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Abstract

With the widespread application of cloud computing technology, virtual machine (VM) migration
has become an important means to improve resource utilization and service quality in data centers.
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However, traditional VM migration path optimization algorithms often face inefficiencies and re-
source wastage when dealing with complex network topologies and variable load conditions. To
address the challenges of VM migration path optimization, this paper proposes a VM migration path
optimization algorithm based on Graph Neural Network (GNN). The algorithm abstracts the network
topology of data centers into a graph model, utilizing the powerful feature extraction and represen-
tation capabilities of GNN to optimize VM migration paths globally. Specifically, the algorithm first
constructs a graph structure comprising network nodes and their connections, transforming the VM
migration problem into a path optimization problem on the graph. Next, it employs a Graph Convo-
lutional Network (GCN) to learn and extract features from the nodes in the graph, using a deep neu-
ral network to predict and optimize the migration paths. Experimental results demonstrate that,
compared to traditional VM migration algorithms, the GNN-based migration path optimization al-
gorithm achieves higher efficiency and resource utilization when handling complex network envi-
ronments and dynamic load variations.
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1. 5|

B P FEEAR MR R, AR OOy IS 0 A% O ARG 43 . RERLPL(Virtual Ma-
chine, VM)IE B [1ME N IMEE A I B ZIRTT, @bk 47 RN — M3 =N LT 2 55—
FEHL, AT R R ER R, EREEEE 0 Py SEI A . SRR T R R HESS B AR AR
MM, eI R I FE s e B A P A 8, 0 G 2 7 THUAT 52 2% P X 4% P 25 46 N 22 738 (1 47 2% AR T
WARAEAEBCRAR N A B IRIR P S Bk

LG RN T AR A FE R 2 BT B R AR B R o XSk BARAE R Sy PRI A,
ELTE b B KRB o O P 5 2 X SRS I, A A e DA e 4 o B fIE R Sz PR B [2] - PR A48 W 2% (Graph
Neural Network, GNN){E i 4k & e s N T RedeR, BA SR KIFFES IR IRGE ), BRI A 2K
Hh A R S5 AR [3]. BRI, K GNN 5| N RINLIT RS B AR LA ] b, G EBESR TR L b BHR
TR B 7 TH A A%

RS T — P I T A E W T RN LE R B AR i, DU O 4 AT SR TR R B 4 0 4% 1 4
BN AR (R BRI . FEETTER AT

(1) FREH T — o (0 PR AR b 2 5 2% R B o R T 4 0 A 8 F i G o BRI, {45 R ST A 1)
AT CATE B AT R IR RR A

(2) Wit IHSZBL T I &I A7 k1 4% (Graph Convolutional Network, GCN) FIRFE SR B V. 8t 2 ST Al
PRI R T SRAE, NIERE ER AR OL AR T T AN B

() R T —MIEFTREMEM K TR AERAT L FIH GCN $EHUFHE, TR HAE4T 7l
MANEA, RFEIRT T ITRE R AN BRI F 2

(4) BRI IOUE T IR ok AR 2 AN O IR AT TR IR, S5 IR R, ZEE
TEILFERT [H] . BEAEANH 96 F) F 22 5 T Tt S
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ARICERGUTR B F R T R WL R AR M2 W 25 AR SCHIE 78 AR B8 =304 & LT M
N R BRAROUAL IR, JFiE T RPN £ AR 1% i) R BT s 55 DU R 2> VRAB IR 1 T4 Hh ) 005,
CLFE BRI R . RRAE SR IO B AR A S s ST R 1 SR BEt . S5 RAN s S5 X it 7e
BERBEAT 1S, IFHE T ARKRIIWE T 1A .

2. XTE

FEWHE B e = EAEE P OE B P R AR —, HEEHMRREREMHRE, Sl
I IRTT RGBT RE I LA T ZIREUR . RN 70 A A 20730 Fil4% D1 (Pre-copy) M5 45 D1
(Post-copy) [4].

