (Supervised) Continual Learning
- Assume a task distribution 
- Each task              is represented by a dataset of pairs
- At each timestep t, the model receives a training stream
- Evaluation considers held-out sets from all previously observed tasks



Variational Continual Learning
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- Bayesian Framework
- Assume a prior over parameters 
- Given evidence of T tasks, learn posterior 
- Assuming tasks are i.i.d, we find the following recursion:

- Variational CL
- Approximate via Variational Inference

- This is equivalent to maximizing the ELBO:
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- Several approximation errors may bias the 
posterior

- Likelihood term estimation
- Optimization errors
- Function class may not be expressive 

enough to represent the true posterior

- As it relies on a single previous posterior, errors 
compound over successive updates
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Temporal-Difference VCL
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Temporal-Difference VCL
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- We can define a “n-Step TD VCL target” as:

- 1) The optimization problem can be equivalently defined as, 

- 2) TD-VCL objective is a discounted sum of TD targets:

- 3) TD-VCL objectives generalize a spectrum of Continual Learning algorithms
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Limitations / Future Work
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- Limitations
- Introduction of new hyperparameters, n and lambda
- Relies on past posterior estimations, which increase memory 

requirements

- Future Work
- Further connections with MDPs
- Apply TD-VCL in problems that involves sequential VI, such as probabilistic 

meta-RL
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