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Demand Learning can help suppliers understand consumer preferences to meet
market demand. However, it is often limited by insufficient historical data and rapid
environmental changes, and cannot achieve the best results. In response to this problem,
Zhu(2019) proposed a technology that combines dynamic programming and deep
learning to be used in dynamic pricing and demand learning. This model uses Long Short-
Term Memory neuron network(LSTM) conducts consumer demand learning in various
market environments, and uses historical data to predict consumer willingness to pay
(WTP) in the new environment through historical data. Dynamic pricing solves the best
decision and approaches the best profit.

However, Zhu's research only used neural networks to learn the average value of
consumers' WTP distribution, and assumed that WTP obeys a normal distribution with a
fixed standard deviation, which is not consistent with the situation in the actual market:
consumers The WTP is subject to any normal distribution, that is, the mean and standard
deviation of the normal distribution are changing, or the WTP is subject to various other
different distributions. Therefore, this study will use a neural network model to learn the
distribution of consumers' willingness to pay, using KL Divergence as the loss function
of the neural network to learn the mean and standard deviation of the normal distribution,
or learn the gamma distribution The parameters are more in line with the actual market
sales situation and are solved through dynamic pricing to maximize the supplier's profit
from selling time-sensitive goods.

Finally, it is verified through simulated pricing that in various market environments,

the model proposed in this study only needs to learn consumer needs at a very small cost,
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and the results of simulated pricing are different from those of dynamic programming to
solve the optimal profit. Very rarely, the results confirm that the model in this study has

good capabilities in unknown environments.

Keywords: Dynamic programming ~ Dynamic pricing ~ Demand learning ~ Deep

learning ~ LSTM neural network
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2. MSE #./]- - (Mahjoub etal.,2022)+" # LSTM ~ GRU 4+ Drop-GRU ¢ ¢ 8 T

WAL i 4 o 5% Bon LSTM HCAl Rl 4 #udF o (Abdella, 2021)4 41 LSTM 24§
BT bB TR KT Y LA

d iiléfl?%? g IR LSTM 3g R R 20 F e 4 R4 > & f324 RNN #

By 4 &40 BUFRAL 0 T F B IR A7 P - LSTM #53) 55 Rl%2 % 4 # GRU

W2 LSTM=» g &% e i hfrg RV 2 K42 -

$ ML e eRiled CREEEY T S G Ty @ S A SR o (Nelson

et al, 2017)i5 8 LSTM £ ¥ " £ % B/ ¢ 2 $eh 47 RIERIL R 42 4 k48
10
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$ o LSTM & ¥ 12 53 5§ f A Fpicens # T8 - (Yuetal, 2019)# * LSTM -3
Kt chflgrig * F oot o T < 35E L(MMD)AR B 3F £ & 35 »
#ehZ B oo (Sun et al., 2020)i¢ * LSTM & {7 h TAZ @IS B35 » &2 F 2 1 fi
AT HER] ke dy i B3I E e fE 4 o (Lietal, 2020) 7 * LSTM 3] 53+ 4 38
B oo 5 AP H2 kB F o (Liu et al,, 2018)1 * LSTM #3353 3 ¥ % e
B A ERETRAG D FTREIURIIGIRG I T ETHLAT

R e E R 3F 5D LSTM R £ A FAuns # - Bt n
E@ﬂg&ﬁ&ﬁﬁﬁﬁﬁ@@ﬁﬁi&%a%?ﬂ@*%i?{’u%#ﬁﬁ

¥ L HAAAT -
224 35 % 3 BriE B

&FF \Jnﬁif’k’# j\fgj’ w‘m]ml:_»_l-pt:ﬁvuzrs‘ R F'B‘rj—;;;&_)ﬁl oé’j&gl&m&pﬁ'j\ Exvﬁ'{
Pt o3t PR iAo R i g il A Sl € R Bt EAARARRITE

potis

Pk e AT BHA Y F &N A HRedF A S E 0 (Chen, 2020)7 * 55 W & 3
EVE AR RGEY ae o B A VPR F R % MSE i' 5 454 Sk o (Wang,
2021)# * # -] T > ;x (Least Squares) i 5 4f 4 n¥cip 3+ % fod ¥ o (Keskin, 2022)
% MAE3" B 3 RS- Koy P HRERIH - ¥ 2% %R
LA BRI EAF Y S BEBENLE o