TETPE VUL R X AP T30, RESUNLAE TS T 40 HiR A A7 800 05 4% DL H AR B0 L. iTR I i,
VEENM B bR ENZ W22 RAHNAFT, HERE RN I, BIUNUA 285 8 B A RPIRS
[FA7 . Fids DU s gD 1 REAUALIAE LN 18], H 2 0 A A7 78 DL 3 B30 v 1) IR 2% T4

5185 WA, 585 VTR S VL 5, IR DR R ML ) B s 0L, B8R 2014
PRI NAFESG o Ja P8 DRI RAE — B R _Bsb 8 IT 4, BT R S BUBCK B RE LS LN [A] .

BbAt, A — LR AT T VA I 4 G T DUR S #8 DURIAR i, DUAE Bl A5 LI 8] 0 B3EAIK D 2% T
B (A A FAG[5] . SR REETVEE — R LG 1 RN BITERE,  (HAE D KRN 5 255 o 2%
INEEI, A5 RAFAE B2 AR AL A 1A

BRI 28 0 — 8L [T T A B B S5 B e 2 I 2 A58 . GNING RESS 383 1 AR 15 AR 328,
PO R EMIRE. Tk, GNN EZAGUSIG | B Eidt R, ARt HERG.
AW B RN W % 22 4225 6]

BRI 2 (GCN) [7]72& GNN ) —Foft B SR , 3 iod B AR ER A AR JE 15 AU B S B h0 T sk,
TEBGHT T K7~ . GCN 7E B S5 M B AR E SR IR R TR IR 5, T2 BT 2, Bk
VR PR FH0I S5 AF- 55

K2 M2 (GAT) [8]idId 51 NTER I, 1 3 N3 73 C &0 J& 755 m0 Hh O 15 B 5E i /g, A4
RURE0S 50 Ar M A 3 T R S S MRFAE . GAT TEALEE R i B A 2 R RIS BT, R T 58K 1)
EAERES

AR, BN ITIRIR R GNN RLAH T W 2 A0 AT B AT K1) S5 A0 [ O] o I8 I g P 2 i 1 S ) 35
AR, GNN BERS AT R FE M 45 v (0 4 Ja (5 AR R AE, D9 R AR DL AL AR AT 1) R 2%

FEFEAEFNRI I, GNN A F 1 GG AT 38 W 2% | G5 I 2% S5 2 2% AR 4, J8 0 o >0 W& v =0 M I AR ALE
SIS B AR A R AL . GNIN 7E P 2 B U HH ot FR B 17 SR O IV L VS 7, et 0f Do 8¢ 1 s R
RFIESZEL, GNN BRSSOk 1 1) BE U5 43 FO AN S B3 1

JECHBFEY GNN EM A E Ry, RN T LT A2 i A AT 280 — A
FHXTEURT (R 787 19 [10] 0 4T 75 R 2 8 b TR M 8 R AAT 55, T B RESILIT A% 1 A2 il S i)
ZHAR KA BN S LRI, FRs—PIRAAARE . ACERE R, &7 T
Pl b 22 I 22 1) RE AU LI R BR AR LA B0, BRI 456 GNN (5 RRHIESE NI R R BE /), R RAL Gk
TE 0T 52 25% W £ PRS0 2278 A7 B R AT ST B AN 2, i3k — 2B 3R T R UM LI A2 1) R A B R FH 26

3. IBEIEE X

HEMNLIE R AR AL R IR BN L A T, L P R AR AR, TR I IR] . REAEATIN 2%
58 R 2255 7 A B . X — IR0 K 2 AW BE E IR N 2819 i, S ZRUTE B2 A% R X 2% 40 F A Bl 745 471
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IR N HEAT U REAUB LT AL B A2 AN DL RE B et K0l O R SR URR FH 36, 3R RE IR SE 8 417 R A R 55+
S AR

READHUER R R AT B BN — DB BRI Zh 2 5 — DB ENLR IS RE . e Bl L 2%
H—MEG=(V,E) %o, i VERRMBEENES, ERRTEN MM IEL . BRI EEH
IR SEILEL T H b5

