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Abstract Multi-stage networks are widely used in machine learning clusters. Due to the large number of
available paths in a multi-stage network, packet routing is a combinatorial optimization problem. Existing routing
algorithms based on heuristics lack performance guarantee, which seriously affects the packet transmission delay.
This paper proposes a packet routing method based on reinforcement learning for multi-stage networks, using a
novel policy iteration algorithm to compute an optimal routing policy by learning. In the policy evaluation step, this
algorithm uses the maximum likelihood estimator of the value function, which overcomes the low sample
efficiency problem of Monte Carlo (MC) or Temporal-Difference (TD) value function estimators in reinforcement
learning. To deal with the high computational complexity of the combinatorial optimization problem in the policy
improvement step, this algorithm decomposes the optimization over a combinatorial action space into a sequential
optimization of each action. Experiments based on NS-3 network simulator show that the routing policy learnt by
the algorithm reduces 13.9% of the average packet transmission delay compared to existing best routing heuristics.

Key words cluster network; policy iteration; packet routing; reinforcement learning

AR, Mg I INEE AR R RAM . AL
AR S 2N UUEAR R TN TR E
LERR IR, Hlasa > N E & £ — >
KREERIRA NIRRT AR Lo AfiEs . Pl
57 30 L A SO A SRR ) 2% o 7 AR T B B Y
Kl o 21, X EEHHE 2 ALAE W 25 Hh R AR A RE IR X AL
A5 21 N RIS 1) R BAT RBE RS T

P& S et A 2 [ Bt Clos 2%, JLiE

Wehs HE: 2021 - 09 — 14; fEFEIEHH#H: 2021 - 10 - 30
HEEH: EEKE AT (2019YFB1802800)

2 AN BURIAS LR AT RS O R . 2
B B 28 7E A TS B IR T SR A 7 KR ] ik $E 1
HAE, HIMNE R E A KR G B RS,
Ao 4L AR i o — N A A

HeF IR A R R S B SR, DUR 8-
RFF I KCHTRF R SE, TR B SRR 2% 1
BORAHRIEAR A o 11 22 B B 2638 R 2 T
KRB RS, BT, AR T

e s g (1991 ), J, Wb, BENSRBURERE BRI S B Sk > 8577 1 FHT 7.

*@EEE: PME, E-mail: gangsun@uestc.edu.cn



Eol

LA, SF: FETEREE ST BB B2 R 201

“IRNEE S SEEED R R A A 1ZE
NG o B B BAA S D AN )R — Bk RS
Blo IXELJ5 J 2QRE I8 T X 488 JR) 350 (1) £ 245 (L adEAT
PR, BN AR AN, JoIERIE
/NP3 5 AR AE IR

AL — PR T oAk 5 ST 40 2 B
W 22 i B IR 235 1) 25 ) R ABE R — N By IR B R 3
1L F2®(markov decision process, MDP), X & 1% n] @
8 A MDP B . O 1R 1% MDP 1 f5 £ B% i
WS, ARSCHEH T e K BLER SIS 1% A (maximum
likelihood policy iteration, MLPI) 5.7% . Z H L 7E
WS VEAil 22 B A fe R BLAR U 1B R Bl Al o A
ZAE R EE T3S IR I AL ) Tk
ZF & R~% (Monte Carlo, MC) B [i] Z 4} (temporal-
difference, TD) #i1 L B Zi Al T & 1 A 23 AR A 1)
e N T R MLPI S0k S g oo 2 b il iy 40
GIAHERR, AT T — o MU T,
IR A A A il — R BT SR a7 B4k 7
] R 3R AT A 285 ) SR it o

BT NS-3 W 28 BLAPL A% 1 117 3L 92 40 4 SRR B,
AL MLPT LS B 1 2% H AW I\ B 46 B
H17 Ja R ARSI D T 38.3% I-F- 35 HE P 2 2H 2K
H, [ 1 17.6% KPEEIMHIER . 4k, MLPI
BIER MR TETHRRY (MC) B[]
72453 (TD) Wl BR E il v 248 B iR Ak 2 ) B

1 ZMrE LAY 5 4H B H

Wi 1a s, A= BT, 5H
T ) A0 P A6 7R S — A 1 TSI T R BA 5% 48 ) 42 1 i)
R AE— ADRERRIOIS Ze, R vE S SR R A I A
T HENER AN BT HAN L. — e A\ BT 52 R
PFLEHIERZZ DRI Oy 7 RERIE, ERE
i N AL BTSRRI A R R 2. 1
BN NN, H RIS A AL F
B A R AN BRSO 2, K RA A7, HIX
6 BIA 7y HEE i N NS AL ISR A A S A
W2 IR A R 1% 2% Hh 25 BA S 0 AL 2