(Asghari & Cyrus, 2017) & dp g 1228 T4 0 - B2 L3 T L2 7 03] > H
® & * Kullback—Leibler divergence(KL Divergence) i 5 4f 4 it 2 7 & # &2

L

& =T

KN
[

Bt ® 2 FenZd B oo (Javanmard, 2020) % m A B it A SRR

X‘

T
o

7&@

#4) ¢ » i * KL Divergence % 5 4f % anfic o (Li, 2023) .7 # 8 L § sh 2
BRI o R s E Y R B B W o £ @ % KL Divergence 1% 3
4 4 S0 fic o (Xiao et al., 2022)3% 38 ' 7 ﬁ BER 4 pF‘?ﬁ’?%iff}fé;EﬁA}# T

KL Divergence 17 5 3 2 Si#ic > # ¢ & & LB A F JRIEH i 4 F o (Asghari, 2018)
11
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HH T b 4] ¢ iF 4 KL Divergence /¥ 5 4f 4 Jn#ic > @ 7 i% % Jensen-Shannon

divergence(JS Divergence): i %] 5 KL Divergence 2. # 414 (Not Symmetric) & i

R

LE RN F BB AN HT LB o
KL Divergence ¢ *t # 3+ & i & (Kullback et al., 1951) » &  » # {rdpfc» # 15

r oo 2bf MagFt i@ KL Divergence = 5 -~ B#F % kgitad BA#2 FLR

‘.3;

THc PHAHFUEGEY RPERIPAFTEEFATLE AR LR
B R AR AT R R T o P AT LR L LA
* oo FIPIE 4 S # KL Divergence (75 7R B3 A # M EF 4 F 2 BFehi

ﬂ v BT ‘piz At j\fi’ﬁ@ﬁ°

2.3 /).

ik

SR R Y ph o ALY T e

d 2174 FRAERFAFLEET REY FYEAFEERERGE > €0 RIF
FEMFENEREFREITFIZRLE A2 SN ERETH R o TP AFY
B EMY THRELVRTR > @l d Y T L2 -
ﬁ222?%’#§$%?”§?ﬁ%ﬁ%j T2 B el T Flpt AR

TR SRREYNFFT R

d 2237 40 £ ey SR (LSTM)Ap it H 4ppF Y 5 7|5 Rl 2o 4 &
RREG (RPN > T AT LSTM & (7B S 8cks > £ Y

;}J»aﬁj;ﬁi HABEZ FRAFTERIEA T > A% RAFHRE P i il 244

42247 50 FH CREEI AT R L IATE I AT R AT AR
p% > KL Divergence B if & (T 53-8 o F 2 FFend B o FI) A7 7 HiF

LSTM i ) 5k 5 3% 7 B4 # S ficle % o - Al s » X % G348

P-4

FEFEEAREID

-\\)‘I
\\\Xr

#ciE > B fs 5 1§ KL Divergence ¥ & 3f 4 & #ict
12
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ERRATERP AT LR PLE o AP B Y 2 2 prig ¥ i

ER
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2% AR SRR

AL MR LR A SRR Y TR I AR R PR
B AR TR FSE Y R A HABWIP)A T « 23§ F LG8 ®
Wi SRE o CRPMFHEUALENZ FRERS N RS A5 AF L E el

W R B -
3.0 LBl SR A

AR B gd BoL g 2 2 F ¥ e Vanilla LSTM 75 & ¢ Ftentical
Lt @ seihie A g e (RNN) A AL 38 (700 L - fae i B > LSTM i i 3 4
PR BRI E LT PR B TR RR 2 ek B iy
#1 ®L RNN P $ R4 2 R RF R 48 0 LSTM P 3R S Bl 4e B 2 7 77 > &

¥ x; % input data » h; % output data °

Recurrent

Ci1 ] Ct
tanh
f; b gt O¢
o o tanh o
I 1 I ] .
ht 1 \ F 9 / T ht
_____ Recurrent [~~~
Xy