(1) WIRUEAL: TERLERE B, SCHIYE SRIR A LI BT  BE, 3 S BT R LA T R 9%

(2) SuBk I AE G B e (A IR 5% 4 LRS00 M AUAL B BB AR A IR 55 2, DAIK B B MR -

(3) HRbEVRE . PN DU, K IER BRI AT DURE e 55 b T, DRAEN 55 I 1

(4) REAERE R JEIDRENLEE B BOER IR ST A5 L, AT LR P R B AR S5 &, AT 19 20 RER

FERENER HAR AL AR, H AR R B2 AR AT € SR BRI ASTHAL [ H AR o5 A
LIR KNI

(1) TR AME: BRI ENLE]H R ENLI S IERE I 1 . € SGER IR T NPT iE
AR P LRI A A, R

T=2pels @

Hobt t, ABEfE p _ERGERER [,
(2) RekERUIME: FUMGERI RS A RE. & LAEHE E NFTE TR P ERORREZ F, B,

E ZZpePeP (2)
Hrbre, Nz p ERURE
(3) BRI R ERAL: S KA M2 S AR, A IE R IR AR 28 I 58 o 38 S BRI 26 U
H:

Bused
3
5 ®3)

total

Hort By AMEHWNLT BRI A E, By, NEHIA 5

Pl 4 2 X 6% D] JHG A Ak 28 PR 8 A 000 7 T ) SRR R 0, N R e UM LT B B AR A 1 R A ) T R
HIE GNN, ALK R LIRS 1) R o o I, R s K RIS IO R e 77, skBLa Rt

7E GNN Hr, HdE O I 28 P a5 R mT DL SOy IR . IR 5 iy, eV ARERER £ A8, 34
e € EFIREMNL v, M v, 2B IMERIER . 35 5 ARHMIE AT LSS CPU fidk. WAFMER AR, 985, LM
REAE U AT DLELFE 267 B JEIR 5% . I X PRI R, 1T LUR R WL F8 B AR A A 1) R A% A o I
(Y EEAR AR RN AL 7]

76 GNN BEAY A, g N2 E s O I B Z5 4, GG R AR e A R e . ARk L

TP

(1) 5 EARAEAERE X e RVMY, i d RGeS

(2) AuBEERE Ae RV SR EIEE R R,

TRAY

A5 FH B AS FR I 28 (GCN) KT 19 sURFIEREA T B AR IS 5, AR OB I 19 R38R H:

H=c(A-X-W) @)

Horp WONRTIZRBCE AR, o s R4
fatt: ULRRIERBRIEES P, BAKAE p BFET A, B R AREE L.

U=
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4. EHRE PSR R AR AL R
41 BN

AL FE BRI 2% (GCN) AT E AN LT A2 g AR LA I T ZEA LA T H BRI R S RE ST, HEWS
A BB E Y PO P2 AR R 258, TR Bt i o EL T R AT 28K . b4, GCN By RIF iz 4t
REST, BEMBAE AN AN 2% 30 AN AN SR AT N RFFAGE MR RE,  JF CAE 2 A WS DUAL A AR R 17 8 A 1k
Ty, ARSI W] DR SFE R AU, R IR AR, B TIR . K 1 RASCH i K
A

ETEIET

(EEEIE R
GCN [F1[]

