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Abstract

Aiming at the uncertainties of demand model, based on the known prior demand model, data as-
similation technology is applied to continuously learn the parameters of demand model, and the
state-valued demand parameters of the model are optimized by using the data of each observation
time. A multi-stage discount and inventory model based on demand learning is established to
formulate a reasonable discount strategy to meet the business sales objectives. Empirical research
shows that the proposed model can effectively reduce the inventory level of merchants by making
reasonable discounts under demand uncertainty, and provide scientific basis for discount promo-
tion. Through sensitivity analysis of initial inventory and initial price, the optimal initial inventory
and initial price can be found. It provides strong support for the determination of order quantity
and initial pricing, and improves the control level of dynamic system.
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1. 5|18

FEATARR 58 M TR SR A A5 B AR T SRS, fESEPRIVE BT, Y R AR L B
L8 2 1 7 SEEHR SE T A BP0 SE I R R, TR TR, Al MBI AN f RS AT
PAE—EREFE B RASR I T oRAE S, (HE i T i R KRB R AF e B TSRV R, AR 1 e B 45 2
i RARLRE A BEAR A7 S B AR SR 7 R . BRI, R T KRR E B e S EM M & S BUE I
SRS AN BEARBF O RARAE T . A R ROZ AT SE 32 R 10225l JF B R BB @ MR, 1X
A MEAFIRDS )

K P AN B A R it FUke 2D T Al 70 4RAQ, BT 90 4EAC, R TIRZHEFURMCR - U Golabi [1]
A Bitran [2]55 N, 5L 7 FHRAE T IZHrBEhA SN K s i S8 T NBL SRS
BB ies, CLSEBLE BB IIN AR AL . UTEER, EARFBINT R BT E R Bsh 30
SEMWIIC W1 Besbes [31WFFT 1 5 K RS HAHE TG IE T IS EN 53, G TR RSEEE NIk,
I ABEARIHAT BN E AN T o Araman [414F 50 15 5T TG R STHE N . Lin [5150 AR AT MoK 75 5K 27
AR RS E SR, IS MBR AT SRR . KEWT IR, xR R B A
TR, 755K ) RS BT T M, AR R 2 it 5 SRANIA 5 P 1) — A R o i

BRI, AT FE T T 75 SR A ST TR AN E F R IS U AT 2 2], Je IR AR AR

(data assimilation), K253 5 SREIEUR A BT ISR SE &, BT AR PEAR AR, 94 RS
() B R 2 1
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FHZ B IR 2 8 S e M T SR RAME R S HOMAT BB 2], 3 im0 OO (I P A e A 1 &
BN R AS B TE LR N 75 RSB B MR A, AR SR FH R R S 80 BVE N T SR SHOAT S5 il . Hoh,
R IR 2R FIE(KE) & — i R R, & i Kalman [6]7F 1960 4E$2H, 32 BLALRE TR 53T 2
AR 1) T, SRS A TR, ARG EE n B B AR TS n + 1 B BORRALIRAS
o 2) HH. W DR RTRIMMERT IR, LA E hR/R S aahe, RERE = 1 MBRIEE, [
BARATHE, DUCEFIAER, BT EIROPIR, ERRFMML R, , HATEEE .

D) il & RGRE RO~ N(6,,0°R,), WLRETIN 0, =46, , +0

2) WHHAR/RSWE k, o RIEEE n W BOOWLINEHE 73 200 25 0 1, RS v, o R 2 VIR
Ji%, Wk, =PH,/(H,PH,+R):

3) WHREERMRANUHE ARYE R /R 25 &, BRIEN B MRS EAGHAE: 0, =0, +k,(z,-H,6,),
Hepz =H,60,+V, NHE n BRI RGN EAE,

4) HH. NTERRSIEHBAWINIZT N L EBRA LR R, EEFEHE o BT 0, M7 %
Wk P, HEAXA P =(1-k,H,)P,

2.2. BT SHEMBBSTINMEFRILERR

2.2.1. EFSHTIFEFERLERE

AR TR REGH IO g, =P [7], BRUIWIELN 1, BREHEFE, A5
AEERNT, n RARAFEN B, m FRoR Mg B, [, RREMBNVIREAR, SHBRIHEH
BEA q, GHEER), y, NE n EITHIRE, SHBMIELEENQ, . p, M ¢ HHIAEFRATT
RIFIVIE AR R EIAS, ¢, NS BRI SR A, b N RIEIR A, H NS n W B R ETF
BAS . R EBRA: 1) BYERIARZEAN 05 2) BN ISR 25 KA .