FERFAITZ] ¢ ASFIB BAZ L 18] (6 2 B
I 4 BURE 2 U S LA i A TR i A R
B, BA— AR AR BRI S A A
AEN, % e SRE R BN RE— A BAAI TR A 2 2 ik
F—A TR e . W 16 s, A B
B AL R e R s .
fEX A Bt e BhE, BAE > 4L 1 B B AR

T Ze+ 1, il 1c fiR, A& 541
1N N A VIS S VA Y 7 P S 2 BN U
ZHNE, FEERABBACHHBLRHT—$e 5 418 S
[FIREFITERR 70 A o 2R 5 FALID % i S AR A0 23 20 A
HEHAT.

=
M

i

A A Ai] —>

&
N
[\S]

[)“ZI ;“22 /’{23]

=
M
W

M

[Aa1 A Azs] —>

=

HRREEE W

>

BB hlEp B AathpTB
AERFZ AR EIL JA 2R3

Zow

=
M
[38)

m

HIA 3

AT B sl B

i i B
b. FEI Z ¢ F % B

=

IS

L)

=
>

L[]

>

HIA 3

m

AT B

s B
o. FERTZ] ++1 A BT I 4 R 2
1T = B2 7 21 % FR G5 B T HERA AR e Y

i i B

2 MDP t&H!

AT 22 i B X 2% 43 2EL I 1 ) AR O — N
IR BF K WK i B2 MDP. % MDP B — AN o 4
S,A,c, PTRE, HASERESN, ARINMERME,
e ks, PRIRESHEBME. % MDP [ Bk
JE XN

RZS: 1% MDP 7ER ZIt RS R m s, &
A 3 YR RE, ﬁfc%i—%/?jjn(”] RIREFE N A ML

B A BAIIE S s M B 7 O H



202 SRR = N A N =

#5114

FE: BRI TR AHMABAE 774, 1% MDP
TEIS 20 ) BAE & N — N BAH 73 438 9% 1) % 2
A ar,az, - ante BIEF AR & AALE
B UMY B B AR TR AR N S H AL B KA B AR A A
BN 2 RGBT AL 1) B[R] — AN\ S H AL
S TEARBAS R BN E L, SRR B — A
B B SRR AR NS H AL & B 2, B
LA B AL SN E . REmA
PN 70 2 B B P a8 VA W AN 1 7 e
IS N TR I — AN M — AL L s
AN A BN oI, 9 7 s R FBERS, 158 H
BL A BA B i BA B 73 2H A W] e £ DA B 40 2H ik
PRERR 5 A% — MR 41T

s % MDP TE B Z e AR 2 75 X 25 Hh HEBA

SRR EE, Nets)=) %o H Little &8,

s5ij°
926 o HE A 4328 (15450 2 0L 1540 20 3R 3 A
et T A RE IR SR H, D W% T P
DAL B B T 0 IR
ARASFERE I RE: o T 1% R B R MR R
I, FLEFA A BB, AR
FE R I TR A % MDP. 5 A B BBLE R
RS AT R BN 4 TR

A0 = pD g 4 D g1 Vi (1)

sij sij sij sij

Keft, d MM 2B F i TIN5 AR 2D

FORIER Z e+ LENEE si AT A HECH « BT
B BN th i FRENLZE 2 JT RE 45 7€ -

nD = —d® L )Y s =1 Vi, 2)
sij sij sij ij

=, hﬁ;”)%EBﬂLZIJH JEEbeNe AR NG E Y TN
BB E o HECH 25 8 — AN B R EE A — 4
AR SHA, RS EPAT LA LL ERPIRAS R
FITRE R HE T K. SRR SRR LA B
AT SR VEAl 20 RN SR S0 40 ROk A A HE SR i B
iA MDP.

