We can use auxiliary objectives to
adapt Neural Network

connectivity and find structure
in data on the fly.

Problem Setting

+ Learning from Uninterpreted Sensory » Reinforcement Learning Prediction
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* How can the agent relate inputs to
improve the accuracy of its predictions?
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Prediction Adapted Networks

» Auxiliary objectives: predict if the ith
sensor will turn on next time M A f y;

<
/A‘“""‘ewh ? o/

R A U N “
+H e R GRRETT e T »
L F R o o -
4. s e o 3 . it
F ' Y A 4+ o7 L e ‘ —
I T b4 ¥ N, BT e v * rd \‘
T Rt T Y v <+ o \
WML i PR S e g T \
% -+ . + B § - } \
S +T+ + 4 54 s 1 Tk ¥ T . + . -/
o S - X ot # - ¥ -
¢ R S LT N sk T AT o g

o 4 F * 4 ¥ He,/ L IR
o r ™ 3, o R M e t*‘

R, A PN N
" &+ 4 w o p il +h ¥ 4 !
£ T g P + gk 4 S :
g+ HE ot B L o

i it O & + - -/

; T T Ty
5 o 4 " o £ R 4 .
e i ke 07

+ 8 ﬁ ,r _‘_"‘, % %3 +

VIR i o T R G R %
F* 4+ £ HEPF e
F gkt # aHat A TR
.t o & FTRYG e )

= W o} vt WO o0 M’ A f vy}
N } }

AT . sparse dense

Q00

Performance Results Additional Results

-
O
00

Linear
R R e B B RS R it [ T At 3 TS ot M T P e Shed 3 BT M T Y ¥, a3
. . . \~‘ :_‘ - 7'_\' o : (<' 3 ..7\ -..ﬁ‘A . '_‘.. .‘-..:A‘_: - 1 .- 3o IR N ) ‘, 2%
g e ety ¢ e ni g WY ]| N cr T A T i ot L R A N s T % e ) By Gty gt i . « top-500
N R e Ty AT RN O Y i LA ET) A0S 25 T U D NGRS SV i Ty 2 3T R g A e s Ty 120305
s W T S e el v T S SRR T S fo 4 gy R oy Tkt Sy A AR T VR St S i WERA T S g A Tt s
| DiSta nce R ROt 5 TR 3 e RS TR 3R N IS T RN 2 A TR R L YRR ‘

O
-
<

O
-
o

Mean Squared Return Error
X
_—

\ 4 ‘
0.05+ i kv““»+|4‘n\,6.|.v“

P EHEN 4 HA L HA A 4 roPH e e e e i R S P N ..

Timestep (x millions) 210 T AR e R e e e eeier reior o L.

Fatima Davelouis, John D. Martin, Michael Bowling