B B B A AC 2 R 5 A BEWIT AR R AT N -

I,.,=1,-0, :IO_Zan (1)

B AR BRI LA R g, = €™, b, o, BHRBHL ¢ S RGNS, Wi 418 0,
T o MIEAIM, & M =E(e")=e”", IBARMBINE BATEY:

0,=1"q,(t)dt = g1, =1, = Me* s, @)
By BUS BEAE AR
H,=["1,(t)hdt = Intnh—mh 3)
B BUH B AR AL
F,=0,p7, =Me"""1,p,y, @)
T4 B B H AR 2 B O -
R,=F,—H,—cQ, =Me""""t,(pyy, —c)—lnt,,h+—Mea+M;” (+1) h Q)
TSR S 1 AR 2 BR BOA «
max """ R, ©
st:f,,, =0
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X B FH 2 B B S 2 300 5 7 925 2 800 8 1 30 7485 GE M R 34T S AR BT A AL SR . AT %,
LM BRI AU 0 Y B EAA R REA R, IRESEB RN, =1,-0,, REERENNZR
oy, B R, , #H [, (1) FmMARE 1, R, R HEME BN m B Bess o i 25 i KAk,
A4k a0 S shA R .
fn (]n):max{Rn +-f;l+1 (]n+1 )} (7)
S (1) =0, n=mm=1,--,1 (®)

1) 2 By B A 5K fi
m=2 W, BAEA: max(E(R)+E(R,)), JsfEE 0= (a,p) ~ N(@O,O'ZPO) , A LLIEREZ A
P BRE R, R R SIS SR 6, DA, EEH R 2 B, BT /) (1) MR R AR

Me“t, (1+1,) Y

f2(12)=R2 =Mea+ﬂyztz (p072 —c)—12t2h+ )

RIPRSHREHTEL =1, -, M1, =0, AT IRH] O, = I, = Me“ P72t , IBAHS 2 B LA

In S -
Mt,

= 10
7 B (10)
TR 2 BB as -
12
ln[mj_al L(1+4,)
E(R)=£(1,)=1]| p, A —e |- hh+ = (11)

m%%*ﬁ#ﬁﬁﬁ%,%2m&ﬁﬁﬁ%ﬂmﬁﬁiﬁﬁﬁﬁm%%ﬁ%%—%%g—ﬁa%iﬁ

1

n=10F, y MUK R(y,), R0 %, HEESE 1B, 34T /(1) KRR

fi(1)=max {R + £, (L,)}
1

In -a
Me“ Py (1+1 [Mtj : L(1+t,) | (12)
)—]lllh++l)h+lz po————c —12t2h+¥h

1

=max { Me® "¢, (p,y, —c
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2) ZHr B AR sK
om > 2 W, SECEE N B RIR AN G X . (23T FRSh A R R A AR vT DR B — AN
UE g EARBGA BRIy, BB N R KAk
E(R,)=Me"*Pnt (poy, —c)—1t.h
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+ "( ")h+— © 3 0'2 o
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Hrpro, A g_ RS n B BOTIRI B EH R EG 8 7P E S5 o EAN &, I 1 B F0 A it 2
USSR, RE MK ZSHAT R 2 J LSRN MEMS T, E2 T HARREE R T 28
FFLRER B, Hby, h T REAETERS AR 25, WA 10 Rl 13 LR, AT DL H & W BUR R 4 41
AR

1
In u -a
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[fi+72”z” 2L, by M (14)
M|t e +¢,
Vo =
ﬁnfl

3. SKUES#R
3.1. HIER

AR SRR SE RO R UE R S TR ke Aol i B AR R, AP 6 SRR BRI R b e PSR A A T ML
R AP, KMiAZ . BT SHIES T
3.2. FUMRE S

5 L& B (R AL OR 75 SR LI S AN, AR ORIk R G0k 22 B /NI R A TR AE 4 5 T
FRA ROV TR TR, DL AE sl 25 € R e R D B Akt . ey, TSR FOIME 5 L SAE K R ZEFR N R G
W, XHE L

Error = (6, - 6,)/6, (15)

W HE S S TPRREENRG PRRE. W 6 RETHRBEITIRERK, HERIRE UE
AT IR R, BRI EIIE R, G, RGOSR B ARNEURR, X BIERE 1~5
JAAE R RS BEAT A TR ZER LG, S5 R 1 FraR, WTRURIR, A4 T AT B A RO R 18 90l si
2, SHGIRFIKAAS I RIE RN 2 JH, FAERI AR AT SRR 3 L.
3.3. R ERITE

