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Abstract

Driven by the deepening of the on-demand economy and the digital transformation of manufacturing,
cloud printing service platforms face threefold challenges: high demand volatility, heterogeneous
production resources, and the imperative for real-time decision-making. Prevailing operational
strategies, which predominantly rely on static rules, theoretically lack a systematic framework to
address such complex dynamic environments, thus failing to achieve global optimization. To fill this
theoretical gap, this paper, positioned at the intersection of operations management and artificial
intelligence, proposes a joint optimization framework for dynamic pricing and intelligent dispatch-
ing based on deep reinforcement learning. First, from a system engineering perspective, the opera-
tional process of the cloud printing platform is formally modeled as a Markov Decision Process
(MDP), which systematically characterizes the complex dynamic interactions among market status,
order flow, and factory load. Second, to solve this model, a two-tiered decision mechanism is de-
signed: the upper tier employs a dynamic pricing model based on Deep Deterministic Policy Gradi-
ent (DDPG), treating the pricing problem as an optimal control problem in a continuous action space
to maximize the platform’s long-term revenue. The lower tier introduces a multi-agent collabora-
tive paradigm by constructing an intelligent dispatching model based on Multi-Agent Proximal Pol-
icy Optimization (MAPPO), which regards each printing factory as an independent agent to achieve
efficient collaborative scheduling through centralized training and decentralized execution. Finally,
extensive experiments on a high-fidelity simulation platform demonstrate that, compared to base-
line methods, the proposed framework achieves significant improvements in key performance in-
dicators such as order acceptance rate, total platform revenue, and average completion time. This
research not only provides an effective solution for the intelligent operation of the cloud printing
industry but also theoretically validates the feasibility and superiority of integrating reinforcement
learning with multi-agent systems theory for solving joint optimization problems in complex pro-
duction-service systems, offering a novel theoretical perspective and practical reference for future
research in related fields.
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WAL S, N EIRIAR ST 6 R G E U IR 5l R A — D R GEVEI . BR iksh k7 58, HEShAT
W BEAIZ E TR

3. RB575%
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Figure 1. Overall framework of the deep reinforcement learning-based cloud printing platform
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3.1. EEBEREENX

FATH = BV & i B R Ay — A B R AT R FGL AR (MDP),  HAZ O B3 AT
® R (State, S): IRE s, € S X ¢ INZIRGI L M EALHIER, iR SY) T HRAREEOMI
WEEHPHEM R Hordr, SYEER RS, LT R-F I RIA R4, SO SR AEIT R, F
VSR PR BT TR T A B B P B S AL & .
® Ziffi(Action, 4): BKEENE a, € A HUEM AIREPIEB I HBL. EMENE 4" e[-11] 2 —DESHE, K
B T IRBBENZ R RAIREEIE A" €[ 45, 4 |, B AT EE
AL IR 3 VT 5B i 4 HE PP Bl
® Jii(Reward, R): NEZRE AL RIS M ES, 2R E r B N — A2 HARBIINELN .
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Fo ree WTFEGET, o M Cpertong 70 0NT AP S A5 IS (R AN ) B A AT 0. B REL o B,
y WL S HHE R, BT A AR I e A B [RTI SE A P AA36: 5 R G- o 12 R
et AR A2 AR R R SR A 5 STHESR T IORBL, S R4S 1 F G188 Mo BE B BT .
P EUWER(R e VEAZ DI H R, BHAERERIL A B # H12(Revenue Management). #R1, HAIE K5
W ad f KA W] BE S B R B MMIRRGT 5, SEII . Bk, JRATTINAT B 2 45 £ i 1)
(C OINENESI, X YEFHERA 18 (Queuing Theory) IR 45 i #(QoS) & B, B 7E LRI F il A1 & 75
2o [, TR Cyepon ) 75 ST HUMAR S T-2E 7 55 18 /54 I (Production and Operations Management) ']
W, BE4ERFA RGN, BARN L) EESER RGN RMZAHEER. NERE o B
y IBE, NP ELE “BeRa)” “ATEER)” 5 “REE)” B =MZ0Iz s H AR 1813EAT 5 H
et TR B.
IR A2 2 (Transition Probability, P): P(St+1 |s,,at) FH L SRS ) N AEBENLIE B 2 , 75 02 (model-
free) 15 A0 7 SIHESE o 75 2 3008 3o

