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A STUDY ON LOAD BALANCING ALGORITHM WITH
LIGHTWEIGHT AI

ABSTRACT

The base stations in 5G wireless communication network generally utilize data center network to achieve
the processing of various applications, and the load balancing algorithm employed in it is the significant
foundation that helps to realize its features of big-scale, robustness, high-bandwidth, and low latency. This
thesis deals with the general load balancing problem in data center networks. Under the scenario of the
Cloud Radio Access Network of the fifth generation of wireless communication system, we propose a new
paradigm for a combination of load balancing algorithm and flow scheduling algorithm. The system is a
hybrid model with several hierarchies, namely centralized flow scheduling component and distributed load
balancing component. The centralized flow scheduling scheme employs the state-of-the-art deep learning
algorithm, Deep Deterministic Policy Gradient and Stochastic Policy Gradient algorithm, to solve the problem
of assignment of rate limit, queue priorities and path selection for the long flows in the datacenter network
and the thresholds of the Multi Level Feedback Queue commonly used in modern commodity switches. The
distributed load balancing algorithm, which addresses load balancing problem of narrow sense, utilizes the
recent model DRILL proposed by Soudeh Ghorbani, aiming at achieving lower flow complete time and lower

total transmission time, not to mention the raising of rate of link utilization.

KEY WORDS: load balancing, reinforcement learning, data center network, 5G Cloud RAN
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L1 PREWEsET 5

T —RGE A ILEhEET, Beas M2 (cellular) 5% Jo2k #1322 A M (Radio Access Networks,
45 RAN) fAHE ST S 2, B SEUEA W7 & TR STHRSE . S [ R e i
S5 A SRR . BBl S R S A BT, SRS S8 A LA A e AT
AL I R . A T ARSI E S AE S e diRe, B =AU A shi G RA T2
B RGE. SR R IC (Remote Radio Head, 455 RRH) 5 54{7{5 5 HT (Baseband
Unit, 45 BBU) 435, {ff RRH 0] DA 4208 e Bl 35 TR 2 R AR by, Il Y 2F i i 3
P RIS R (PR LACKBULTK) MHRERY . BEE 4G MR I FSm g, e
W 2 e i AR ARG, AR B PR T R RS . SESRIAE . 4K SKORBUAISE I FH A iR K DA
R 8 e ) T A AR B BRI T W IR 2 208 35, 5G WIBF R TAEC &) iz 7. 1Fh 5SG k
AR, Cloud RAN HTELILEAMEIAT mHA, M2 BBU £ 2| —A BBU jth. @it ik
HIEE O M 28R, Cloud RAN fE8E BBU i) BBU Z [RIE A KTNFE. mTHE. (RER. &
IR . BN T I 6 5 SR M ROR ASE BB S R SR RO SR 2 T 2
FEARIAFHIIATE . FEXFRHARZE T, T BBU 7 55 75 BB He R R 1 — Ak T RE 78 55 O VG
K2 (RI—ASH P A —4 RRH Y42 55—~ RRH i}, i /5 %4809 %1~ BBU #£[7]—1~ BBU #fi
HOM s R G0 PR A AN ) B IR RT DA 7 BBU Jih B8 RyG . shAS H b W) 23
B SEEAS DASRR D

1.2 ENAMIFTEEAR

L5 w5 I 2% P ) S B R DR AT, WIVINKIRIR B AR )32 B 58 AR SE
SR hEEML . X, Lin Al S. Wang #£ H1) Cloud RAN H1 )54 RRH YL HI7E % (& R 48
RER M RSBl T 52k 945, C. Ran 1 S. Wang 25 A MR — AN 4 H T Cloud RAN H il Ffd:
IR AT R S 45 A R I B 0 A P84, M AR TR BIERE, W E s
JINK 78 25 1 IR DA SE I R e 1 11 2R A . C. Tsai FI M. Moh 7& Cloud RAN 84y T H#E T 8 FhPA
B4 EXI™ (Internet of Things, fFK I0T) Bl R LR A HARK) kMR . X R ESE R
FTSEE SR HaHR 5 BIE A S B0 5 (2 4, slas R T8k [ M AR SE i el i skimg . 52
FJZ, B. Shahriari Al M. Moh 7£#B4) 1] WLIW S AT 5 T HE i — ML _E2%>) (Generic Online
Learning, fijFK GOL) Z4t ] DAMR LAY H T 5L i ffse 5G Cloud RAN Ay a3y i in . Hig, W
B TAE 2R B o0 N 25 T R IR B R A5 A7 DR e 2%, S AR 42 2
S BT 1) % B W ZE M SRR . BB B R IR B O S B B o, — 22
A (W1 Hedera, Fastpass 45), I ZE05 EORSEM TAEd ORI BEE R, X%
A DASEIE ) 4 R B ER A, Eha Te , (HR T R B R R s R AR R
o MBI EYE (W1 CONGA, CLOVE %), BATH AR E B AL E ki S uk, B
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BARAER , (EXF 4R s SRR AR ORI -5 T el DR 7t 58 B0 ] /4 H At
[, SZHHAL ZAF R R BRG] ) iz TS, Wei Bai 5 A S PIAS ZEHFI ) 2456205 15
BB, SRR SE S AT A ARIC, $ETT TR R AR . — B0, H AR Ty Ak
SR RIS S BN P S — TR AR RSk, ASCH T IRGEREE, 1
B—GERG, WEIEARY R