3 ETRAMAN ARSI

— RS RIERE SOV TIRGE s ) — AL
BRI E H AR S AN B EEE,
X (3) Frmt:

Vi (s)=c(s)+Era [ye(S ) +V2c(S )+ +7"¢(S )|
(3)

X, S B Zt+ wIR S I FEHLAZ &, wi & H
KN B R /NIE B R 81459 B0 AR SRR A AR
Yy L2 EE AN EIE, W fEy = 0.991F ¥ 500,
Exalo ARG VAR Z AT, R TS 0 MR
EoMKHE. HTRBSHEEE R, 1EA
ForR B, IR A R G 2R EE PRSP AP
HfhiTHA3 3]

AT 9l S IR H 52 R 2 (MC) B [a]
7247 (TD) Wi ek Ffl vh 482, {2 MC #1 TD #ir &
TR AR RACRARY . AR SCAE A/ 18 B0 B0 e R ALAR
fliitds, #HEFWT.

Y5 — N ga, 2N 3) AN E R B AR FTE
A BIE S HAR R E . 4558 — I R BN T B R
AL, S8 FR UL T (maximum like-
lihood estimate, MLE) H1 41~ ¥~ 35 21148 22 25 1.

T

L1 o

A,,:7§ he Vi, j 4)
t=1

MR A TEELRTY, RS ER B ()RR
ALERAG T K 12 bR KA P 202K 0 2 K ) e K ABL IR Al
A FIHTBORANSR A X Al bR AN AL,
18 BB B R MRS U, ROV (5,), 2HEA =
(A RN E BB SO, 0 R s

VME(s)=c (sO+B 4 ye (S D +77e (S i)+ -+ 49 e(S )]
(5)

W, UML) RARN T 70 0 et AR — A 5% A3
¥, MR Rao-Blackwell & #, VML (s)H A /N
Br e EM . Frbh, HAEE4S L MC A1 TD Hirfl
T8 B AR KGR . 20 (5) R IHEE 2 A X T
FEWE A AL TH I BNE S HAT RFE RS BUHE .
SR V5 B AR UM E A v 75 2500 B o] Be RS
B, XFTi% MDP B KRR A =56, B
e R S R IR A TR AN SEBR . A
A5 — PP AU TR A i Ak 2% 23 U [ T R
ATH B KASAANME A T

e M — FORESFEAR I Al 1 2L S A,
KA T3S T — MG RS R, XA
(feRa L it A S P B BN L2 N2 a2 I
15> 2150 H AN ECHAR AR 0 A . Rk, AT LA
EAE M Z HRGHT, EEB % MDP k™~
ERBHENRESER . K5, HIXREEHURER
N W R TR A AE Aok s RASR AN AR R B A
HaEAL, R RNVME (s, WIRFR:



Eol

LA, SF: FETEREE ST BB B2 R 203

VML (s = c(sp) +ye(se) + -+ ¥ e (siw) ()

W, BEARBIE sp, 501, S PETEAL TH 2L 2
HORm s MRS He A2 .

4 EAPMARERIEN
41 ETFFFIR/MUERE SO

TEVFSL O B0 R T VM s, — R
W 5 17 VR S e R e A e 7 A
A {10 SR

7= argmin 3 p(s|saa a0
X, s RAERE s KBEMEF I a, a2, au}ITF
BHF ARG 30 (7) RIS ) A T
HMEFIALE DO IR, A5 22 72 () i 9 245 v A i 7 2
VR RGNS IR VS U N D N L 3|
— P b 22 2 25 R SRR [15] T B RR o sh A =2 1R
BRI SRS R EIFEN I, Wl A—
RYNHER A BEF RN AR (E 15 SE & gk A2
BRAe Py M B — DB EdEAT .
HARTME, ASCE KT M sk
SARXT T VY (s IR 3N 1
a; = argmin VM- (' (s,a1)) ®)
b, & (s,a)RAERE s RIS E a5 B0 H 1E]
RE, BPREE— BN E 2 BB B Zh Ea i £ 0
TG HIRAS P EPIRES . SR, ASGEd
SRARN T — R A d5e /MU 0] R 1 B S m A A 4340
s, :

a, = argminf/}yﬂ‘(s’ (s,a’{,az,--- ,a;’;l_l,am)) ¥Ym  (9)
X, s (s.a).ay, ., an) RAERE XS FTm— 11
BN 7> R WU BB (R af,a, - ar,_ s FEH X ER
m BN 73 4RI BN E a5 BT R IR TRDIR S
42 BRKXMURRMEREZE

