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Unified NDP method based on TD(0) learning for both average

and discounted Markov decision processes
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Abstract; Motivated by the need of practical large-scale Markov systems, we considered in this paper the learning
optimization problems for Markov decision processes (MDPs). Based on the definition of performance potentials, a
unified formula of temporal difference is provided for both average and discounted performance criteria. A neural
network is then used to represent the estimation of potentials, both the parameterized TD (0) learning formulas and
algorithm are also derived for approximating the policy evaluation. By the approximation values of potentials and
approximation policy iteration, a unified neuro-dynamic programming ( NDP) optimization approach is consequently
proposed for both two criteria. The obtained results can be extended to semi-Markov decision processes, and a numerical
example is finally used to illustrate the application of the proposed neuro-policy iteration algorithm for both average and
discounted criteria. The example also shows that the average problem is the limitation case of the discount ones as
discount factor goes to zero.
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2 |9 HiR (problem formulation)

5-TH X = (X, &, D, P, ") TR ELETH]
Markov SR i 78, RAAWRE=H @ = {1,
2, -, M} MUEBATHIE D. X, (n 2 0) JREHE,
v =(v(1), =, o(M)) R VEHM, B17810(0) €
DiE 0, B PRRRE. P =[p,(v())] B X,
FEms o Wah T MRS BMEBER, /7= (/(,
v(1)), =, fAM, o(M)))" KW v FIPERERN& .
BEREHIEREEATTAY, HESHMEN o =
(m' (1), =, w'(M)). FI5BIBFHREHER

T = FEL AL o] D)
e g
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(2)
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potential )
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HE LR () e 5. T, iTE 25
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4T 9 Robbins-Monro FEHLE LB 1%
g:(X,) = gp(X,) +vd,.
AR REAUE T R , 200 F 3R [ 4], ANHEUE BT H L
R, AR
3.2 HEERMSBE TD(0) 2 3] ( parameterized TD
(0) learning of performance potential )
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(5)
XH
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£ TD(0) % ARA
T =71, + 7,4, Vgg(X,, r,) . (7)
Ry, WA . A RBWT AR, BT
A IR] A R
33 ETF TD(0) %38 NDP £ 4 ( NDP
optimization based on TD(0) learning)
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MDPX*® = (X7, @, D, A,, f7). BBRFMEFE
F, Wi a e (0, al,a H—EEWE. HCH9)
EX—N—BULBH N, RABPUERE P, = A2/) +
1,0 P %3 SMDPX f)— a— —3 Markov 4% X =
(X,, &, D, P, fo).

L XPPFMAEFBWMEL = A/ (A +a) , HIEA
(1) F(2) ke RN . WSHEE « =0,
SMDPX ) a- —3 Markov 4% X WEASIHEZTH
S Markov 3B X* RAS, BHA m, = o 5B
B SR TF o = 0BG = LA 7 = 7 FA,
1 SMDP RAEHEMBSEHEHAEH T, iIRIEH—
B ST RSB A2 >, 3 S B0 NDP {4k
PR, 9 T R D55 SR, T LAME) B SMIDP.

4 ¥ {EH)F(Numerical example)

A58 % IR SCER (9 ] 45 i i — 4 SMDP, 4
@ ={1,2,- 31},D=[0.5,35], f£5FE%Ko F
ML R i A BE I FE RME RN L

exp( ~v(i)/j)
p,-j(v(i)) - JM(1 +exp( —v(i)))’
1 - zpij(v(i))’

i+l

JAi+1,
j=i+l,

H.i=31, j=1 B,p,(0(i)) =1- py(v(i)) s HEREMR

G, v(i)) =l (1 +Dv()] +/i/(2v(i));
AR | 5975 B 6 6] R A\ =Bt Erlang 4245, B
Fi(t,v(i)) = F(t,0(i)) =1 -eexp(T""1)e,
BT =3p(i)[-1,1,0;0, -1,1;0,0, 1],
e=1[1,1,11" ¢ =[1,0,0).
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HORARD . R SEBin, 5 SMDP £ gL H— 2
B AT HOIZEE R — R PR R TR
BECEITEERIEER . RACOPRERE -
MAITTRBENRE L, O LR ARSI E 74
FIETE T R FER . B = 1,8« = 0 43P
BRSO , SRR kA R L2 L TR

F 1P,y FORMEITCRIGE B R K
W v, Xt RTEICHY, 4 IR R4 B — KA BLIE
E AR T A B R RIS R AT LUE S
HT MRS AORE A b B Rk 1R R . FTLLE
), ARSI BRI BRI sS R E RIS
f# , LW K B9 (suboptimal ) . fFEPHEREA, & T
TD(0) %3] fd £ e R me % L gE T8 3 B Uik
[9] 595 F Monte-Carlo /5 J ft # 2 7T SR B 3% AL

LA SR, B B A B b s 5 A, 22 T B B
NN B BRI E X R FRERY
BB X R TR IR RGN 3 H, M
8 7 )% 2] B RO AT 4N B 1, AR Tk A B AR 1b i
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MR EM AR, 55— T S M R IR AL
SR ERMYL ERHEEF X
21 FARFITHTFHRAHALLER
Table 1 Results of average cost for different
learning steps
FHHL 1 1000 2000 10000
T EAH 0
gL R

B AR 2 23522 2 A2 1000 7 10000
i, PIUCH BT 22, B3 2 2R FITE R AR &
K40 B 20 ZRAHE L . St B LI &
3 OB 3 27 3 RO ek 2>

3.86937 3.72508 3.72754 3.73175
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Fig. 1 Plot of average cost n’* as N = 1000
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Fig. 3  Plot of discounted cost 5* (i) as N = 1000
and ¢ = 0.01
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Fig. 4 Plot of discounted cost .° (i) as « changes
with N =2000

5 & (Conclusion)

- I AN A o U ) 4 RE S TD(0) 2%
MZ4 TD(0) %I B %K —MFAX, Hmd 4
smAtZE ] ELA B9 NDP 7 n] IgE— 2, BB 4
— ML IEE . M RBARTIE T, AR
22 70 TR 3 QIR0 B 7 b o oy AR TR e U 2
HHEN MRS R . SOP e R B S AL
WAL SR B0 5 5 SMDP H . fi i) B
R RESEIR WS TD(A)EIAR
FIAHDE i) NDP 53 . (LR, 10 BB 5k A0 B
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