Fast Adaptation to New Environments via Policy-Dynamics Value Functions
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Introduction Reinforcement Learning Phase Evaluation Phase

Motivation: Standard reinforcement learning (RL) algorithms assume Train an ensemble of policies on each of the training environments

fixed environment dynamics and require a many interactions to adapt using standard RL algorithms.

10 new scenarios. Use these policies to collect trajectories from all the training Then, a policy is selected by finding the policy embedding that

Problem: How can RL agents rapidly to changes in their environments. maximizes the PD-VF.

environment’s ? | | L . . . .
This results in The selected policy is used to act in the environment until the episode

Key Idea: _ ends.

Intuition: This can discover useful Self-Supervised Learning Phase

patterns among different dynamics, behaviors, and returns, which _ o
cannot be captured with a single policy and value function. This The collected trajectories are used to PPQenv Is an upper bound that e
. . | trains a PPO policy directly on the P %

enables faster adaptation to new environments. |
test environment.

The two embeddings are learned using a pair of autoencoders with

that take as input sets of transitions MAML is the meta-learning
(generated in the previous phase). algorithm from Finn et al. 2017. (a) Spaceship  (b) Swimmer ~ (c) Ant-wind

A

Problem Setting

Consider a defined by (S, A, T, R, 7). The use of Transformers without positional encoding exploits the RL* is the meta-learning algorithm T
Each environment has a of the interactions. from Wang et al. 2016. N % %

Ta(s'|s, a) € T determined by a hidden variable d ~ D. ?’f StTH PPOdyn trains a single policy e
. . . : conditioned on the dynamics

Train on a family of MDPs with ; .
p is y 6i—»' D Dd - s, a P EF({(St, at)}§ Hw) embeddlng. (d) Dynamics e) Ant-legs-v1 f) Ant-legs-v2

~ Dtrain m A | | | Figure 1: (a) - (C). continuous dlstrlbutlon of
Test on environments with from the same family: T T Gy = Dr(Sty 2x; @x) PPOall trains a single PPO policy  the dynamics given by (d). (e), (f): discrete
d ~ D,.., With Dy.., U Dyoi — D and Dyooy O Dyi — 0 | 2 24 on all the training environments. distribution of the dynamics.
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Policy-Dynamics Value Function
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zqa = Eq({(st, aty 5¢+1) }; 0a)

A conventional value function V' : & — ‘R is defined as the expected {(s¢,a:)} {(s¢,a,811)} $t+1 = Dua(st, at, zd; Pa)
return from state s when acting with a fixed policy 7r:
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| ' ' | The PD-VF W s trained " 3300 My |
We define a | unction or as afunction i <nervision to predict . 5™ 4 | 8200 )
W.: SXIIXT — ’R with two auxiliary inputs representing the the expected return G for an i1 A Z 200 :;:; :::: . {::: Z 100 .}:‘ .}} :{{
pO|ICy 7 and the dYnamlcs d: initial state, a policy o D. IG’ N ;:;:16 :;:;17 :i:;18 ;:;:19 ;:;:;20 N ;:;:;12 ;:;:;13 . :;:;:14 :;:;:15
Wi(s,m,d) = E[G¢|S; = s, Ay ~ 7, St11 ~ T4 - embedding, and a dynamics \ | srvirenment y | nvironment |
N | embedding. T . E } Flgure 2: PD-.VF outperforms competltllve methods on test environments, demonstrating
W explicitly estimates the r —> W «— Zd that it can quickly adapt to new dynamics.
with different dynamics. o T
Note: The PD-VF can s Ha
. Given a new {(MI,SH)}
environment, we can search in this entire space of policies and select
the one that works best in that particular setting rather than trying to W is parameterized as a X -
learn a policy that performs well in a wide range of dynamics, which quadratic in z for fast G = W(s0, 2, 2d) = z2; A(S0, 2d3¥) Zr e oroposed a to task
might be too difficult. optimization at test time. variation, multi-agent settings, continual learning, or inclusion of prior

knowledge and other constraints during the optimization process.