WYL 1 iR, % MLPL Sk e vliate— 4
I AN B B8 U4 T 15 B 22 X 4% (convolutional
neural network, CNN), Vg 1 Jy ¥ 46 4 18 ek £ Al
Tho WIUGES S0 oA AT T Vi, M e- T 2R SR MG . B
P, FERE 75 e MU BT DANEZE 1 — eid U £
BNAE T LA 22 o B AL 0% BUBE B o 78 25 nd/USR I 15 4R
I, ZEIEME M AT TR IRE R, BRI
NSNS BB S 4. R G, SEE

SR ZHU B ARG A

F2 T oK, MLPI 532 R B SR 0 7, AT K(K > T)
WHHLRIRES R . BRSP4 1 FPRESAE
HEINIES = {s1,01= 1,2, L}, X S FI47 1 BE A 24
A € ={c(sp+y' clsie) + -+ ¥V e (sew)HE 9 fi th
SRR T — AR AR SED, . 12505 R 25
Vo, JUA K [H] (epochs), 53 E|IMME MLV, A 5K
LRI E R AL RE L. 25, 76 F—KIER i
PEARE, EEEE T - AEHARRX TV, SR
3 (9) FITH B IMER = A T W 1,010

Bk 1 R RLAR SR 1R (MLPT)

BB NS Vg, AR TV, B e- DT 2 S W 7o

B HENK S K =0

forn=0,1,2, )

WSR2 34T T RS 75

T
GEUF NI B L A LD 1)
t=1

T
S Hihij = hij+ ) Vi, j
B = hyy/ [(n+ 1T1 Vi)
PATK(K > T) P IEURPIREH
AL B o R P AR I B 46D,
15 FH D N5V, LK RIS 2V,
Ve, [ MBS AL, 5 F

end for
5 £ 0§

5.1 W PLEFNER TR

NS-3 W 28 AU 25 2 — AN 32 A8 FH 16 7 2. 42 1)
BB A7 AR AT NS3 @ 17—
Z W B S MR R, S 5a A 2] R IR AR
P (agent) M) A2 B HEZEUO FE 5 T — AN M 45 8% AR
P, %I 2% % AR E A B MLPL B35 25 58 G
W fEL 0 28 77 A B A 1) 2 B B AR P 471

FLARRUL, 120K 9] 286 2 — AN i A 4
AT AE R I 28, FEREAN B, 2K 2%
5 A WML 5 BA B 1) 2 2H A0 B B RS 4% 2% AR
o 2% % FHARERAS B 2 K Z2OIRES, 1™
A B R SR ATERIRES . MRS TG, B A
FEXT T YN 5 () 4L 19 26 38 28 SR A I 1) e /N 1)
B (e IRR), REINZRE TIAENE 241
R M), a5, a),). ZJF, HHEARPER X
R HBNAE 791 R IR 4G & S b, & 28 Hp L8
T 2 B E% HAE RIE S BAFI I AT 70 4. 2 RIE R



204 SRR = N A N =

#5114

B HENE NI BALE, M T — AR
t+ At EE FIRT HT R,
52 XWINE

ARSCAE— AN B 16 A8 20 AN HHLI
=B Zg sl MLPL 57k . TESEIGRT, 40243
T (A, IS [R] 43 A B 0~ 1 22 A [ 340 5 4 A
A, SR RE XM A Bk R DL B A
MR,

L TR A4 X 2% (CNN) 19 % N A2 3R 7 9 2% A
FURZS (1) 3 S FE, HT RN ). M B
20 N HALEI LG, NGB 6 MESERZ
2 A EHEEAE Y )5, i iZRE
. XM B 16 NMHMPLNG, KIEHAN S
FREW B . ZIIGBREE RS %%, CNN
S Hn 2 1 s, MLPL S KBS Hin % 2
FT7R o

®1 BEHRHEMEHESH

ZET= B3 E BR B R
EBRE 64 7x7 relu
ERZ2 64 5x5 relu

EBRE3~6 64 3x3 relu
EIEEZ] 128 — relu
AERR2 1 — relu
®2 MLPIEZENBESH
B4 ZHE
L2IEM AL R % 0.0001
R Adam'"”
EpIpuE 0.0003
LKA 256
[GIEENGR 500
renpT 0.99
RRRH 0.4

53 XfLEAER

¥ MLPI 57355 8078 1 BUE B L i i eh s =X
FAEHEAT XL

1) BEHLES tH (Rand) B3 SR ALBEHLE £ —
AR BERR R AL A A 2 4L

2) IIAEHEBAF (join-the-shortest-queue, JSQ)™*
Rk T AL B SN E 7, Sk

BULE A 2 PR B L ok 438 L T ol 2 46 ML B 555 4N BA
A1) B¢ L P SR A 12 4 2L o

3) Power-of-two-choices(Po2)"'™ &7k XT38
ML 5 BB B e S 4, AS L i Ja bl AL
HU /S 25 TR B R R e e %, P R IR B I ik
PRI N U 4 ML B8 A DA B T ) i R A% B i
L.