BTS2 EIY) GOL R 4GEH i R Y27 > S e N TR BRI 4h & R 3 27 ) 5 ik ) i — Fh ke
RIMATIE, RER LR RS R HIE L —. AT AlphaGol™ HHE MUk T A2 T
RIS T, SO E H AR . a2 I SIS ol e g o] o FER R4, B
ARG T PR S B ShE ABCE IR AR . FF 52 BIRH B A sl AT . 1Ry ) g
PR S SR A 5 TR B ARR A M o i TR SRR A I A L A A 2 4 2l A5
PR, BRI TG, AT EAUE T RS I S R R L AR A B
A4 SE AR TR R Y O AR TN AS , AR AR Tl AR 4, e L M 4% coflow
TR REAL A

13 ARSCWRsE s K 4181450

7 B. Shahriari fil M. Moh TAERYE &R, AN 576 R A IR BE850 24 3] (1) )7 4482 T+ Cloud RAN
Zbey P R BRI AR YR MR RE . I R R 2 ST W] DAEREE S B 6 R G0 R0 I s A R A R AR B
GAFAERIRE ST, A5 BISRaF >) R GBI . B SAETIAIRE T, PR R 3] B AR Y
W, AW SO S BN oR2E S R, MR TEREUR RS . BT RIS IR~ >] . actor-
critic $E =I5 T AT GG A 2 4 15 = R aE S IR SE A 45 =3 HE 5G Cloud RAN Hi 7
BTG, AL B AR U B, RIS T A R e B A LB i R SR AR B A
R I, WS BAERAERARC . SR AN . AR e . P2 EORSE
G—RYNRE, TEX 5G BT RN EIRE HOE T EANIRZ G B 0 53k S R R
&y, Il MPTCP, CONGA. Expeditus. LocalFlow. DRILL. PIAS 2&; 45U/ 284 4t =1
REEMGRR2E S W IR R G, ARG A A7 B R 7 T AR RGeS, D EERSR . HRES
MrEENZ R BSS4S, HXTETASURHE— B BTt — 2 AR
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S W )Rk

Hnmee o) R, R BN THE 28 A, AWz, AR
RJGHREIA, FRXBHWM L, Tl — e Ry ) i . SR p g s S A
RZ, HAFE 2016 4EH1 2018 4E 45T T NS AR AR T 2= A FIAT I 1) AlphaGol*!, 2%
AR RS AR R T 5 Google Deepmind F1 OpenAl FYBFSEE IT1ETHRAL B O 45 Brilfxk
Atari DA} Dota2, H3R15 T A UAYRIN, X L6 2 it ENIZEA B 22 h T8 B ST A, A
IM— P p e QM N SR, Rl Al e A 2 20

B SI A S HERER SERHOR I B A —, BRI S, BWF5— agent Wi 7E 58 B3R
RS — R AVEIE, ARG SO BRI 8. — MR, 1A ) R R AU A — A~
IRV RS, A VAN RS S, shifE= A, REFERARE P A—[E R ek L
r: SXA — Ro MWTARES-SMES BN LB 51, a1, 82, ao, ... 57, ar , IRESFEFEWE R LKA R :
Pr(s;ilsi, ai, ., S a1) = Pr(sesls, a)o 24 agent FEARTS s T k4 T3 a, BRI FRSEAR 5] 1) 5 Ji
i r (WIRERHUE) AR s XA IR, agent BB Jr PR A oFms -

