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"Equal contribution Y
The auxiliary loss is described by the following equations, where f denote
layers of the encoder trunk, and greek letters denote the DIM heads (either
- global or local).
Introduction Procgen
[ . 8 B Env Csl1 | CPC-1-+5 CURL | DRIML-noact DRIML-randk DRIML-fix DRIML-ada
1 (8¢,0;8c48) =W st), Veala Orr(far(sevr)), M, N € {3,4}.
PNt (st @, St+k) N(fn(st), Yalar)) @ur(far(setn)), ’ 13,4} bigfish 1.33+0.12 | 1.17+0.16 2.7+1.3 1.19+0.04 1.124+1.03 2.02+0.18  4.45+0.71
bossfight - 0.57+0.05 0.524+0.07 0.6x0.06 0.474+0.01 0.5640.03 0.67+0.02 1.054+0.19
i " caveflyer 9.19+0.29 6.4+0.56 6.94+0.25 8.264+0.26 7.924+0.15 10.18+0.41 6.7740.04
We Strlve fOr RL agentS that are able tO adapt CIU|Ck|y and reuse kﬂOWledge chaser 0.22+0.04 0.21+£0.02 0.35£0.04 0.23+0.02 0.26+0.01 0.2940.02 0.38+0.04
when presented a sequence of different tasks with variable reward Nt M exp(dnenr(Se, at, St+k)) climber | 1.68£0.1 | L71£0.11  1.75£0.09 | 1.57:£0.01 2.214+0.48 2.2640.05  2.2+0.08
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functions. Viewing model-based agents from a representation learning Lo it Es, c—wlsiad exp(onenr(Se, ae, s')) dodgeball | 1.240.08 | 1.05£0.04 1.09+0.04 | 1.22+0.04 1.1940.03 1.2840.02  1.44+0.06
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perspec_tlve, a desired OU’(COITT'IG Is an agent that u_nderStandS the underlymg heist | 1.5440.1 0.93+0.08  1.06+0.05 | 1.04:0.02 1.040.05 1.3+0.05 1.89-+0.02
generative factors of the environment that determine the observed jumper | 13224083 | 2284044  10.27+0.61 | 4.3140.64 5.62+0.27 12.64+0.64 12.16+0.42
. . . . . . ¢ 5.03%0.14 4.01+0. 3.94+0.46 5.4+0.09 424+1.17 6.17+0.29 0.
state/action sequences, leading to generalization to other environments built %8 5362009 | 1142008 082402 | 144:026  118£003 1385008 22310‘1‘6
from the same generative factorS. ReSUItS n?in.er | ().13::().()1 0.13+0.02  0.1+0.0 0.124+0.01 0.15+0.01 O.l4:t().()£ 0.19+40.02
ninja . 9.36::0.01 6.231+0.82 5.84+1.21 6.444+0.22 8.131+0.26 9.211+0.25 8.74+0.28
plunder ‘ 2.99+0.07 3.0£0.06 2.77+0.14 3.2+0.05 3.34+0.09 3.37+0.17 3.58-4+0.04
In add|t|0n, Iearnlng 3 pred|Ct|Ve model affords a richer |eamlng S|gna| than I ] d I starpilot ‘ 2441012 | 2.87+0.05 2.68+0.09 | 3.7+0.3 3.93+0.04 4.56+0.21 2.63+0.16
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those provided by reward alone, which could reduce sample complexity Sing mode SRS | |
Compared fo mOdel'free methOdS- a Average train-time rewards on 500 fixed levels of Procgen. Normalization is performed with respect to the lowest score in
each row.
Our work is based on the hypothesis that a model-free agent whose
representations are predictive of properties of future states (beyond : : T :
expected rewards) will be more capable of solving and adapting to Adaptwe SeleCt|On Of pred|Ct|Ve tlmescale
new RL problems and, in a way, incorporate aspects of model-based Ising models are perfect examples of quasi-deterministic structured systems.
learning. We made Ising models (temperature=1/0.4) evolve in a portion of a 84 x 84 DRIML-ada performs the best on most Procgen tasks; the predictive
screen, then fit the DRIML objective onto it. timescale k is sampled from a non-homogeneous geometric distributions,
Al th with probabilities of P(A,,,|A,) learned at training time. This avoids DRIML to
gorl m DRIML successfully captures the predictable portion of the screen, even at learn “redundant” action sequences, and focuses on timescales where the
e DRIML optimizes an auxiliary objective together with the C51 loss the very beginning of the Ising evolution. agent’s behavior switches drastically.
e The auxiliary objective is the InfoNCE loss, which lower bounds the
mutual information between state-action pairs (s,,a,) at time t and state Ms.PacMan continual learning 2, Bigfish Heist Maze Plunder
I RS
s,,, forinteger k > 0. :
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adapt in a domain adaptation scenario, and achieve better returns.
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