Lifelong Learning
CS 330



Reminders

Thi s Wednesdayctecture and instructor office hours over zoom

Tuesday(Nov 301): Project poster session

Wednesday (Dec 8): Project due



Plan for Today

The lifelong learningoroblem statement

Basic approachesto lifelong learning

Can we dobetter than the basics?

Revisiting the problem statement
from the meta-learning perspective
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| earn to solve a set of tasks. Given I1.1.d. task distribution,
learn a new task efficiently

learn to learn tasks

quickly learn
new task




Multi-Task Learning

learn tasks perform tasks

Meta-Learning

learn to learn tasks

qguickly learn
new task
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Our agents may not be given a large batch of

data/tasks right off the bat!
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Some examples
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Some Terminology

Sequential learning settings

online learning, lifelong learning, continual learning, incremental learning, streaming data

distinct fromsequence datandsequential decisioimaking
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Example settings:
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. astudentlearning concepts in school

. a deployedmage classification systel@arning from a

stream of images from users

. arobot acquiring an increasingly large set of skills In

different environments

. avirtual assistantearning to help different users with

different tasks at different points in time
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Desirable properties/considerations Evaluation setup




What is the lifelong learnimgroblem statemerf

Problem variations:
- task/data order I.1.d. vs. predictable vs. curriculum vs. adversarial

- discretetask boundaries vsontinuousshifts (vs. both)
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Some considerations:

- modelperformance

- dataefficiency
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- others: privacy, interpretability, fairness,
test time compute & memory
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What is the lifelong learnimgroblem statemerf

General [supervised] online learning problem:
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lack of memory
lack of computational resources

otherwise: D1y who D1 «Ew - privacy considerations
want to study neural memory mechanisms
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minimal regret(that grows slowly witlo)

regret cumulative loss of learner cumulative loss of best learner in hindsight
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(cannot be evaluated In practice, useful for analysis)

Regret that grows linearly @is trivial. 2 K é K
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What do you want from your lifelong learning algorithm?
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positiveforward transfer. previous tasks cause you to do better on future tasks
compared to learning future tasks from scratch
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compared to learning past tasks from scratch
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Basic approachesto lifelong learning

Can we dobetter than the basics?

Revisiting the problem statement
from the meta-learning perspective



Approaches
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[depends on the application]
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‘Q-function
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Old Data

Julian, SwansogukhatmeLevine, Finn, Hausman, Never Stop Leard0&{)



Very simple continual RL algorithm

1. Pre-Train 2. Explore

Pre-Train Fine-Tune
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Julian, SwansogukhatmeLevine, Finn, Hausman, Never Stop Leard0&{)



Very simple continual RL algorithm

Grasping Harsh Lighting Transparent Bottles CTRCHotDoard Extend Gripper Offset Gripper

(Pre-Train) Backing

1. Pre-Train 2. Explore
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(from scratch)



v A il) store small amount of data per tasknamory
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How do we accomplish (2)?
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Can formulate & solve as a QP.
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Assume local
linearity:
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What might be wrong with the online learning formulation?
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Efficiently learn a sequence of tasks w ﬂ A‘/ X 0?6 ’# §

from a nonstationary distribution.
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Primarily a difference i@avaluation rather than thedata stream
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The Online MetalLearning Setting
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Can we apply metkarning in lifelong learning settings?
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What metalearning algorithms are wedlited for FTML.
2 K-ty DA ¥a m/RIWUAZ2Y I NE



