TR cE A9 A 23
"—'i’":’ § UNIVERSIDADE DE MACAU
N UNIVERSITY OF MACAU

s BEREY 7Y
2/ o7 ka

Maximum diffusion reinforcement learning

Thomas A. Berrueta, Allison Pinosky, Todd D. Murphey
speaker: Xiongyi Li
Jan 12th 2024



Introduction

« Data is independent and identically distributed

* In RL, data collected sequentially are temporal correlated
 Solution: Sampling in random, experience replay

« Maximum entropy RL: maximize the entropy of an agent’s policy
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Maximum diffusion RL:

* Realizes statistics indistinguishable from i.i.d. sampling by
exploiting the statistical mechanics of ergodic processes

* PROVE:

 capable of single-shot learning regardless of how they are initialized
 robust to random seeds and environmental stochasticity
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Temporal correlations hinder performance

* Whether temporal correlations and their impact can be avoided
depends on the properties of the underlying agent-environment
dynamics.

« Completely destroying correlations between agent experiences
requires the ability to discontinuously jump from state to state
without continuity of experience.
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Task to evaluate deep RL algorithms
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Maximum diffusion exploration and learning

* RL: take random actions to produce effective exploration

 MaxEnt RL: Maximize the entropy of a learned action
distribution (policy)

* Propose: decorrelating agent experiences
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What is the most decorrelated that agent
experiences can be?

* Maximum entropy
* trajectory distribution: P [x(t)] t
e optimal path distribution: P,...[z(t)] = %E:‘q} [— %f ;fT(T:lTC_l[I*]jI[:T]dT]
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Minimizing correlations among agent
trajectories leads to diffusion-like exploration

« Maximally diffusive agent: satisfy optimal path distribution
Bxlelt)] = %exl} [ - % [ jr(r)j'lc_l[;r:*].ir(#]df]
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« But agent can'’t realize maximally diffusive t'rajectories
spontaneously

* Find a policy capable of satisfying maximally diffusive path
statistics, which is the core of MaxDiff RL

UTLEX



KL

« KL divergence between:
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Robustness to initializations in ergodic agents
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Zero-shot generalization across embodiments

Trained Baseline Deployed * https://www.youtube.com/watch?v=eq6F
k-Ip1i08list=PLO5AGPa3kIrCTSO-
i t7HZsVNQinHXFQmMn9&index=3

Transfer

o MaxDiff RL, re=100 =0 NMN-MPP] mm SAC m MaxDiff RL, er=100 = NN-MPPI mm SAC
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Trained: Heavy Light Heavy Light
Deployed: Heavy Light Light Heavy
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Single-shot learning in ergodic agents
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Thank You!
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