B 2LSTM #¢ (5~ p 304 Bl
14
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1R LSTM = Bl P H ~afiid 2 - B R (7 i e
> i X P (Forget Gate)

Ao mre AL B R BT L T R AT R o ML T EART G L@
WRT - BRER > % sigmoid riE & Hok-m e ik &«@ﬂ’ﬁi 03] 1 ehdeRp » #KiE
20&72MIRMMES IR ZTFR2ET o

fe = o(Wslhe — 1,x,] + by) (D
> ﬁ-%] » F* (Input Gate)
ﬁiﬂ%ﬂ&%i%iﬁ’Wﬁ?ﬂﬁﬁﬁﬂmﬁﬁﬁﬁ’ﬁﬁiﬁ—ﬁé
i sigmoid i k-t e e R HE D 0 3 1 e Fp o BES 0& 7 230F 3 o
BEL IREAFZ2ET - ¥ - 2 5 4pk g 456 tanh s Sofick-m ek iR

I -1F LRk BEZ IRATR2EF 0 FR2NEH A3 Hp

RBEEEL 4o - Pehmie kTR A {37 25 BP iRk
ir = oW [he—q, %] + b;) (2)
g¢ = tanh(W, [he_q, x¢] + b) (3)
et = frrcoa it g (4)

> ﬁi%l 41 F® (Output Gate)
FE R _mre gk i povRiE 4 f Q?ﬁ»ﬁsa] | ™~ BRERF 0§ £ 518 sigmoid
Fos Sl kR b - ﬁp«fr%ﬁjﬂ rel LG PR RAEY 0 %% £ {rBiE tanh
A e R LR FEY i%*if]ﬁléi?;"l B ¥ mﬁ%] g o
0 = o(W,[he_1,x¢] + bo) (5)
h: = o; - tanh(c;) (6)
Vanilla LSTM %83 5 ~ fj » PP 2 S P 730 L] > i ib 28 2 9
RG> FIMAYRERIERAEIGF LI o AT Y P iEAAH

LSTM ZEHie Fif % et i B3l P AL LA F 222 o
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32 R HAETHELE

3.2.1 3§ F AR AR

FIE R BRI RIE BT FR A RSB EROS N EFTRLE R

PER TR BT T R ER > A RE AP SE A 14T

i AL MBEFRER . FEEL S - R R ERE 2 E - YA
FCMiy § F A

i A RS AT Ak SN BT A AR e

iii. (U )i A #&CR 5 PRE_Binomial(M, M)z "> 29 M L &
~ P E A R ERE AL HE R R F RS o

iv. s~ﬁa%m;¢—@waﬁﬁé,&wﬁﬁﬁﬁH@ﬁMWﬂﬁ@/
[T AN RS

i A AL - B UP™R, P EL W8 fp,

. G T AP <F 8 fp <& K PT

il R ERE R L G LR FRE - BRI RER

R R RYR D E e AR - B &

16

doi:10.6342/NTU202400728



i AA

T B AE AR B Ha B
t & HAF) B A B
N M BRGFHE
s, A B AR A © AR F AR ER R T
A TREEEE
a, O EA By ROk 0 KR E B
pS t85 A % CALAR B RAA 1B 48 0 BN A8 /M s% 55 A o 1
R & 2 # 0=C<CM
prin B oo AR 69 F IR
prmax b AR a9 £ TR
P, tBF A 6 7 ob B 1R
A BEEEE
cM F-HeRARE R
HREMEMEREHE
CF e ) IR R FHE
n, B FIRE LS
n, B Ba)y T EH#F
m, tr A ey 77 B2
l, A B B B B E M E
Da,) BFHBE R LB RE
Pr(-) KT RFATOHRFE
Pr(gila) Be Aaby > BEMAENIEZHRSE
Pr(golas) B8 Hady MEFRMBEOIMERE
R, % AR &Y A1 H
V(S,) AR AR AL S BF 0 B Tah 2 80 A1
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w% E%?iﬁﬁmﬁﬂ%ﬂS"%TMAEWg@pgﬁwﬁiﬁé‘j
- B i A