4) T ZR-RP AT =) (MC)!
Sk TG R T E R 2% e- T B (1) SRS K
SR 48 AT A B, FEAS B R A AR RS
R PEARE SRR N AN ML . X4
WA, MEM S FIIZE H AR A —ANE D E N
KRR BT AR AE . 7272 A — U S 1
Ja, AZEIEAN T ANE N 2% S B AT — 5 BEHLES
N

5) 3 T n-0 TD WA A T B 58 46 2% 3] (TD)™
B BELT MC, XHANRES, MBI 25 11125
H bR AE— K/ Fn(n = 100) B & H R B R SRAR
BRSO, BN ESn+ DN R ARG AE Yy
PrdnE M THE . B — I ZoRBl ), 1%
BIEPAT DBV .

54 SLIGZER

FESEEGHT, MLPI BT — BRI SRR AUD
RE BRSO . 72 CRIE LA, MLPI
LS AR 4, BEAT 20 AN BRICIR S #4720k
FOHOHAIMASEI . 285, MLPT HE34T 3200
WHWRPIRES R, XA TR U 2 I ZoR
Bl (23 1000000 4, ALE HECRAS) F RGN
EMI2% 10 Nk EL IZRTERE, N — 7 W 2%
RAETFR, B A ERAE I 0 X 258 X6 1 1 % e
SR S s AR WX 2% 200 ANEFRR,  ELE- T HER 4>
B ECRIP 3 4y A AR AR SR ROk, 1EAILAE S
mIVERERE B . BORIE AR ELIEAT, ERIFER AP
REAN P it
541 FHHASAEK

Bl 2 Mg RER, TR B 16 AN B
W25, T8 6 i KILAR Sk kR 2 J5, MLPI #k %]
) 1% FH SRS P 30 HE A 2 2L B0k B e s, oAl
XTTISQ A Po2 B A mlg> T 49 26.6% F121.1%
PIE o H St B3 Mg RER, S TEME
20 NAZHHLIN LS, 1E 7 IREKAUSR SRIG 1A
MLPI £ 2| {) 4 B 2% & AR X T ISQ A1 Po2 43 il />
T 2120.7% F1 17.2% WI~FIHE s 2. 4R,



502 1

LA, SF: FETEREE ST BB B2 R 205

MC B TD 5% 91 22 HEBA 7 LS SR 2 PR FF AR5
IR, JLT 3 N 22 S IS 5

=== MLP] === MC == TD
=== JSQ ===+ Rand ===+ Po2

S HEBA A 4 S R A
3
(=)

1
1
1
1
1
1
1
1
1
i
1
1
1
1
1
i
1
1
1
1
1

0 20 40 60 80 100 120 140 160 180 200
I B £/
B2 AEMEL 16 NI AL 1P HEBA 2 4 5 2L

= MLPI MC =— TD
290 ¢ ===]JSQ === Rand ===+ Po2
280 |
270
260
250
240
230 |
220
210
200 |
190 b

S HEB S AL HU A

0 20 40 60 80 100 120 140 160 180 200
R iR £/
K3 BEREE 20 NI HRATLE 19-F 3 HEBL 73 240 8 4

542 FHpmER

WE 4R, &0l 8 i KR s s kAR,
MLPI Y S4 31| 1) % £H S B AH XS T~ ISQ 1 Po2 43 il ik
D2 17.6% F113.9% 173 43 HAEIR o an i 5 fr
N, Znd 8 IRE KRR IEAR, MLPI HiEY sk
B (1) 1% 55 0g AR T ISQ A Po2 43 Bl > T 4
13.0% A1 10.3% [I-F3) 50 HAEIR . AT DAL EE 311
oy HREIR 1) B 35 5 ST 38 HE BN 2 2H S B0 T [
B —5,

42 + = MLPI == Rand
4.0 r ==-JSQ ===Po02

P14 4 SR /ms
W
[\S)