PASEZRATE R A, AT % R AL I Z B BEh A I HE N SRR THE . o, BIa6 A p, =140
TG, A ¢ = 4170, WIGREEAE 1, =2230 1, b6 HEEAF AR h=0.05 70, BT =184, L
REECH g, =7, RGMEMEE ¢ W2 XMEN 0, Wiz 0.3 FIESS i, B
M:E(e(’)=e(’2/2 =1.046, SHECEFEAN 3 A, e, =21 K, IR 1 S BS AR A,
THE BRI SRS, WA EAERGEIOT), SR WK 2 Fis.
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Figure 1. Comparison of prediction errors under different assimilation frequencies
E 1. TEIEMLMZETHHUMIRERTEE
Table 1. Filtering estimation value
%= 1. EEAITHE
B () 1~3 4~6 7~9 10~12 13~15 16~18
a 1.88 1.99 2.05 1.85 0.33 0.28
YEB AT
b 0.99 1.04 133 1.81 0.26 0.41
Table 2. Optimal discount strategy and inventory change in each stage
=2 EMBREITINREREFETN
M B () 1~3 4~6 7~9 10~12 13~15 16~18
AT 1 1 1 0.97 0.62 0.44
HEEER) 18 21 29 37 2 2
F W BT EEAE (1) 2230 1860 1427 811 36 2
AR 370 433 616 775 34 33
F W B AR (T) 34,510 41,165 59,841 72,915 1547 712
Bitiaon) 34,510 75,675 135,515 208,430 209,977 210,689

4. BHRYESH

AT 19 ATRURIL, 0 BU ATk SRR 7 5 RSEAMAC, 058 WWG A R(L,), ¥k
W& (po)r PEAFRAS(R), BT BURFEEIN ] (2, )55 5% o 1K B 0 B 38 58 3 BORUE OB 5 I e A7 1, ).
VIR po YHEAT REEEZ 0BT, DR & BR300 G S A . e, i JE S0 P A0 58 i e 3
MRS, DREFHIIENHE p, =140 TC, BT FURTUR AR XS RE O R SR 2 M I ORA5 I BEA7 O 2230 11, &5

BN 3. % 4 Fow.
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Table 3. Sensitivity analysis of initial inventory

3. MHVEFE1) R GE S

B BT SRS
A A (1) Mas R s
1~3 4~6 7~9 10~12 13~15 16~18
500 1.00 1.00 1.00 1.00 0.73 0.33 36,975 73.95
1000 1.00 1.00 1.00 1.00 0.89 0.38 74,766 74.77
1500 1.00 1.00 1.00 0.97 0.61 0.40 112,747 75.16
2000 1.00 1.00 1.00 0.78 0.68 0.44 172,221 86.11*
2500 1.00 1.00 0.97 0.62 0.57 0.53 210,689 84.28
3000 1.00 1.00 0.97 0.84 0.79 0.57 237,012 79.00
3500 1.00 0.98 0.89 0.76 0.58 0.58 256,082 73.17
4000 1.00 0.99 0.95 0.81 0.67 0.60 267,245 66.81
Table 4. Sensitivity analysis of initial price
& 4. BN () I RBE 547
W BT S N X N
e 1~3 4~6 7~9 10~12 13~15 16~18 st il
80 1.00 1.00 1.00 1.00 1.00 0.56 86970 39
100 1.00 1.00 1.00 1.00 0.85 0.63 128,938.6 57.82
120 1.00 1.00 1.00 0.97 0.90 0.78 172,646.6 77.42
140 1.00 1.00 1.00 0.97 0.62 0.44 210,689 84.28
160 1.00 1.00 0.96 0.84 0.52 0.47 188,412.7 84.49%*
180 1.00 0.98 0.90 0.76 0.57 0.45 179,782 80.62
200 1.00 0.98 0.86 0.66 0.45 0.34 166,647.9 74.73

M3 FTRURBL, W1 A R R, JHIRIT AT I ALt BORGBR , 1X 15 SE PR IR Al ST i
DU A . MBI RE, PR AIIWIPEAAOR, THRIB SRR, fERAR RIS T (RO LRI 41
TIED)HEATHT T, AR RO, (225 R B R A7 IR A HAd R S 4 I 0, R Bl — A
AT RIS R, X R E TR REA, A AR 2000 1R B AL FE O, AT AR
i E T RI 2 ik .

M 4 ATLORIL, BTG M A% IZHE K, AT I IR LB ORI . — R, 1 Sl 1
AR T ARSI 3 £%, APairismns, TR SR EoR, MR Ak
A R BRSBTS B HEAT A () R R ARSI AN T I AR AR G, (H B
KA, IR EN, VIR p, =160 I EICES K, AT YRS S E RIA6 & B 0 25 10

5. &t

ARSOH 7 5R 52 ) N B R s A € A, A0 RS E SR, s WS RSkt AT 24
¥, EENL T AP, B T A IERIT IR AT IR, HUR AT SRR . WEAC
RILASCAR Y AR T DUPE 75 SRS S 1 T S L ) 8 & BT, A R IR R K IR KT, T e
IR K, IF I W 2 A7 B AR M 1) R 70T, W] AR B MU0 e A AT AR 1 A%
NTE KT BTEAIAG R  IBESR AT J1 5 RF, 3w 1 Bh &S RGHIIEHIAKCF
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