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Allan Jabri, et al. “Unsupervised Curricula for Visual Meta-Reinforcement Learning” NeuriPS 2019.

Tasks



https://link.zhihu.com/?target=https%3A//arxiv.org/abs/1912.04226
https://link.zhihu.com/?target=https%3A//lilianweng.github.io/lil-log/2019/06/23/meta-reinforcement-learning.html

BT REAEITRIESR

Wikt 2% (progressive neural network) ZEH4 [ BHHLE AR A [F AR 55 2 A i #% 2115 K RE,
SR — 1B PSS (IR SR “F17 ) SEHL .

—— 9f el > =
KM S . BRAE
simulation | reality
outputl 0ut‘put2 output3 outputl | 0utput2 output3

A

I 1 L
1 - 1
1 -7
[ 1
-

a

i

a

(D
hl

7@

2

A

a

i

1 1

1 - 1

1 -7

[ 1
-

(1)
hl

h{B
1

)

input

~~. f
Seal

(a) progressive network

g W RRE kSIS ¢ BOREEN U j < k TRAEE A% -1 2
REZIE | 515 ; BONEEE (j < k) . DRFEONSERSEELIN. f() BR

IR MR EREL,

input

(b) progressive network for sim2real

Andrei A. Rusu et al.

WDS

DataScience@Web

[ o 38 £

1. ZMEN—FITT, B8 [ BWET, MumERien BV =1,
EAREE—MES DIGEReR, BRss8Es ).

2. —EHBET—MIS, BAVERSHMEEN HEN—FILUERENSHRR, 5% gL M
TOREM E—MES EHUTS, FHO—FIRESEN b i =1,..., L SHiEH
92 .

B 2 GBI FESHESHIT R, B kNS | BNERESETENIN
HIHTEERAEA

.., L. BAEEE

g (WO o),

j<k

arXiv preprint arXiv:1606.04671 (2016).



https://link.zhihu.com/?target=https%3A//arxiv.org/abs/1606.04671

WDS

DataScience@Web

BT REAEITRIESR

AR SRS E 2 A Atari JiF X EIZRATIER 2%, AGIG AL — it b 22 20 BURFAE A2 75 n] LIRS 31 55— ANk
o GERBWIASIGE XM . REFBIE, EZarrs] 28] 1) BA3 & A RME R IR A B w55 b
TR R AERIERE. X, —MEEE, WIHES 2B R Al BE S ERMES T ol N E, T EBOR
P NIRUHR . BT S, Wt RN 2% LU0 T2 I 28 S 2, I HLn] DASEBILS SO A I 2 AR AL SR PR E

Andrei A. Rusu et al. arXiv preprint arXiv:1606.04671 (2016).



https://link.zhihu.com/?target=https%3A//arxiv.org/abs/1606.04671

7/29/2021

it

IR B KA LA RBE 0 4E R B 2 S0 00 =

17

WDS

DataScience@Web