BRI ReLU
E3Ed

o83
G

i
(EEEE

Figure 1. Intelligent decision support system architecture

Bl 1 BRURRIFFRGRM

AR5 — E RN Z (Input), 122 5 STESUS SN LT 1 N, G038 S LA HL ORI B R 1)
FHIE, HINAEREN 160 B IX LeHER A NVIARRHEAERE , AR e84 )5 8L BB Z AT A0 3.
GCN %5 1 JZ(Convl) 2 55— MEIERE, WALEEEy 16, fith4EfE 0y 32, i/ ReLU #HuGmd. %
JE AR T A AT R S LA R AT IRAE . TSR I = A R IE R R, 3 BRI I R A R
AT
HY = ReLU(Iﬁ’“AD’” xw“’)) (5)
LG AR E R A AT 5 B ILAR R S, TSR BCE m AR R . X E, AR EA
IATEEAERE, D2 A REAERE, WO R EER.
GCN % 2 JZ(Conv2),2 55 —MEIERZE, MIALER Y 32, fith4EfE 0y 64, {FH ReLU UG skd. %
JEE— 0 ARSI RURHE, HINAFAEAERE, B Re I B H A RHIE R R 1T AR T
HO = ReLU([N)’“A[S’MH(WV (1>) (6)
GCN %5 3 Z(Conv3) 2 =M EIBR =, MAYEEy 64, Mth4E[E Ny 128, i H] Rel U UG ek 4. il
iz, BRI REHERROREE ), I R A E I REE R R AW T
HO = ReLU([S'VZAES'VZH<2Nv<2>) @
GCN % 4 JZ(Conva) 2 5 DU BB, WIALERE A 128, i 4EE )y 256, {fHH ReLU W0 sk 4.

ZIRRRA N EERE, B e e R Rl R A RHIE RS, e SIS AN A 1 R U HE 5
THHEARWT:

szRﬂumWﬂﬁﬂHWMﬂ (8)

ICAJE (Pooling) 2L TR, 1 T8 45 I A 2 o 115 SR A 2R BRI R o X —
SN BIC ARG, SR AR IORER R, DTS S A B il — A0 . A5 FT A S
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TEEATIC S A B GR ER R . EARX IR
H grapn = Pooling(H (4)) 9)

IR 1 (FCL A —NEHZE, MANGEREy 256, ey 128, {fH ReLU BUG K. 1%
JEXPIC S Z A ) B R AE AT IR 4 A e 4, DD RFAEAERE, 5] NARER PR e, SR RHIE 1 R I R
HEALWT:

H oy = RelU(H g Wee, + b, ) (10)

EERE 2 (FCRE —ANEERZE, MNGEEN 128, 4N 64, /4 ReLU ik . ZZ2
HE— D AbERRRAE, AT LB RS A e A R TAT S5, AR I R N . TF R AW R
Heco = REIU(HFClWFCZ + chz) (11)

it 2 A R A R A R AR AR IWLE R TN S R . BRI R R N AL, PR L
BANRARRER R, NEER RSN . THE AT
Output = H,W, +b

Output Output

FEARAA FE P @ AR A L (I AR 2T), TR 4 = A R B AR AT
—B A X B ORIT RS BRAR AR R S A A HROR A P IR B AETERE, R EIT R AR BRI A
4.2. RUEZET

PRE FRAE RPN LT R AR R 3l I OQVE w1 R s Ik #E, B o BN R, Hi=
RIEPEANZ BARIUALRE ), MELLIE BB A EE M E AW 283040 . SIADUACSIE (G A*SE[11])RERS 5e ik
KRR, e R E B R, BER SRR RRARE . TR ARG N, S
PR ORI A 2 B AR, W AR MBI T R K.

421 BF A BENBEREEZ

A*ELE R — T2 N T AR R B R R I RS, S S T R AR RS R A R
REME o R AR 21 MRS 5 B 28 S A B A . R SR I O ARSI R B 7R

Bk 1o A FRER TR DIAGES ISR R

Hrox: start_vm(A 46 B 404L), goal_vm(E AREL#44L), network_graph( %-B)

ik path(fhAb 69 iE 4% 34542)

(12)