3.2. ZERIEERGEESHEHR

R BRI & e B FE A MDP 2, FRATTE ek Hodz ol 55 Sk 5 Bm i AT R Gtk
WA, ZARGEEA S IO H P (User)s 11 #.(Order). I.) (Factory)fiI°F- & (Platform). &)
ERE A IR VUK SEARLERS 8] 741 ERBIAS#E . 4 78 MDP PRS2, FATELE 5%
AT EAE R . RS (SM)iEE R AT T RIS SPIIT A A AR L 2R A R ok
TAE; 1T HURES (SO N A AL BT S BA B R FE S AT P B AR PR S SRR s 1 ) IR
ASHMGES & T PISE AFIKEE . W& PR, Rk L 2R GRS EN SRR, XLt
AEA— L) Z 450, LR T EAERRZ] ¢ RN RARERPRESE S, X2 LI RE ik
EAINEAEITEYER
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JUE ARSI ) MDP B SRIE R LS i = BRI 755, AEOR T ORAETHSE R T AT PR SR EE TR0 0
SE M G IREL R, FAE B RE P SIN T UL B S 40, IR 04T H0) S BR B AT RE 7 2B R B2 -

P AT N EREA R e FEFT P AT itk JRAIZET Logit BB P X i A1 A A i T A7 B
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U BT R AAL K S A 5

YIRBCIE R AL B TASCRET A 5NN, BA LRI IE A6 9 [ 5E K 18] & 1 AT RA
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X e 58 LI 1) ) P A AE A 72 o R R P E I e N SEI DI APT BRI om0 “ A7 - Wik ™ Aok
I 230 ) T R i

B IRS R ENE B B BB SR I, BRI B AR AR R R b, 5 8 IR H I HERN 5
IR FESERRA P, W MR RE S BU™ RERFE. EAR MAPPO AL FEE I &K BA S AR I B Bk
D TR )R, R Y A e S AL T 3 R A S ) o

3.4. &F DDPG WIFIFSEMIER

TENPREA T FIRAE— /ML X B A F RN A BN 7, DL K RIS, X mT AR
A 7 (R A 4% 1 1] B (Optimal Control Problem). ¥4 5 i 52 1 SR W& B F (DDPG) k[ 141/ A —Fh &
[ R B2 B A 2 R 5 A 2% 2] )R] Actor-Critic J7vE, SRRV & ¥4 . DDPG £ T Actor-
Critic fE42, Hrfr Actor W% 6t St i Hh 2 AN RS BIAE, Critic 2% 51 ST PPN PE IKIME(Q 1H), IF
I Critic 48 S KA Actor RS, HAX OMESZ K 2 s,

I B
(Replay Buffer)

KRS s K7 s, BF a

R (Agent)

Actor 4% _ Actor FEEMENE _ Critic MI%%
(RFEE) SRBEHE T GFREE)
ESES)
R4 AP AR
A/
HHEE a

Figure 2. Core conceptual architecture of the DDPG model
[ 2. DDPG R BRI 4540
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= EE 6 BR AT 5588 SR 2T BAE 2 AN S LT TREAT BRI, 2 — N KB & Ak 1)
e R A OAIE RIS, KT L AT AR R EOE K “CYERE A o AL, ARSI
TR 52 266k Rt (Multi-Agent Systems, MAS)H £, WA T @ N— ARy, st/ HE
FroA T AR BE AR (Agent) . 1A% 2 B BEAR IR T ST (MARL) A, AR SCHE FTE I AT 45 R BLH G )
2 R BRI b SR AL (MAPPO)Y R [15] [16]3E4T 14k HAz.O B4y “EdCilds, ZHofbidr”
(CTDE), MM 14 R 53T 8%, BAYREE WA 3 fis.