2.1 e R A= 2]
2.1.1 PEPEERIM DQN

BT R B a2 ) R 2 DA T LRl . Q-Learning, Sarsa Fil DQN. X HLK{E il O &
For, WAVEL O(s.a) Ryt JPIRAS s FIELENE a B BRI . AERES 2 BAISh 1E 25 (8 A BRI,
— BRI 2 B0, BIZSRMSTE R DIRES T SRR R i 2 il (A 2 M) s, 3
TR S USRI Y Q BREIC N Q7. WIRIRATAFE T O, ABARMEHI IR S AR e
ARES s TR DTAESRN, BIEdRfl O S KIBIIE a. PILFRATH H ARt 4k 8] — X 0 iy hr
AT, FERIRGTAERIS AT I . 5 BB ST A S 17 A i) S B TR S AR R Q (B e
AN, FATFIAIHNA Ty, I250H

Q' (s,a)=r +yrn+ 72r3 + )/3r4 + ... 2-1)

Horp, y 428 TR s T Q BURTARRIFRIE, [R5 T agent FUFIAR SR B A K IR ARE S, 1
FRANTBCE v MR/ NT 1 AEG AT PARF 215 i g e K

Q' (s,a) =r +y(r+yr + 72r4 +.)=r+ yméix Q*(s,a) 2-2)

F b, EAE N IIRE N (Bellman equation). T AT AT DARF 2222k 5 HU(E eR 50 d =X
O(s,a) = r + ymax, Q(s,a). Watkins F Dayan jERH 75 DRSS R 2 A BRI, HEARS-3
VEXTERRE AL B, (ELPREL Q #EVT ALSIE] Q* . Q-Learning 1 Sarsa FVAIM i 7EFRGE H 1) KRR
ALK O & (BIMEREL, —DPRRES s BF, PABHE a ATHIZR) IR ST, HEEE 0 .
SRIMEF RO T, RS E A RA R, S O Falbd— KR RMFE, AN RE-E X FE
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states as DQN hidden output for
input layers each action

s
6.y

& 2-1 Deep Q-Network £ #) &

—IRERFFEFH P, FRATHE, B B R T AT B R BT, R A A
LM AAGTHE R AL Q. XML ARG s, Fyth X3 E a BOEREL O Wfiliit. anpE2-15T
N, HHAEMSAERZIEN, X EE Deep Q-Network (DQN).

2.1.2 L4l

RUEFATAI A AR 2 M 28t O (B, (B2 I Watkins F1 Dayan [ 458504 857 T - Volodymyr
Mnih SERFSEE R A NS FORERE Q RARUEM© . IS5 A T — LRI I 25
R AEE A ARALE, Hit & 2555 (experience replay) .

T agent {27 ) i fe v, BAERARES s THAT TEME a, WBIBIEHEEE) r HEERETF—MIRES 7.
HEFIXMEREEEAEEN: (sars), HFROGEAGEZIE 24 (74— Bk ed
WX 2 SR — k) IR A A IRk online ). BT MM 4N GE BT O(s, a) TRAH .,
AR B RE T BRIAIEME O(s, @) 9] r +y max, O(s', a) AWIFELL, W 2 RHELIZISHRE, agent kTS
THOREZ R IERE R, HE 0 SR ) S USRS S ARTITEX P online Y27 > AFAE A — L8 ) -
(s,a,r,s") PUTCAH I T2 EEEL AR/, BT AR PR B, PR ] BE 2 S 0k 28 9 28 1) i 40
AVABCRREA REFIZALBE S WA BN, X2 T PTd R T—k. &5
LA AT DA G e A 3k A ) - Sl ek X SR AR A, e > I AR P AT DAY T H
JE BB minibatch 130 BE DLS BT 28 280 OIn A 238 [l 1 ) DOQN AnF%2-1077R ) .