1. #n4&4% open_list = {start_vm}, closed_list = {}
2. ksl g = {start_vm: 0} # MALE 5| %3] F 549 5 R
3. #1444k parents = {start_vm: start_ vm} # 44269 Skt
4. 4 open_list XA 20, PFATAT FK:
4.1 &% open_list ¥ X% 4% f(vm) = g(vm) + heuristic(vm, goal_vm)#& > #) % % current_vm
4.2 4= current_ vm % F goal_vm, W#ATVAT FH:
4.2.1 ¥tz #4543 path = []
4.2.2 A goal_vm ©) 31 %] start_vm HE %42
4.2.2.1 % parents[current_vm]A~% F current_vm B, #4T:
4.2.2.1.1 # current_vm #4a 2| path
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4.2.2.1.2 ¥ current_vm &7 % 3 55 & parents[current_vm]
4.2.2.2 ¥ start_vm FAm3)| path
4.2.2.3 RAE#4% path
4.2.2.4 AW #44% path
4.3 ¥ current_vm A\ open_list 4%k, JHifAmE| closed_list
4.4 5+-F current_vm #9EANARE & neighbor_vm F= i #5484 migration_cost, $h47vA T 3
4.4.1 %=X neighbor_vm 7 closed_list ¥, M|gkid
4.4.2 ¥ tentative_g = g[current_vm] + migration_cost
4.4.3 43 neighbor_vm 77 open_list # 3 tentative_g I F g[neighbor_vm], M##47vA F H3%:
4.4.3.1 # neighbor_vm #4n %) open_list
4.4.3.2 $#7 parents[neighbor_vm]>4 current_vm
4.4.3.3 ##7 g[neighbor_vm]# tentative_g
5. Jm RIEILE R BAAKE] B AR ML, N ATEP 3812 R A4 £ 514 = None

2 AFLE T RALENUL A B . B %, WIIITRIR . BHSIER SERRAU R AN ST mime sy
Ro g, EIFBINIRA NN, A BRI R AE AT s W RAZT 508 H RS RSO,
VU3 oL [P A e g A AR [B] 5 I, G T NI R R B E SR, FR AT R E T A, T
ST AR AR AN AT A5 2o T R [ S I A 1 AT R AR B H AR RESRAAL, TR [ B AR AN
FALE 1% A SV I E) 5220 5 2 R T4 s (T AL SE BA A 44, AE SRR 00 T8 O(bY), b
RN R ST, d RRERERRE. SRR O, FINERINEILT, Fik®EAA
PR AR R AR AR (R R R A SARE IR B R AL, (BAEAC B AR R 28 IS, I ey I ) 12 1]
R e R RE ) AL

4.2.2. ETRUFEINBERLEE

7465 2] (Reinforcement Learning, RL) [12]5& —Fiidid 5 M85 1 52 T2 2] S LSRG 1) 5 7% 1 R4
NUE BRI, RL 5% AL )58 B 25 P 40 A U AR AL, T8 R 2% ST RN B R sk ms, R BN AR
TERBAE . ACKH Q-learning [13] B LT AL, R4S BINT .

1) M85E Le

@ CIRZS(State): P2 A BN &R —ANRAS, BN E 6 &

@ BhE(Action): M HHTH RIERE R R —AN 1 RIAT A .

@ %Jih(Reward): TG RGIERETRNR, WL A, 5 FE5E . BNMEIE R 51X SR hR R
tt, EPPEReBkEr, 2k .

2) Q XWIIAL: WItaA Q K, FHTAARA - SHEXTH) Q R E N 0. Q R TR - Bk
XF T AR il .

3) ZHWE: WEYIE o, KT y MIREE e FFYUE THNIE B ERELE, k-1
R T2 i 5 AR R, IRR AR 1R AR P4

4) BRI R

Hik 2. A F Q-learning 44 & #AHUE A &2 ik

#ron: network_graph (M 45H), start_vm (A4 & 4L), goal_vm (B 47E #040), max_episodes (3 K kA4 %K)

i FARE A I542 optimal_path
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1. 4t Q &, PR K&E-htExtey Q%A 0
2. REF IR o, =BTy KEEe
3. &R max_episodes K, HATVAT H3k:
3.1 An4s1k S ATIK S state = start_vm
3.2 % state <& goal_vm B, FAATVAT HEK:
3.2.1 #BIREFE ¢, &1 action:
3.2.1.1 VA ¢ 9MER BB EMSIEERR)
3212 TN, ##F QAR KIANEGHIA)
3.2.2 #ATHAE action, ILE 2 5h reward F= F —4NHK & next_state
3.2.3 ##7 Q14:
Q(state, action) = Q(state, action) + « * [reward + y * max(Q(next_state, all_actions)) - Q(state, action)]
3.2.4 % next_state IX/A % state
4. AR3E Q &, M start_vm Frib, HeRBRAMRBLELZE, 4 & optimal_path
5. i& = optimal_path