=4

A i
PHEBREIMY - ARTA LMY L RRR  REL S - B

BFRATHTHEFET Y TE FTRBEI B ORS > 2 AR RS

- = A &4 & prag(horizon) 0 § = FALATE 4B AR T R R AR o

Horizon }i 4 — ﬁiﬁptﬂﬁﬁé U(Pmin’ —
Py 1 A & BA R 5b B 18

Period A — %%(UBB«’!/‘QU(O, 1) *

—BHEERE BA S
Pﬁ“éﬁﬁﬁﬁ\%

Yes

ff]’] %%%E'—-ﬁaﬂ
1 4
W BIHEHIE

Bt tiisielels el
Z
3
bl
o
\'
e e L L LT T LT TTITITTTTTTITTT|

At B oA R

QIR - F 8 S =R i1
322 FALH A B

> ﬁxﬁﬁl
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LSTM #-3)3d g ig * 3 J‘f\)ﬁ!{ 24k P s R ﬁi;:}i%ﬁ‘,{%:l%f 3 ﬁ "F']z £ i
— Hp mr@ ﬂ_—-l% 7~ & %ﬁ';;—g_

MR RE A feengit > & 33,ﬁ F,;;l'},&);’;ﬁ7/’a'47°r}‘}"LSTM’f§:§']ﬁ-§__ ;4

REEAT o fLAIT LS EA LT BT e 0 R

ST = 4 /] (Batch Size) ~ F¥ [ % & (Time Step). 2 #5 » F #clic(Input Size) -

PR TR 4T 0 & F R DR LR - B8 epe, -
Bk Al 02w - A B, AT SR A R AT S W2
Zxp 0 F - PR R IR LT - R & e~ 0 AL B T R A
TR 2 BB > R BT R AR kAR

bR AR VR e

o H P WAIPFFH LR E L 2500 p 4

N FE TR 74 o 52 1 (Standardization) £¢ i+ 4. i (Normalization) > ]
TR G T LSTM 3t # § % H LB A # i 4 - (DeShon, 2003)# % T4

AT AIET i @ RAsBhR R A M TR AT R R4 TR

Moo
Number of
Remaining time(t) Price(t-1) customers Sales volume(t-1)
arrived(t-1)
250 0 0 0
249 138 5 0
248 104 8 0
1 73 8 6
48 % LSTM # » 721§
> ﬂi%] AR

R ARQ019) M I FATASL L 2 ST 0 bk - Al o 2R
* categorical crossentropy ¥ 5 4f % Sidic > @ gt 2 R B H - Sk &
Fo Pl 3T s R £ o Bt AR g LSTM i ) R &b e 4 30 5579 5T
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SR R A R
M N(125,20) %775 » &

Y ITEEfed Y

A BT AR EE  xF 4

Normal Distribution PDF with Mean=125

— fABCE s
A EEE R - BB IR RET AP

0.040

CERNTEE RS P22 b RS

%L ® > £ 5% KL Divergence (¥ 5 4f 4 Sfics 5 2 F

Normal Distribution PDF with SD=20

L]

o
o

0.035

0.030

Probability Density
o o o
o o (=]
= 1
w o w
o o
B w

\
-
-
Probability
o
w

0.010 - / \\ 027

0.005 - .\ 0.1
.‘ ‘ L]

0.000 {—* ¢ oo uooo'o.ooo- ® o 00 00 0000
100 110 120 130 140 150 160 . 125 150 175 200 225 250 27.5 300

Price SD
BSHRED HTHE2 FELT 6 - BB F
*# 7 LSTM @,] B FR e eTs A L 5% HA50k 2 8(Shape) B = B &

#c(Scale) i 7% & - B S 224 &
i F R P E T e B

KL Divergence (* 3 4f 4 S B 2 F o v 2 o v 2 Feni B o

A AR e o S E RS - AR E D

X A AR EL TR E

323 A A

REEE R R TR RATA 0 80%1F 5 BT AL 5 10% 1% 5 bt

Overfitting (A% 7 4% > B 16 10% 17 2 PIREF AL o

334 SRR

AP R RS - DR AT R R AP EE R D R 2 F i

(Lipton et al., 2015) s o) 6 T 0 SR 2

o7 - &

41 Target Replication Strategy e /&
B % 4 % (Many-to-many) s SR 0 ¥ & - B LSTM A 5§~ %
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LSTM #¢ ‘&~ 2 2 idh

ik
_3'3
gl
fren
o
>\_.
o+
.
iy
ER
_3'3
=
|
m
E
v
R
=
b—-\g \2
%
I
=l
|
s

5
e
i
St
=
=1
3D

|
=0
5
e

LSTM
Network

X 0
—
—
P
Target, Target, Target, ;