0 20 40 60 80 100 120 140 160 180 200
I R 24>
K4 BB 16 A AZHLN -7 /) LR IR

34

—— MLPI == Rand
==-J8Q ==+ P02

32+

3.0
2.8
2.6

P-35153 #HAE R /ms

24 | mmmmmm e

22 RS
20 t

0 20 40 60 80 100 120 140 160 180 200
I B H A
K5 BB 20 AN ST HALET RT3 5 4H HE IR

543 M4 Q&G w

Kl 6 FBoR T MLPI SyETE & gk S 4F T Uk 21
()5 ER SRS PP 3 HEBA A 2 a8 . AN sk &
[ 484, MLPI SHE$R 2 1 2% H 5w 1P 35 HE B 43
H B B AR T A e U R SRS o R R R 47 2
M, MLPT 5324 30 16 B H 5% w6 AR X oAt et
EE 7 R B P B HEBA 2 2 S Hof D Bk . 2448 4
N 0.8 B, MLPI B LA X T ISQ 1 Po2 HiZ
SPIHEBN A 2H S B B i 297 38.3% AT 28.9%.

600

—6— MLPI —A— Rand

00 5 po2 —w—JSQ

400 |
300
200 |

R B H A

100 |

0

0.1 02 03 04 05 06 07 08
P 22% 51 2%
Ko ARG T PR 410 %

544 REHHEZIER

TEXS AN i VAR AT, Il E A
I R IA A B S 2 AT ISR A, B BT
RSB35 2K 45 2] & 6 B B0 T S AR HEAAT A .
w7 s, B ARERE A 16x16 i FE, H
Fij N ICR RN A B B i L AL LR
77N BAF ST 24 HEBA 43 45

K7 Mg RER, EE DB, fEidsRE
(IR 2025 BAB R S L B TE58 AN B, MC
SRR B 2% pH SRR T 80T — L ZE M A BRI AN )
WD B =AMEBL, Po2 LT E
TR A, X% R R A1 4 4%
Bl — Le g ZE A F LR AR BA IR FE S B X Fpx



206 R N

51 %

BB TR R R A FHBRAR 1 M 2% i, 3 0o 4L
FEM 2. X2, MLPI Sk i KA
SRS T IR BT BAR A B IR

MLPI

oo

Po2

MC

OO

COZPWROO—NLRAOS =W
oo S Rl

a. frBe1 c. frBe3

b. BB 2
B 7 ASTRE% SRS T 25 BA B I F 35 HE DA 43 41 50

SR ALSE S A MC 8L TD, 7 2 5 52PR N 2%
AT RE A B ISR R E R AR, X7l
i FE rp B2 P E ML IR MERE . MLPI %18
TR S FE R R % 5 B ok, IRt FEA
S0F SEBR I 2% B IE RIS AT P AR T4 T AR 4%
AN [A] Wrth  FH P BRI AR ) A fan ik 55, MLPI
SRV — P B ST ) B e SRS 27 ) v

6 ZERIE

AL HE H B KABUER S 24X (MLPT) B35k oKk
fife 22 [ B X 4% 73 4H B P IR) R, MILPT SR T = 2K
R AR B T 28 KB AT S VP A . O T R
SOk S, MLPIL R F 3 91 e /NG I 5 V6K 52 4% (1)
A RA 0] 5 i — R BT AR 1) R AT
R AR . FE T NS-3 258 UF SEAREL T I A e
(e R AR, MLPT 2% 3] B 8% Hh 5 08 BE K X 4%
HH BT 253 HE BN 43 4 BEORT ST 28 43 2H 48 3R 43 Tl BR AR
2 21.1% A1 13.9%.

2 £ X M

[1] HE K M, ZHANG X Y, REN S Q, et al. Deep residual
learning for image recognitions[C]/IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas:
IEEE, 2016: 770-778.

[2] BAHDANAU D, KYUNGHYUN C, BENGIO Y. Neural
machine translation by jointly learning to align and
translate[C]//International ~ Conference on  Learning
Representations. San Diego: ACM, 2015: 1-15.

[3] HOJABR R, MODARRESSI M, DANESHTALAB M, et

al. Customizing Clos network-on-chip for neural
networks[J]. IEEE Transactions on Computers, 2017,
66(11): 1865-1877.

[4] GEBARA N, GHOBADI M, COSTA P. In-network
aggregation for shared machine learning clusters[C]//
Proceedings of Machine Learning and Systems. San Jose:
ACM, 2021: 1-16.