Hhl2E> + S

Figure 3. Schematic of the MAPPO-based multi-agent dispatching model
3. &£F MAPPO K& B HEMR IR RIEEREE

4. KB SERS R
4.1. IRFESIEWRE

NIAIEAS SR T VR A 2, BATIFE T Python % SimPy BB FHAH R T — DR E 1 =D
JSF- & 477 L

o VARG BT ERAUENE AR AR IS AR, DA — R N IT B RA F 1) s SRS A B BT
F BT e BRI HBE AT B ) TR o0 A BE LSRR o

o AT R: AP R SEZRAN T Logit A AT B, BRI A B &7, FH P 3252 91 S0 A 2R BRAEK

o TJEER: CPFEIERE N=10 MR, R R AN EE L o Re B IR R TR b
SEIG X L ARE LS . FP-RB ([ €4 + FNJRH). DP-RB (DDPG SEMr + MYRH). FP-IB ([H 2 €
#r + MAPPO Ik 5) A S A SCHE H ) DDPG-MAPPO BES AL, S S8 B IE 1 s,

Table 1. Key experimental parameter settings

® 1. EEIRNSHIRE

e HUE
R 48
Pran 7 0.99
2% 2] % (Actor/Critic) le—4/1e-3
L& K/ (Batch Size) 256
LU 1,000,000
s PR 28 B T 2R B < 0.005
PPO i R4 € 0.2
INGRIEAIREL 500,000
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4.2. EEXTEE S0 H

B FRAL R R AR br LR B R 2 P . WRHPATELE H, ASCHR i) DDPGMAPPO BX &
AR T 48 bs L3RG BAEHr: 1) XftL DP-RB 5 FP-RB, 5| AN E i fig & 2 FH-F
BRI B2, W] T DDPG fEHfi§E iz ah &5 1 (4 Xtk 2) Xttt FP-IB 55 FP-RB, SIA%
RE YR R RE MR AR LT 5124 52 Jl N 8] 250 3R i, IEWA T MAPPO fE 5744 BHIRH 2 BRItk 3)
DDPG-MAPPO R ZE & 7 —H L%, @i RSl 7 &R, Ui BRIt DP-RB B
FIHT 14.1%, ~FEI5E I 18 U 5 R L) FP-IB BEALERF, IL T “1+1>27 BIRE AN, 76 Ritik
i A2 i 2 (14 4) B EDMLB IS IE 1 A SO iR AR KRR L i se A .

Table 2. Performance comparison of different algorithms across various metrics

2. PRIEAARIUEIR LR REXTEE

AT e (J37t) B (%) P8 5E i A (h) TR (7 22)
FP-RB 120.5 65.8 245 15.8
DP-RB 145.2 72.3 239 145
FP-IB 138.6 66.1 18.2 8.2

DDPG-MAPPO 165.7 75.1 18.5 7.5
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= 75 A e
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HERE (X)

Figure 4. Curve of platform cumulative revenue over time

B 4. F&RIINHERT T Lt

4.3. BAURR T HRVLRK

NIRRT DDPG-MAPPO HEZL “RGE” NI, AT FAE A T AN L fia s
Fr BEGT s T SRR ), AT s A SO Y 5 FE 2 S (FP-RB) IR SO R 5 22 572
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Figure 5. Analysis of dynamic pricing and queue response during order peak periods

B 5. TR SIS E M SPAFING R 53 4

4.3.2. ¥R TR & RE TR E

K6 R TIERE T (T A, fEAE 8 BRI (E ™ BERL/IN) SO IE AT FRIR AT 9 o AEAR ST
IR (nEa )T, BT A BRI EOE, KREAT AR SIRAE %), BRI T
HEML, MRIZK T B (PR T HERE. ME MAPPO 2R GEA RS T, WK 6(b)Fr,
REL] A KR RER LRI RAR 1 XEFT S SERaBUE, 1 R g8 2RI E R AT e, KR AR T LT
7 AR CRIFR > R BT B, HEEHEE T B, REKEIN 7 BMR A, (HEFESRE T 30%
PAE RO HEBNAE AR I (8], SRBL 7 DL el el 1] F) 4 Ry e (L TR o
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Figure 6. Comparison of intelligent dispatching in factory load imbalance scenarios

6. T Sad R AR TR S RETREXTEE

4.4. HRASELE 534
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