B8] 6 Target Replication Strategy

LSTM #3242 Sdicdho % B A 15 > M- MR TR E & LG5 & PR AL -
Flpt AR 7 & 402 (Grid Search) {22 A 45 Tlig & oAz Slic o d 303 3§
RRBE L A RES SRR SRR R E A § RGeS L 0 A
ST RS L SERER EFY RS SRR N T
Pl Az S B HRF - RS BREEE - FRHEARFEITT Z
RSB E -
»  Optimizer §- Learning Rate

Optimizer $*:¥ = §8 < }g% ¢y IR 0 Adam ~ SGD 2 2 RMSprop(Kumar,
2020) > @ ¥ gk ¥ iz = 4f 5 Learning Rate i ¥ SGD:E# 0.01 » Adam 2 RMSprop
W EH 0.001 > F]pt 2R Learning Rate 0.01 ~ 0.05 ~ 0.001 ~ 0.005 ~ 0.0001
17 0.0005 > Flpt 5 F 36 £ 18T it > A PR S EER G SES
Optimizer: Adam > Learning Rate: 0.0005 -

»  Dropout Rate fr#! 3§~ #ic &
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Dropout Rate % 0.2 3] 0.8 » #¢ & = #ic & P& 100 ~ 200 3] 600(Srivastava,
2014) > Flp £ 5 TFO £ A24AF Av 0 @ RRIEE 5 B F A S8 5 Dropout
Rate:0.2 » #¢ & ~# & 500 -

»  Activation Function §= Batch size = /|

Dense & 5 Activation Function #*:£ ReLU ~ LeakyReLU ~ ELU 4=
Softplus(Nwankpa, 2018) » Batch size $*3% 64 ~ 96 ~ 128 {r 192 > F]p £ § 4%4 &
16 #87 ic » @ fefedPk % % B 242 £ 35 Activation Function: LeakyReLU > Batch
size:128 o

AR A SRR EERYB T 0 B D R R EE A

A DR S S

Keras 2
Input®

BranchZ Concatenate

E =3 E =
LSTME LSTME DenseE DenseE Dense = Z Output®

(250,4)

500 500 500 500 21

B 7LSTM 4 G e i 28 HBI(F 2 F)
4N AT Z R A T B Al TS ATEAR B S 5§
K Dense & ts & > 27 22 fA| -2 o L 3 B Dense & 0 114 B B B %
B BSLRH LA~ B Output & > 4 SRBLFFRET S B G S8BAp

i :l-vﬁ'x_t’é‘l‘_?.; °
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ﬁ%]  2PVRF R E G 227204 > B A FRG 250 FRHE 0 F G ow BT
B 1% Kears 2 Input & 45 Ty~ AR IS K LSTM A
>  %- & LSTM %
Batch Normalization & + Dropout & (0.2)
> %= % LSTM %
Batch Normalization & + Dropout & (0.2)
> % - K Dense &
TimeDistributed & + Batch Normalization & +Activation Function LeakyReLU +
Dropout % (0.2)
» % - k& Dense k&
TimeDistributed % + Batch Normalization & +Activation Function LeakyReLU +
Dropout & (0.2)
»  Branch 2. Dense &
NS %] 11 TimeDistributed & +Activation Function Softmax

¥ 54 7 ¢ Branch & L3500 2 {8 X & 48 Dense & - &3 71481 % 21 fidc

> B {845 B g A Concatenate A2 % > & & & 92 B E o #eif 2 F RIEL
Branch = )4 S8 = & $¥c3 fEDense & > £ 3 2148 2 488E > &
Concatenate 4= % » & & = 25 f#ci@ - # ¢ Dense % /& * ** TimeDistributed 2 1‘#
T RERREESE S TR R R L AFRFRAY EY o
2% Loss & * KL Divergence iT 5 4¢ G endf 2 Sk 35 G3ta 2 g
FAH2Z iR § i~ % KL Divergence 3+ 5 = ;84T (Jietal., 2018) » # ¢
LR A TN (pg,00) 0 "3 4 T Ny(Up, 05):
1 <U12 + (U — 1p)? 01 >

