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Algorithm 1 H Wik I15E

Require: batch ~ RolloutBuf fer
a < A(batch)
0 < O(batch)
for i + 1,n do
s; < S(0)
e; < PGM(s;)
m; < M(e;, a;)
end for
L0SSintuition < 25y maz(0,1 —m;a;)

return loss;ptuition

> sample batch of size n from the rollout buffer
> Get actions from rollout buffer

> Get observations from rollout buffer

> n is the batch size

> encode abstract states

> compute “intuitive” actions using probabilistic inference

> compute mismatch vector

> convert mismatch vector to hinge loss

> return intuition loss
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to solve (minutes) to solve (minutes)
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Swimmer 110.0 3.3TM 804 1.395M 58.61 313.8 60.97
Taxi 8.1 1.19M 104.34 845k 28.99 72 30.99

4) #% 7 F F ¥ Swimmer ¥ 5: 2 ] Remi
Coulum MMM —FE K . 2 Beblaf N HIA5L [39].
ZIAEE H b bR N (B “BEkE”) R
MREZHLMIE X Ty mA%sl. T oE USR]
AR U ME—AT7 Bl 22 XA 48 Bz ) ) B4 56 1 i o 4
Fio TR AR sl SRS A i AR B RCE RO
5B A2 4 0 Ik ) A T Bk bk . SR,
RAEMEREE R, MROZEREE B oG IR & i
R N AEAR 2 T B A AR . XA B T T
SERMUAT S5 BT R Wi T2 5l . IZFREE B0 25ty
FLlg 4t

intuition loss = f(01,05)

Horr 0, J2 it AT A R

Wk R RS, EURAEAERGE
) SSR{H. BIIL, B THIRA T, A% T —
A FRATHE LSS, HKHak B B 1
3 SSREE . FAMTIFIXABIHFRA e SLak 3l
(BBR). BEAERI S ok 8 I S (7 75 28 HAR AL
(BRI — A =TT EHEA.

5) LA RS ML IR —AN W RS
1545, PR3 (—4& RTINSV YA
e B — %, RIS TRAIEIEE ) — A v
(9 E . ERE—eh, RBIATDAA b R, s
BB — AW o 2t A 3 A SRR/ ISR B i
B, N T SR B R e . IREE R T
AR . TR IR T B H M A
B, SEEER A MAR D TR, K o R4S
I LZEAE -

(8)

9)

& Swimmer —#, Taxi ;& RMFRAEREL. I,
N IAEATRHESE SE IR ARG ST, FRATBE

intuition loss = f(o)

5 Swimmer FREEAH [F] SRS AT PRANY . FRATTZE L1
Farig it TurtleBot 1 NVIDIA Jetson Nano SZHL T
WIS, FFRAIUBHE 2R B AE T A SR

TABLE I

SHIRE HEIFH (s /FEA)

. Intuition | Overhead per Sample
Environment
Net Size (us)
CartPole 2 223
MountainCar 2 215
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(w/o antiparallelism)
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6 257
(w/ antiparallelism)
Swimmer 4 232
Taxi 4 235
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