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Artificial Intelligence

min𝜃𝜃,𝜙𝜙,𝜓𝜓𝐸𝐸𝑥𝑥,𝑦𝑦[𝐸𝐸𝜏𝜏[𝐿𝐿VAE(𝑥𝑥;𝜃𝜃,𝜙𝜙) + log 𝑝𝑝𝜓𝜓(𝑦𝑦| �𝑥𝑥)],
which combines losses for the generators and skills. The losses from 
each eigentask are weighted by a likelihood ratio:

𝜏𝜏𝑖𝑖 𝑥𝑥 = softmax𝛽𝛽
𝑝𝑝𝜃𝜃𝑖𝑖 𝑥𝑥 𝑧𝑧

max𝑗𝑗𝑝𝑝𝜃𝜃𝑗𝑗 𝑥𝑥 𝑧𝑧
≈ softmax𝛽𝛽

Φ 𝑧𝑧𝑖𝑖
max𝑗𝑗Φ 𝑧𝑧𝑗𝑗

The OWVAE simultaneously learns to partition a data stream of tasks 
into eigentasks via 𝜏𝜏 and to solve each eigentask.
Rejection sampling: reject samples based on confidence of skill 
(VAug), create balanced dataset (Baug), or both (VBAug).
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Background Results and ImpactApproach
As part of the DARPA Lifelong Learning Machines (L2M) 
program, SRI International has developed the Eigentask 
framework. Eigentasks combine the strength of generative 
memory (i.e. using a machine learning model capable of 
generating or “re-playing” samples of previous tasks), with the 
strength of mixture-of-experts models (i.e. partitioning tasks 
along the skills required to solve them). Lifelong Learning has 
three core components [1]:
1. Continual Learning: The system learns a nonstationary 

stream of tasks (both novel and recurring) without distinct 
training and testing phases.

2. Transfer and Adaptation: As learning progresses, the 
system performs better on average on the next task, for 
both novel tasks (forward transfer) and known tasks 
(backward transfer).

3. Sustainability: The system continues learning for an 
arbitrarily long lifetime using limited resources (e.g., 
memory, time) in a scalable way.

Our approach can achieve all three objectives in both 
supervised learning and reinforcement learning settings.

L2 Problem Settings 

Continual Learning for Supervised Classification:
We tested our method on the “SplitMNIST” benchmark and a new 
benchmark “SplitMNIST+FashionMNIST” in the “Class Incremental” 
setting:
• Examples presented from two classes at a time
• The agent learns to label all the classes

• SplitMNIST (D1): our method is 
competitive with state-of-the-art

• SplitMNIST+FashionMNIST(D2): 
our method is superior than 
current approaches because: 

1. Able to deal with multiple modes 
in the input distribution

2. Successfully separates MNIST 
and Fashion MNIST as 
eigentasks, learns one skill each

Automatic partitioning of data stream into coherent eigentasks 
(OWVAE reconstructions):

Input
Eigentask 1 (digits)
Eigentask 2 (clothing)

Forward Transfer in Reinforcement Learning:
We train a model with two eigentasks
and measure forward transfer to a 
novel task using the eigentasks as 
“teachers”
When transferring to a similar task 
(Top), transfer gives superior few-shot 
performance and convergence to a 
better policy than single-task learning.
When transferring to a dissimilar task 
(Bottom), transfer can slow learning, 
but we can modulate the “strength” of 
transfer to mitigate this effect.
Impact
We present a unified approach to lifelong learning that is applicable 
to supervised, unsupervised, and reinforcement learning settings.
The method supports both forward and backward transfer and 
discovers related tasks without knowledge of task identity. Many 
approaches from the literature can be incorporated into the 
eigentask framework.

An eigentask is a machine learning model that 1) can solve a set of tasks, 
and 2) can sample from its input distribution. 3) can determine when the 
eigentask is applicable. See our paper [3] for all technical details.
Eigentask: 𝐸𝐸 = (𝑔𝑔, 𝑓𝑓, 𝜏𝜏) comprising a generator probability distribution 
𝑔𝑔(𝜖𝜖) on the inputs 𝑋𝑋, and a skill 𝑓𝑓:𝑋𝑋 ↦ Δ(𝑌𝑌) that maps inputs to outputs. 
𝜏𝜏:𝑋𝑋 ↦ [0,1] measures the applicability of the eigentask for a given input. 

Eigentask framework:

Open-World Variational Auto-Encoder (Sleep Phase)
We realize the eigentask 
framework with Open-World 
Variational Auto-Encoder 
(OWVAE). Each generator is a 
VAE [2]. The skills are 
classifiers or RL policies. The 
training objective is:

Wake-Sleep Phases:
The eigentasks are trained on a data stream in alternating phases:
Wake Phase: A separate task learner learns the current task or tasks, 
using forward transfer from previously-learned eigentasks.
Sleep Phase: Knowledge learned from recent tasks is consolidated 
into eigentasks using generative replay to avoid forgetting.

Lifelong RL in Starcraft 2: The agent experiences a 
sequence of “mini-games” with different objectives, where 
old tasks can recur along with new tasks. The agent must 
learn to solve new tasks, using knowledge of old tasks to 
speed it up (forward transfer) while remembering how to 
solve old tasks (backward transfer).

Lifelong Supervised Learning: The agent learns to 
classify images (e.g. MNIST digits) where data is presented 
for only a few classes at a time. The agent must learn to 
classify new classes while remembering old classes. References
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Lifelong RL with Eigentasks:
Goal: forward transfer: wake phase
Idea: explore new task using 
relevant skills identified by OWVAE
Reduces sample complexity if some 
previous task is like target task. 

𝑏𝑏(𝑠𝑠) = �
𝜋𝜋 𝑠𝑠 , 1 − 𝜇𝜇(𝑡𝑡)

𝑝𝑝𝜓𝜓𝑖𝑖(𝑠𝑠), 𝑤𝑤.𝑝𝑝. 𝜇𝜇 𝑡𝑡 𝜏𝜏 𝑠𝑠 𝑖𝑖
For each eigentask i,

Importance weighting for off-policy correction
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