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® Universal Value Function Approximators
® Tom Schaul, Dan Horgan, Karol Gregor, David Silver, ICML2015
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e MDP: (S, A, T,G,R).

o R RIER: T (s,a,9) :=P(str1 = 5|st =s,ar = a),

o BiRRREES: BE/AREER "Bir", HPESEXTESHIIR. FEX
BXH, EENERYARSTENFE, BIGCS.

o hRE/BIEEREE: Rysa ), BFERKE MDP Q@AMRE, RrEH
FrA g€ G BFESH, Agent M s REUTE) a BEREIRS s HIKE.
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AKiE (cont'd)

o I"XERH: MNFEF g RRMREHHE

Ver(s) :=E

S0 —S]

Qg (s a) :=Ey [Z Re(St+1,as.) + Ve(5) Ve (d)]
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Architecture: Supervised Learning for UVFA

o HEEWEEINFRE TR UVFA 5T 4 Vsg) = V(o
* JIIZ&E#r: 153 value function approximator: V(s, g;0) : S x G — R
o JIZHHE: WMBHKTE s. WA BIR ¢ THIT KEE Vs g)
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Architecture: Supervised Learning for UVFA

® Architecture 1: %% s #1 g BHER—{ @M=, {FH MLP inZlimtb#iTil%k

e Architecture 2: JIR7S s FIB4R g 9 BIHI\ mapping functions BZ|& B
embeddings (¢(s) 1 v (g)), #AR{ER output function h HEHE Elﬁﬁiﬂj
h(¢(s),v(g))

FEARICH, {EHARY output function i embeddings BIRFR h(d, %) = ¢ ¢
partially symmetric: BF G € S, (ERLH 2 HATH= ¢ 1 ¢ HELEREKER
symmetric: UVFA IREIARGFRERXIFRE, FLETERERNMLE ¢ = FERXFRESHEE
KRB IX— R
Ve(s)=Vi(e) Vsg
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Supervised Learning for UVFA

e XfF Architecture 2

o Step 1: WAATHN Vi(s) RERERMTR, S—TRE—NWWBHK
s, §-ANKKR—1Bir g FEERE M

o Step2: 3t M HTEMSNR, HE—MERERAARMEMET M= 5. 1y,
Heh G, 0y AREHBE 0 SEARHHN

° Step 3: WIFBTREAZARX, AEMEK ¢ M ¢ BWBH, #5 6(s) BE ¢s.
P(g) BIE Vge
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Supervised Learning for UVFA
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Experiments: Supervised learning for UVFA
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Experiments: Supervised Learning for UVFA
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Experiments: Supervised Learning for UVFA
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Experiments: Supervised Learning for UVFA
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Combining UVFA with Reinforcement Learning

Algorithm 1 UVFA learning from Horde targets

: Input: rank n, training goals Gr, budgets b1, ba, b3
: Initialise transition history H
: fort =1to b, do
H < H U (54, a0, Yeats St41)
: end for
. : fori = 1to by do
[ EE{Z&E"] gﬁ 1{'}#" E Elut a ran:om lranlsiti;)n t frgom H
S g S5 N ick a random goal g from G
I'ﬂ Eﬁ. :P ' ?ﬁ%‘&)‘*én 9:  Update Qg given a transition ¢

— . 10: end for
I:EE"] transitions I:F 11: Initialise data matrix M

Eﬁﬁ1§@£ﬂ/ﬂ]{/ﬁ 12: for (s¢, at, Yest, Se+1) in H do

13:  for gin Gr do

1E|_)E%[ 14: My, Qq(se,ar)
15:  end for
® Horde *E;’fé 16: end for T
Off-Policy 17: Compute rank-n factorisation M ~ ¢ )
Two-stream 4y 18: Initialise embedding networks ¢ and
19: for i = 1to b3 do
20:  Pick a random transition ¢ from H
21: Do regression update of ¢(s;, a;) toward ¢,
22:  Pick arandom goal g from G

> 23: Do regression update of 1 (g) toward 1@0
Z J'\ . '
ﬁ A »% 24: end for

ANJING UNIVERSITY 25: return Q(s, a, g) := h(d(s,a),¥(g))
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Experiment on Ms Pacman
® Pacman IfR, 81 goal XME R “EF
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® Universal Value Function Approximators

* MHERBOBARTRE s MXTEIR s WAS, URGEEHERRES
EHYIENRE S FNZ (L BE

° B
BHRES O MIRHEH R, NEBEFHLE, HFBA T —EEXTHUMA
REETERES G C S WHR, FERK ¢ BEE—EHEHN
WO RWIBIRT R

° [EfRELMEHE
B ARSH B RXHERSOMN, ZREMEERE G, Bt UVFA B3] embedding, WTIZER
— MDP FRASMES BIHE L T E TS BHARE.
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