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CONTINUAL LEARNING

Goal: 
‣ Adapt to new tasks without forgetting previously attained abilities.

In practice: 
‣ Learn to make accurate predictions for inputs associated with new tasks       

without “un-learning” to make accurate predictions on inputs associated 
with previous tasks.



CONTINUAL LEARNING VIA FUNCTION-SPACE VARIATIONAL INFERENCE

Key ideas
1. Learning new tasks by selecting “good” functions from a distribution 

over functions
2. Incorporating prior knowledge via prior distributions over functions



Sequential Bayesian Inference

‣Posterior distribution over stochastic functions:

‣ Sequential variational problem:

SEQUENTIAL BAYESIAN INFERENCE OVER STOCHASTIC FUNCTIONS

<latexit sha1_base64="BRTmd86EqS1rUXGWhipmfYcPUoU="></latexit>

min
q(✓)2Q⇥

DKL(q(✓)kp(✓ | D)) () max
q(✓)2Q⇥

�
Eq(✓) [log p (y | XD,✓; f)]� DKL(q(✓)kp(✓))

 

<latexit sha1_base64="cuT7bvT8HtaAFJsvmH3dh1bjboU="></latexit>

p(f |D1, . . . ,Dt) / p(Dt|f)p(f |D1, . . . ,Dt�1)

<latexit sha1_base64="atGqxC3WUx6TU/j3L+e+6RFzpZ8="></latexit>

min
qt(f)2Qf

{DKL (qt(f)kpt (f | D1, . . . ,Dt))}

<latexit sha1_base64="UJZaXuoE7/4v4GUtzw1a5ABUOjM="></latexit>

max
qt(f)2Qf

�
Eqt(f) [log p (yt | f (Xt))]� DKL (qt(f)kpt (f | D1, . . . ,Dt�1))

 



Sequential Bayesian Inference 
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‣ Sequential variational problem:
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Function-Space Variational Inference (Rudner et al. [2021])

‣ Distributions over functions induced by distributions over parameters:

‣ Variational problem:

BACKGROUND: FUNCTION-SPACE VARIATIONAL INFERENCE
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Function-Space Variational Inference (Rudner et al. [2021]) 

‣ KL Approximation: 
‣ Linearize mapping: 
   

                                with

BACKGROUND: FUNCTION-SPACE VARIATIONAL INFERENCE
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Function-Space Variational Inference (Rudner et al. [2021]) 

‣ KL Approximation: 
‣ Distributions over functions under linearized mapping

BACKGROUND: FUNCTION-SPACE VARIATIONAL INFERENCE
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Function-Space Variational Inference (Rudner et al. [2021]) 

‣ KL Approximation: 
‣ Approximate KL divergence:

BACKGROUND: FUNCTION-SPACE VARIATIONAL INFERENCE
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Function-Space Variational Inference (Rudner et al. [2021]) 

‣ KL Approximation: 
‣ Approximate KL divergence: 

‣ Supremum Estimation:

BACKGROUND: FUNCTION-SPACE VARIATIONAL INFERENCE
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Function-Space Variational Inference (Rudner et al. [2021]) 

‣ Approximate variational problem:

BACKGROUND: FUNCTION-SPACE VARIATIONAL INFERENCE
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Empirical prior and variational distributions over functions
‣ Define prior and variational distributions over parameters:

‣ Tractable prior and variational distributions over functions:

SEQUENTIAL FUNCTION-SPACE VARIATIONAL INFERENCE
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Sequential Function-Space Variational Inference (S-FSVI)
‣ Approximate function-space variational objective under linearization:

‣ Crucially,       is defined over a set of task-specific coresets

‣ Explicitly discourages divergence from prior distribution over functions

SEQUENTIAL FUNCTION-SPACE VARIATIONAL INFERENCE
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PREDICTIVE PERFORMANCE: MNIST

‣ Multi-head settings: virtually solved (with and without coresets) 
‣ Single-head settings: still require coresets



PREDICTIVE PERFORMANCE: SPLIT CIFAR & SEQUENTIAL OMNIGLOT
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Sequential Function-Space Variational Inference 

‣ Is based on Bayesian inference over stochastic functions 
‣ Outperforms related objective- and replay-based methods 
‣ Can be scaled to 
‣ large network architectures 
‣ long task sequences

SUMMARY
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