Off-Policy Learning Combined with Automatic Feature Expansion for Solving Large MDPs
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Reinforcement learning (RL) techniques with cheap computational complexity and minimal

hand-tuning that scale to large problems are highly desired among RL practitioners. Linear

function approximation has scaled existing RL techniques to large problems, however this
technique has two major drawbacks: 1) conventional off-policy techniques can be unstable
with linear function approximation and 2) finding the right set of features for approximation
can be challenging. This paper connects Greedy-GQ learning, a convergent oft-policy tech-
nique with iIFDD* algorithm, a novel feature expansion technique with cheap computational
complexity. Empirical results across 3 domains with sizes up to 77 billion state-action pairs
verity the scalability of our new approach.
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Real-world sequential decision making problems have

large state spaces => Linear Function Approximation

Finding the right set of features with cheap computa’cionalh
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Learning should consider samples obtained following ar-

% bitrary policies = Oftf-policy Learning

complexity 1s challenging!

How to incorporate off-policy learning without the fear of |
divergence?
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Hand Coding [1;:

Domain Specific, Time Consuming

Online methods such as iIFDDp:

Shown successtul with online learning,
Sample complexity can be improved

Batch Techniques such as BEBF; and

OMP-TDy, Batch-1IFDD*:
Scalability, Tuning, Computational Complexity
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Greedy-GQ -

Convergent off—pohcy learmng with linear function approximation, |

Fixed features
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Introduced Greedy-GQ-1FDD* as a new technique that 1s off-

policy, scalable and sample efhicient.

® Empirically tested the advantage of Greedy-GO-iFDD+ against

online learning techmques in 3 domains with sizes over 77 Billion
state-action pairs. o .
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Greedy-GQ 1s convergent using linear function
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Incremental Feature Dependency Discovery (iFDD)[Q]
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Given an 1nitial set of binary features, add feature conjunctions where the TD-error persists

(c.e. the relevance grows). Equation 2 GFDD) was previously used in an online setting to add

new featuresp). Equation 1 GFDD*) was then introduced with a better convergence rate and

used 1n a batch settings. In this work we use Equation 1 in the online setting.
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(1) relevance(f) = iFDD*..
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Algorithm 1: Greedy GQ-iFDD™

Input: ay,5,6,6,F

Learning Algorithms:

Output: Qg
1 Initialize ¢, N to empty maps and w and 6 to 0
2 while time permits do
3 initialize s from S
4 repeat
5 a < e-greedy w.r.t Qg
6 s'.r < execute a
7 a' < argmax_, Qy(s’,a’)
8 0 <1+ Qo(s,a") — Qo(s,a)
9 0 < 0+ ay |[06(s,a) — v (w' P(s,a)) ¢(s',a')]
10 w < w+ B 6 — gb(s,a) Tw| ¢(s,a)
11 ¢ < Discover(¢(s),0,&,F,),N)
L 12 Pad w and 6 if new features are added.
13 s < s
14 until s is terminal;
|
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Representations:

1IFDD*, hixed sparse representation (FSR)
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with iIFDD+ for tackling large scale domains.
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We introduced Greedy-GQ-1FDD* as an oft-policy online technique with

adaptive representation that has cheap computational complexity. Empirical
results across three domains with sizes up to 77 Billion state-action pairs veri-
fied the effectiveness of iIFDD* for representation expansion and the advantage
of using off-policy techniques compared to on-policy techniques when combined
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