KL Di == P
lvergence > 0_22 n o,

(7)
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o3 & F 38 3 N4 (Delphaetal., 2017) > 2 ¢ B F 4 F(ay,0p) 0 F3t s
# I(ay,0,) ° P % digamma function:

KL Divergence = (a; — ay)¥(ay) — logl'(a,) + logl' (a;)

(6, —62)
6,

4 %> KL Divergence 3+ 5 Z £ & * % Tio@ L 2 {8 1 & » & 9 a5k

+a,(logh, — logh,) + a4 (8)

B RSBt > T H) ﬁ%] 2 & A ] @ * KL Divergence 3+

AEELR o F AT FHRGITIDEHFRF T0-140 0 £ 7] fEcE ST R 32

:tur

BB LA TG Y TI0E > BGREL EFEF 10-30 0 & 21 @ S R
P E S g BRI RELE > T RP Y THEEFRL BT GIEAF

5 e? B F &~ F A KL Divergence 355 » 3+ 8 & — # e Loss & 1 3 #1737 35 it

‘ﬁ

AXRARIRIT P B o T PIE AT TR S EFF 10-30 0 £ 21 fBdkiE
mt&’z ;;f\ 3 gg BT 4pse (B P4 e;q/;p.é&g;;,p AR }i;}&fﬁ_%[ﬂz_S y 2 4
BB E SR ZRES AP T I Y R S 8E > T KL Divergence 3+

o35 E - HenLoss BEX BB pita A% RARBITH B E o
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Fr g bR

£ B e R SRR TR S T TR B

- ¥ akEd
ﬂ]ﬁjﬁ%})‘i"é_i B g o AR E P AP HAIA A FREPMER > £ &

"v;\o

P00 F

S T B I R AR TP R R

4.1 53 & & %% 5 BK

7T 56 LSTM 8 ¥ 3 ¢ %
AAEZ RN 2 R BRI R PR A T S0 AR

4 s 0 @ * MDP(Markov Decision Processes)

BB FPER A S L R E o LB BRI 7 R R R
TRNEIE RN Ol AT TS LR FEN C R TR E Y

> AR
k)i 2 F - BB

i F-PALALMBEFEC > FE & - =) o

i) By K pee
Bos RS STY o e AN B R A
® W E Rl A RG] S PRI Binomial(M, 1)z (g ¥ 2P M G F

S R S RIS Al e EUE S
v. BT RPTISE & B fipsh L RPT
> EEPELEE
A PRI AR AR 0 BiE R ARG 2 T A R R AR 0 B0

PR 2 BB R R 3214 157w o
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428 5 3 #

METIEAE AP BRI AL AR P hh Bt ity O 2 Al
Fiod W R ST D Bk Sl R 8 YW TR T R o 2 IR
FooORBNFHEGETR oA FH OB E T R EEREIT - Pl
o Bt E - i g e - -G B IR R R 5 ST A B
2 ¢ e e F(Memoryless) e
B R B AR R EESBF S RAF SRRl P H B -

[ E A A L A

Pr(g:la)) =1 - Pr(X < a.) 9)

Pr(golas) = 1— Pr(gsla,) (10)

MEZENFEIN A AFETENEAT UE PIE AT o F R S
Pr(gila)icd s ¥ e A ® U2 peIf o A F I St o a ¥ BAT RAD
FRAERS AT ERNA CAFLZROFLFLI RIS - L5 HRD
Bt PN R AfE A o 2 R B 5 Pr(golal) ¥ 3¢ ¢ & Eq.(10)4p - -
L U

_(ag—p)2

1
amoe 20% ) (11)

Pr(g:la;) =1— (

[T A O

® at(“_l)e(_%)

