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Traditional RL algorithms cannot cope with
environments with different dynamics.
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Context-based algorithms use context
encoders to detect dynamic changes.



Problems with context-based algorithms: policies
can not learn from data with dynamics shift
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We propose the SRPO algorithm that can leverage data with different dynamics.



The key intuition: optimal policies in environments with different
dynamics can generate a similar stationary state distribution.
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Incorporate into policy optimization:

max Es, a,r, [Z%r (st,at)} s.t. Dxr (dr()[€(1)) <

t=0

d, : the stationary state distribution of the current policy
{ :the stationary state distribution of the optimal policy

Lagrangian: L = —E;, 4,~+ [ny ( st;at) + Alog dC(:))ﬂ @ 1)\57
T\ 9t D

Challenges: How to obtain the state probability under the optimal policy?
How to compute the probability ratio?
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Challenges: How to obtain the state probability under the optimal policy?
How to compute the probability ratio?

Proposition 3.1. In a GAN, when the real data distribution is ((s) and the generated data distribution
is d(s), the output of the discriminator D(s) follows

Dis)  <(s)
1—D(s) dr(s)

(4)
Measure the state optimality: an HMM-based approach
0\
p(Oils;) = max exp[y (r(s¢, at) — Rmax)] »(P »:
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In Online RL tasks, we propose the CaDM+SRPO
algorithm that can efficiently train a robust policy.
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In Offline RL tasks, we propose the MAPLE+SRPO algorithm
that reaches the highest performance in 8 of 12 tasks.

CQL MAPLE MAPLE

Single C MOES MAPLE +DARA +SRPO(Ours)
Walker2d-medium-expert 1.11 1.03+0.10 | 0.25+0.18 | 0.55+0.21 | 0.80+0.02 0.66+0.08
Walker2d-medium 0.79 | 0.78+£0.01 | 0.23+0.34 | 0.824+0.01 | 0.83+0.03 0.84+0.03
Walker2d-medium-replay 0.27 | 0.07+£0.00 | 0.00£0.00 | 0.16%+0.02 | 0.17+0.01 0.17+0.02
Walker2d-random 0.07 0.03£0.01 | 0.00£0.00 | 0.22+0.00 | 0.22-+0.00 0.221+0.00
Hopper-medium-expert 098 | 0.32+0.14 | 0.01£0.00 | 0.96%0.14 | 0.96+0.06 0.98+0.02
Hopper-medium 0.58 | 0.57£0.16 | 0.01+£0.00 | 0.78+0.28 | 0.40£0.05 1.03+0.09
Hopper-medium-replay 046 | 0.14+£0.02 | 0.01£0.01 | 091£0.11 | 1.0240.01 1.02+0.01
Hopper-random 0.11 0.11£0.00 | 0.01+£0.00 | 0.13+0.00 | 0.13£0.01 0.321+0.02
HalfCheetah-medium-expert | 0.62 | 0.03+0.04 | -0.03+£0.00 | 0.50+0.06 | 0.50%0.00 0.63+0.01
HalfCheetah-medium 044 | 043+0.03 | 0.38+0.28 | 0.62+0.01 | 0.67+0.03 0.63+0.01
HalfCheetah-medium-replay | 046 | 0.46+0.00 | -0.03+£0.00 | 0.52+0.00 | 0.53%+0.01 0.55+0.00
HalfCheetah-random 035 | 0.01+£0.02 | -0.03+£0.00 | 0.224+0.03 | 0.21+0.00 0.24+0.01
Average 0.52 0.33 0.068 0.53 0.54 0.61




Code:
https://github.com/AlDefender/SRPO

Poster Page:
https://neurips.cc/virtual/2023/poster/72138
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