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Limitations of Current Methodls Time step (in thousands)
-Learning with large step-size parameters 2) SwiftTD benefited from each of the three ideas
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True Online TD(A) with Step-size Optimization and _
Ste -size Optlmlzatlon the Learning-rate Bound SwiftTD

-Learning with small step-size parameters
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Proposed Solution: SwiftTD
SWIftTD enables effective learning from

large step-size parameters. It has three 3) SwiftTD improved performance on the maijority of the games
components: 2
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1)Step-size optimization [1]
Meta-learn the per-feature step-size “error o6
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parameters using a computationally
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2) Bound on the rate of learning °
Bound the rate of learning to make the 4) SwiftTD assigned credit to the relevant features
. ) Pong Spacelnvaders Seaquest Freeway
learner robust by enforcing: T : -
1 < Z ag,[i]’
i=1 —— -
Requires using True Online TD(A) — -
3) Step-size decay
Decay the step-size parameters when 5) SwiftTD made more accurate predictions in final 3,000 steps
the rate of learning is too large SHTETE
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