BT Q-learning I MEFINUIL FE R AR A TVE 1 JeWI a6tk Q RASHL, ARG ERFIOEAR MR Ak
DIEBEENE, PATITR MG T —RES, R h AT 7 558 Q i, AWrifbaens, &R
SEHE, RIS I B RN, ML 5 2 B AR A R TR IR . RIS, B
L ] A IRAS ISR, DRI [R) 544 B 4 O (nx mx max_episodes ), FH n ApRAHR, m AR
BAESE. FEMFEERERNO(nxm) .

BT 5mA S S I BR AR A S R 8 B 4508 N W 28 IR BE (1R Ak, 3l Ik AN 2% ST R0 B8 7 e s, 4R B
MR RNUER 42 . ML SRR, RL BERA E &K RIEERNGE N, GBS TE S A B TM
28 IR P SR I i U R AR AL

5. SEERSTHR
5.1. SEEOIREE

N T IR B WLE R B AR A SRR A 20, ATTFE CloudSim [14TR LIRSS Hh k47 T 5125 . CloudSim
— PR EL 2 N VR TR, & TRV 2 T SR B U A U B SR

SKIGTE— G HC# Intel Core i7 AbFEZEA1 32GB RAM [l EiE4T. #:4F &% Ubuntu 20.04, {#
H Java 1 CloudSim 3.0 #4741, Python 3.8 A7 HESLHL, FERH T NumPy Al Matplotlib 8L %115
FECHRE TR PE o

CloudSim 55 B Wi~ -

(1) BAEFORE: AR T — MO, HPaE 20 ML, BAEVLES 2 4> 1000 MIPS
ff] CPU. 8 GB W f%. 1 TB fEfi&M1 10 Gbps 7 5

(2) BHACE: ELid, FRATECE 7 20 DMEMNL, ARSI 14 1000 MIPS ) CPU. 2
GB W17+ 10 GB il 1 Gbps 5%, FHI5I A fEAE FHL L.

(3) [EHALE: LT WE T 50 MES, HMESFKEN 105484, SR/ H R/ 300
MB, X LE4F-55 B AL 53 AT 7EAS [|] 1) g #UL 1

(4) WIZSHRFN: B 0 2 40 FM L B 20 AT s (AR ALY A1 50 Zkals (FRER T st [A) ¥y T FIE R 26 4%)
AIBCEFENL L, FnIT R A (W SETHAE . ITRE R R145).
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(5) TR HEmE: FATRMAIIRRENL LI BN HEATIERE AR LS I, [ I JE T A% Q-learning 5%
I AARAG I RS SRS HEAT 27 ST RARAL FEAANLIT 7 B8 42 o

5.2. S FTEFSHEE IR

iz, WATEE T Q-learning. A*Hy%. Dijkstra HIEFBENLEIEEANEZ R oy HTIFET
y MRZE R ¢ ZHCPIOSCERE . BRI IS RE 0T

AV CloudSim B BTG B SLIG IR S, B %8 (05 40 AN REALLTT KORT 100 ZOER 4. Sk
KR EARMSHAE: «{0.1,03050.7,09}. y€{050.7,09} . £€{0.1,03,05}. s, FANL
FERSHAA N EIEIISGRRE,  BIVEEAR BB 5 BT 75 1AL

1 14& Q-learning. A*H7A. Dijkstra FIAAMBEALEIAAEANF S HAL G B SIOE S 20 Xt EL (R s
TEAUHEIN 1] A7)