[5] SINGH A, ONG J, AGARWAL A, et al. Jupiter rising: A
decade of Clos topologies and centralized control in
Google ’s datacenter network[C]//Proceedings of the Con-
ference of the ACM Special Interest Group on Data
Communication. London: ACM, 2015: 183-197.

[6] ZHENG W, CROWCROFT J. Analysis of shortest-path
routing algorithms in a dynamic network environment[J].
ACM SIGCOMM Computer Communication Review,
1992, 22(2): 63-71.

[7] GHORBANI S, GODFREY B, GANJALI Y, et al. Micro
load balancing in data centers with DRILL[C]//Proceedings
of the ACM Workshop on Hot Topics in Networks.
Philadelphia: ACM, 2015: 1-7.

[8] PUTERMAN M L. Markov decision process: Discrete
stochastic dynamic programming[M]. New Jersey: John
Wiley & Sons, 2014.

[9] PENEDONES H, RIQUELME C, VINCENT D. Adaptive
temporal-difference learning for policy evaluation with per-
state uncertainty estimates[C]//Advances in Neural Informa-
tion Processing Systems. Vancouver: MIT, 2019: 1-22.

[10] SUTTON R S, BARTO A G. Reinforcement learning: An

introduction[M]. Cambridge: MIT, 2018.

[11] LITTLE J. A proof for the queuing formula: L=Aw[J].
Operations Research, 1961, 9(3): 383-387.

[12] CASELLA G, GRAYBILL F A, BOES D C. Statistical
inference[M]. Pacific Grove: Duxbury, 2002.

[13] RAJESWARAN A, MORDATCH I, KUMAR V. A game
theoretic framework for model-based reinforcement
learning[C]/International ~ Conference on  Machine
Learning. Vienna: JMLR, 2020: 7953-7963.

[14] JANNER M, FU J, ZHANG M, et al. When to trust your
model: Model-based policy optimization[C]//Advances in
Neural Information Processing Systems. Vancouver: MIT,
2019: 1-18.

[15] BERTSEKAS D P, TSITSIKLIS J N. Neuro-dynamic
programming[M]. Belmont: Athena Scientific, 1996.

[16] ABHIJITH A. NS-3[EB/OL]. [2021-09-08]. http://www.
nsnam.org/.

[17] KINGMA D P, BA J L. Adam: A method for stochastic
optimization[C]//International Conference on Learning
Representations. San Diego: ACM, 2015: 1-15.

[18] MITZENMACHER M. The power of two choices in
randomized load balancing[J]. IEEE Transactions on
Parallel and Distributed Systems, 2001, 12(10): 1094-
1104.

% B XX


https://doi.org/10.1109/TC.2017.2715158
https://doi.org/10.1145/141800.141805
https://doi.org/10.1287/opre.9.3.383
http://www.nsnam.org/
http://www.nsnam.org/
https://doi.org/10.1109/71.963420
https://doi.org/10.1109/71.963420
https://doi.org/10.1109/TC.2017.2715158
https://doi.org/10.1145/141800.141805
https://doi.org/10.1287/opre.9.3.383
http://www.nsnam.org/
http://www.nsnam.org/
https://doi.org/10.1109/71.963420
https://doi.org/10.1109/71.963420
https://doi.org/10.1109/TC.2017.2715158
https://doi.org/10.1145/141800.141805
https://doi.org/10.1287/opre.9.3.383
http://www.nsnam.org/
http://www.nsnam.org/
https://doi.org/10.1109/71.963420
https://doi.org/10.1109/71.963420
https://doi.org/10.1109/TC.2017.2715158
https://doi.org/10.1145/141800.141805
https://doi.org/10.1287/opre.9.3.383
http://www.nsnam.org/
http://www.nsnam.org/
https://doi.org/10.1109/71.963420
https://doi.org/10.1109/71.963420

	1 多阶段网络的分组路由
	2 MDP模型
	3 基于最大似然价值估计的策略评估
	4 最大似然策略迭代
	4.1 基于序列最小化的策略改进
	4.2 最大似然策略迭代算法

	5 实　验
	5.1 测试网络和路由代理
	5.2 实验设定
	5.3 对比方案
	5.4 实验结果
	5.4.1 平均排队分组总数
	5.4.2 平均分组延迟
	5.4.3 网络负载的影响
	5.4.4 负载均衡的效果


	6 结 束 语

