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Introduction & Motivation

Resource-efficiency in deep learning is important (e.g., sustainable AI, embedded DL, …). 

Dedicated algorithms are necessary for resource-efficient and reliable deep learning.
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…Machine Unlearning:
After a data deletion request, how can we re-
establish privacy in an already trained model?
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“Task-Incremental” Lifelong Learning

Commonly studied problem: Mitigating catastrophic forgetting.

Main challenge: No access to previously observed datasets.
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Task 1: “cat” or “dog”

Model 1

Task 2: “horse” or “deer” Task 3: “bird” or “rabbit”

Model 2 Model 3

Privacy

(a) Train different models for each task (brute force solution).

If we want to also ensure exact unlearning guarantees anytime:
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(b) Optimize unlearnable task-specific subnetworks!
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Unlearn Task 1
(Exact Unlearning)
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Reset the corresponding subnetwork weights & use experience replay to 
retrain only the weights where knowledge was transferred from Task 1.

Following a task unlearning request:
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Summary & Takeaways

Resource-efficiency in deep learning is important (e.g., sustainable AI, embedded DL, …). 

Dedicated algorithms are necessary for resource-efficient and reliable deep learning. 

Privacy-aware lifelong learning (PALL) is designed to: 

Alleviate catastrophic forgetting by freezing pre-trained task-specific weights,  

Facilitate selective knowledge transfer from previously learned tasks, 

Ensure exact task unlearning guarantees upon request,  

Provide a state-of-the-art solution with minimal model memory overhead.
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