Table 1. Convergence speed comparison of algorithms under different parameters

#* 1 BERETRSH TERSURERI L

SHAE (0, 9, €) Q-learning #3% A*EL: Dijkstra %1% BENLEL
(0.1,0.5,0.1) 500 ms 12s 15s 2.0s
(0.1,0.5,0.3) 450 ms 12s 15s 2.0s
(0.1,0.5,0.5) 400 ms 12s 15s 2.0s
(0.3,0.7,0.2) 350 ms 11s 14s 18s
(0.3,0.7,0.3) 300 ms 1.1s 14s 18s
(0.3,0.7,0.5) 250 ms 11s 14s 18s
(0.5,0.9,0.1) 200 ms 1.0s 13s 16s
(0.5,0.9,0.3) 180 ms 10s 13s 16s
(0.5,0.9,0.5) 160 ms 10s 13s 16s
(0.7,0.9,0.1) 150 ms 09s 12s 15s
(0.7,0.9,0.3) 140 ms 09s 12s 15s
(0.7,0.9,0.5) 130 ms 09s 12s 15s
(0.9,0.9,0.1) 120 ms 0.8s 1.1s 1l4s
(0.9,0.9,0.3) 110 ms 0.8s 1.1s 14s
(0.9,0.9,0.5) 100 ms 0.8s 11s 14s

M LA LLE H, Q-learning HEMIWSICE B 32 2% 2] 3 . TN B FAIR R R B . &4
HEMW =09, y=0.9, £=05)RWREREHISUELE. 5 A*HIL, Dijkstra HiEMBEHLEZEA L,
Q-learning BIATE GBS HB B T Ret MR BRI, JUHAEBNZ AR X 28 FR 5T SR I T A1

5.3. HEMEIRIPFGIRF A TIERERIEL

AT, AT T Q-learning. A*HLyEAI Dijkstra ik 76 [F] W 48 4 HN A7 3R 464 BOROR
FAVEH CloudSim FABUA B e B SLI6 A EE, B4 A5 40 S ERIHLYT AT 100 2T 42 . FA1
E M EARINITSSBCE , MR OREIELEAR R 25 R T HET LB AN AL 2 BCAH (R AT AR AT 55 71 3,
B PR OB — 8. 32 2 Xt il , BAE B I Bt A2 A BRI H BT [ (PR D)o

DOI: 10.12677/csa.2024.149188 74 R HURLE 5 R


https://doi.org/10.12677/csa.2024.149188

ek

Table 2. Optimal path length and computing time comparisons of algorithms under fixed parameters
% 2. EEERESH T RMEEKEMITEREXEL

RS AR AR T ) (7))
Q-learning 15 1.8
Q-learning 14 1.7
Q-learning 16 1.9
Q-learning 15 1.6
Q-learning 13 1.7

A* 18 12

A* 17 11

A* 19 13

A* 17 11

A* 18 12

Dijkstra 20 1.3
Dijkstra 19 1.2
Dijkstra 21 14
Dijkstra 20 1.3
Dijkstra 20 1.3

WA 2 TUE AR I S I 8% F T, 261 Q-learning (XA IEALEIE S AXEE. AN
Dijkstra 595 AHEL, BARCETHEI (6] ERSAAHEIN, (HAEW R B AR LBk, Ak, Q-learning 5
IFAEAL BRSNS R A S H R EVE ARG S, RE6 S U st N B A AR AL I I 48 A8 o T A*SEAE T
SRR EAR TR, (R ILERAR AL R AR A0 Q-learning 535 Dijkstra AR A*FEMIE, (HiH
THEZ R AR, HENRERK. ALd, MHEVER RIS AT, Hit 5 [ #E H AL
Ky BABIERIRS

5.4. FNEIMEMIETIERERIEL

FEASEEGH, FRATTINR T 2T Q-learning 51k A*5Li% . Dijkstra SiZ A AL S AE AN 7] X 48 JUAS (5
MECES A9 200 50, 100) FITERERIL . BARSTIS IS AR

i F CloudSim HLIFAEEAC B ST FREE, A0 2 6, 55 AN [R) K (1 R DL 19 #(20, 50, 100)F1AH REFK)
TR RRAT . ASEa, FRATTE E AR S5 BC B A ER R, ORI SR AE AR [F] 1) S5 R AT LU IR,
R RN EOAH R BT AEAE 25 T 8, B DR S0 I — 3. SRIR &S SR 2 AT 3 .