Pregila) = 1= (| “rrte) (12)
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0.40 —— Normal Distribution —— Gamma Distribution
0.35
0.35
0.30
0.30
0.25 4
o 0.25 1 .
£ Z 0201
g 0207 Purchasing E
& 0.15 Probability ac:’ 0.15
0.10 0.10 Purchasing
Probability
0.05 1 0.05 1
0.00 0.00
S Aa g =3 0 1 2 3 a 0 2 4 6 8 10
Consumer WTP Consumer WTP
2 - =2
B 8MEHIF;ET AW
B 3T R AR b - ) S T R E PRS0 T R BB S R
e17 * 7% 4§ P #2(Planning Horizon) ~ ;# & (State) ~ /&3 (Action) ~ ;& & # 45 1%

7 (Transition Probability) 2 w 4% & #c(Reward Function) °

» % pF4%(Planning Horizon)

el PRSI ek TR o
BEAR LR FIRPBLE G AR E -
t € {1,2,..,T}
AT A B SMBERE > 4opts

=

Fl ‘J 1§

By 5 BpREmE NG Y FAR S
> s}k s (State)
E-opraz R d A e

R

s L E
s € {1,2,...,N}ands; = N
» A% (Action)

SRRSO Soul BE s SR QR SR U B S T
a, € A ={pmin pmin 4 1 pmax}

> ¥R 8 % (Transition Probability)

27
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E- W BREES S Sk B - B REE AR BB T -
G de kR e AT e FREE-FYP X L LZCYBRERE - L TE - HE
REBECM o o FI fes = CMIIRT o507 ARG CMAE D
HERGHCYBAS BRIV RIS FlL EH T BAS B 5 R
s e
Fo Wb REHBCMB o FE RN T FECR BT
Pr(CEICM) = C&r A¥ (1 - D" 0 < cf <™ (13)

B ke o SCRBAHIRT 0 AR a0 B AniA S

Pr(Di(a;) =n |C ) = CCt Pr(g;la)™ Pr(go|at)ct ~,n €0, mln{st,C Ho (14)

@l teaim T & An B A S

cM
Pridua) =m) = ) PrCHIC) Pr(D(a) = ICf) (15)
Ct =n
Di(an)z # % w7 5
Ng, = E[min{D;(a;), s¢}] (16)

foea s BT B0 ng, B A &g A s 5
Se-1 = Max{0, s, - D¢(a,)} (17)
¥ 4% I #ic(Reward Function)
PESRT P AL ERY NERaOv A ¢ D2 T AR
2 AKRIEH w4 o
P2 Trr g Lis BR LS, PERTOFTT U TED A AN
ALy s PRt gy e L
R:(st,ar) = a;E[min{D.(a,), s;}] (18)
ARTFH AL FtHF > R GEs a0 T A KRT EE w4
E[Vi_1(Se-1lse ar)] (19)
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Bt PR eh T w AR A KTEH w AP 0 LR E AR o S

Optimality Equation » % 7T % :
Vi(se) = gtlgﬁ{Rt(St’ ar) + E[Vi_1(s¢-1lse, ap)]} (20)

,%"gvj ARG E NE - Bl Ra, TR YR AEERNT DG
AR TEF DR BT a

BSEmm B LR M e AT BB CHED » Xl 28t R
BE - fled epET - §PFAREG ~ F PR E 7R 2 F P E{IEL CSV
%%ﬁéﬁﬂo

FE BRI Bk 2 S48k @ % Bq.(10) ~ BEq. (11)% Eq. (12)3* 5 #
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Parameters Value
Planning Horizon 250
Number of Products 300
Arrival Probability 0.7
Mean of WTP 70~140
Standard Deviation of WTP 10-30
Range of Price 50~200
Pricie Difference 1
Maximum Number of Customers 20
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Distribution of Customer Willingness-To-Pay Price
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First Simulation with Mean 70 to 140
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Distribution of Customer Willingness-To-Pay Price
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First Simulation with Mean 70 to 140
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Distribution of Customer Willingness-To-Pay Price
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First Simulation with Mean 70 to 140
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5.2 WTP PRIE 38 & F
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Planning Horizon 250
Number of Products 300
Arrival Probability 0.7
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Pricie Difference 1
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Distribution of Customer Willingness-To-Pay Price
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First Simulation with Shape 10 to 30
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