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* Motivation Model-Based Case
Model-Free Case ¢ MBPO — CMLO/USB-PO
Let policy m; denotes the ¢,y optimal policy under
e REINFORCE — TRPO/PPO the dynamic model M; and oy, az, be the constraint
Let o = D&% (74, Tpew). Then the following threshold for M; and M,. Then the following bound
bound holds: holds:
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© TRPO: Hyper-parameter ¢ to constrain the

variation of the policy. .
| © CMLO: Hyper-parameter a to constrain the

variation of the model.

o PPO: Clipped surrogate objective or adaptive KL

enalty coefficient to constrain th 1ati f .
p Y : Sl ® USB-PO: Automatically fine-tune the variation of

the policy. the model.




What About The
Multi-Task/COMRL Setting?




* Method Part I: Performance Improvement Guarantee For
Previous COMRL Endeavors

e Qur Previous UNICORN Framework: o Return Discrepancy in COMRL:

Denote Xj and X; are the behavior-related (s, a)-

* 2Rma$Lz
component and task-related (', r)-component of the  |J/*(0) — J(0)] < (1— ) Epma(1Z(-|z; ¢)
COIlteXt X, Wlth X = (Xb, Xt) . Z . mautual Z . mutual . Z R
(la; ") + |2 (Ja; ™) = Z(- |5 ¢7)])
I(Z; X4| X)) < I(Z; M) < I(Z; X)) (3) (4)

o Adopt maximizing I(Z; M) — Minimizing
©Lrocar = —1(Z;X) = —I(Z; Xo| Xo) — I(Z; Xp) |Z(:|x; ) — Z(-|z; p™ua)|.

®Lcorro = —1(Z; Xi| Xy) ® Adopt standard offline RL algorithms —
©Lcspo > (A—=1DI(Z; X) — M(Z; X¢| Xp) Maximizing J*(0).

COMRL Framework < General RL Objective :



* Method Part II: Monotonic Performance Improvement
Guarantee For COMRL

e Monotonic Performance Improvement Condition e How To Achieve Monotonic Performance
For Previous Framework Improvement Guarantee
B J*(Qz) T4 0)) Gi\./en that theo cc.)r%text encoder has already been
trained by maximizing I(Z; M) to some extent.

—_ : 5 m,:r;(|Z (‘|lx; ) — Z(-|x; 0%)|) (B) Update the context encoder via maximizing
(1=1) I(Z; M) from at least extra k samples, where:

e Monotonic Performance Improvement Guarantee 1 9l1Z| _ 9
With Variation Of Task Representation k= Rz( 2log ¢ +Va)* (7)
. ¢ P \
€1y — T En.o[2|Z(-|7; ¢2) — Z(-|; ¢")] :
L — 7 Task Representation

+|Z(:|z; ¢2) — Z(-|x; ¢1)|] 2 0 (6) Shift




Method Part III: General Algorithmic Framework
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Alternating update process: @->@->@->Q@)->...>@D->@

Figure 1: Our training framework compared to the previous training framework. They both
adopt the alternating optimization framework to train the context encoder and the policy. However, our
training framework considers the previously ignored variation of task representation by introducing
an extra condition to decide whether the context encoder should be updated.



* Promising Experimental Results: MuJoCo & MetaWorld
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* Promising Experimental Results: Different Data Qualities
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* Furthermore Discussions: Training From Scratch v.s. Pretraining

cross-entropy contrastive reconstruction
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* Furthermore Discussions: The Illusion Against Visualization

cross-entropy; pretrain; 300K; performance~195 reconstruction; Ny=3, N .=1; 300K; performance=245
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