K2, 53K, B MZSRUBHIE S, BrA BE S A1 ERA BT o, (HEE T Q-learning H&4%
A FIEAEA R I 28 FUBE T R IAKIRTRE , Refs A Bk B AL IR 42 . Q-learning FkIE I #h 2% S I 53R
BeARZ ., REWEIE NN S PN Bk, AR BT EE AR IR PR RS, INIMAE S 2 & R R I s ML
T, A 5yEF Dijkstra FEFETEASHMN, S=Z3h&&E N, ToiE BB ARER RIS . Q-learning ik
o Q EMEE RN, REHET 2R, BRI, A FERRERAR KSR, HES
M s il A, Dijkstra S5k = 4 R ALAE /7. Q-learning Biidid i i3 2% > . Hrn F AR R
RESH, W9R T RIEVERERIVE, T A*SVERN Dijkstra SV E 2 O B 7 THAR R A FR .
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Figure 2. Convergence time comparisons under different network sizes
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Figure 3. Optimal VM migration path length comparisons under different network sizes
3. TRIMEMR T EIUNES ZMBEKE EREXTEL

55 FREIGHFH THERMEMREYE

FEASZIG T, IRATTVEAS 75T Q-learning ik . A*E%:. Dijkstra Sy AIBENL BIREAF 8 &4~
FR3E N e e P . AR SZIG I FE U R

] CloudSim B IR EEAC B SR8, AL 280 5 40 AN S 50 &IER AR . ARSLiH,
BAVEBEAF R O, A E T S AERCEA N A),  [F [ e g TS I E, iR &
PAEAE (R 261 R EAT L. SEBG 45 SRS 4 F1E 5 FioR

Kl a4, [ 5 e gt R, T Q-learning AR A FIETEAS Al S 346 A T 3R I HE R 4T & B4
A EVE . LE =l S8 W FEAMIT R I (8] 1 B 256 A1 5 Q-learning SVEREMS AT RO 8, 0 BB 1) S A %
12, FHORFER = 1 R U F 2

TE R TETHFESR A T, Q-learning BVE M BRI FH %y 85%, FEARITHAEES %1+ Ty 88%, HmT
A*E . Dijkstra HIEMBEALE . R\ AR A H R 7. M2, A*EA Dijkstra &
DL ESRTEUC SIS 8] RS A R 3, (H R AR AR K B R B UROF F AN . Q-learning $idk. BEALSVETE BT #1
WA N R ZE, WS R, BRRARIL, TR SRR,
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Figure 4. Efficiency comparisons under high bandwidth consumption
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Figure 5. Efficiency comparisons under low migration time consumption

5. {REHATiE T REXTEE

ZR LFid, Q-learning SV A 3 A AR BIL  Atven (¥ ML VE AR AE 1, BENE AT LA RSN LIE
Bigte, REAGREAHE, EHTRBEMDE KL

6. A&

ARSI T — P TR 2% RN LT B AR AL SRR, DU kAR St A R 28 M R I 2
ARG T AR R A o 3 R R o B 0 2% 0 Fh S5 A Tl GO TR, AR SR T B BRI 2% (GCN 3K
HIRHIESR IR R e 7, Sl T EAWLER e 2R iif. SKiRsi REW], 5 A*5ik. Dijkstra 5k
HMBEHLSEFLE, BT GNN TR AR PG S8 Ab FH AT % W 8 R B M B 25 S B3 E I, A T AL
R ilhiel PR

AR BT, Q-learning FVER I B (3G N MEAAREVE,  REWS A AL REIHLIERE B A2,
RFERGTIRA R, EH T RBMBISK LI /70, Q-learning Sy A K MU 2% th (i 5Lt [R]
FXTRL, WSICR RS, HR ZAT AR S B DU (R PR RE . AROR AW T vl ARE— DAL 5%, 4R
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