2.1.3 Double DQN

FAHiE, DON T2 Q-learning (W R T max, Q*(s,a), MAENSFEFH Q BMHEZ
W L5 FE 24 BIDRES O FE R BN, A2 B RE, A2 O Bl max A ATREELE T O
B RIS, B F 6T T ) A 22 0 4 B B S 400823717 5k overestimate 178, Hado van Hasselt
5% NAE 2016 4F3@ 15| A Double Q-learning™® £ 1 T Double DQN'! [, R & Hbffoe 73X A A1
AATTREJE K DQN (] ] — AR 8 I 256 88 . PPN SRS RE 40 B8, FE CIFZ0 R4 B ZE0h 0, 1)
HORT online 128 W 25 A HE AL O FISHCH 60, AR 248 AN Z RIS I(E (RITHEE: loss RASEIR

5 4 10 3k 39 11



HEZE R ALK R BE LT

%) 2-1 Deep Q-learning with Experience Replay!”!
Initialize replay memory D to capacity N

Initialize action-value function Q with random weights
for episode = 1, M do
Initialise sequence s; = {x;} and preprocessed sequenced ¢; = ¢(s;)
fortr=1,T do
With probability € select a random action a,
otherwise select a, = max, Q*(¢(s;), a; 6)
Execute action a, in emulator and observe reward r, and image x;.,
Set s;11 = 84, Ay, X;11 and preprocess @1 = G(S741)
Store transition (¢, a;, 1y, ¢;41) in D
Sample random minibatch of transitions (¢, a;, rj, ¢;+1) from D
Set y; = { T for terminal ¢,
rj + ymaxy Q(¢j.1,a’;60) for non-terminal ¢,
Perform a gradient descent step on (y; — Q(¢;, a;; 6))°
end for

end for

6, LRHBEIE I 1) 4 ) . 552 TR0 1R B — BT 6,y 6 ERiBHL. LTI, 6, MR
AR Y0 R
Y= 1y 4 yO(sy41, arg max Q(s;41, a3 6,); 6,) 2-3)

Horpr 2RI RJE), argmax, Q 2 6, LR T L afEm et XERE N Q-learning AH[H , It
AL SRR M T W 25 SR G S SR e el

2.2 T ORME I iR 2]

BT E R B 527 ) RS RN 2 45 E HORES T MR Q {H, agent ¥E#% O {HECKIY
I (RIS T) o SR TE KB SEAIR BT SR Y57 > AN SRS Bl R R (A
1 e BB LR Eh AR, BB SRS AT A . BT SR (i iy >) SR He i Hh o P2
Stochastic 75 &4 31 1E2318] A _LRARSR AT, Deterministic J5 A E A H 301 a A5

2.2.1 Stochastic SEME RS )5k

TEMF T, agent BIYERIREAL (stochastic) WS m(s) HeiE . FEALIEIS IR EUE T A H—
ASBAABIE, TR AP ERRR 1, TSI ERMARREZ A 1. RATRM #(als) Fomik
s FHEBFEIME o WAEE. FRMS, KIE 7 HARKMAEE, @ TEARSES s Gl ra T
RESNTERIAEE . SR o WM R B0 SCRH AT R i 2 -

V(5) = Exo)lr +yV(s)] 24
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X EFATDPRE s TR PTATTRESIIER r + yV(s) BeoP3y (MBEA B8 « 73 5hRATE L—AM I
BREA(s, )0 A(s,a) = O(s,a) = V(s)o IR, XAPRBIIESCE: MIRES s T REGEIE a w7k [H]
WEBIEE R EHOIEZ B T 20 SIaEATH p RFARIREH 01, RIS AR, T8
2 p" WRIEHIIRS IR, o7 WRARBOLHMS o R PR3 5 Deep Q-Network 1
KR, FRAIFRERT AR 2 (S8 0) fliitoeng (BI—DURRES s M L ShIERRR 1
o kR RR AR < agent W] DA Hh SRR T — 221 Bh 1. b T Ik sems, JATHFZE
SRR S IR pR AR J () -

J(m) = Epso[V(s0)] (2-5)

J () ATPAIREA TN T A vl BEARI AR RS — SRS RERS AT A AT 0 [ i ) P39 (E . ARYESREME B
SERRNOT FRAVHITE J () BOBERER] AR 55 i R T A X R ) -

Vedtm) = [ 576) [ Fuma(als)0™ (5. a)dads
A
= Es~p”9,a€7r9 [VglOgﬂ'g(a|S)A(S, a)]

A2-682 MM TR M S HOEHRITT[6]: Vologme(als) ARES s THEeFESNE a MURRIE N Tr i,
A(s, a) REFEZENERIILE . TIITES AR w215 21 FE -39 [l 4 9 2 B9 Sh RO 0, 1551 e-F
Ll S AR DB A FRATASREXH B — RS RISh AR SRR, FATTER i A K
MREAS, X LEREAS IR -5 T R (E A B AR A1 (PTIER agent ZERRSE Haaf 7 I BB I RS AR
FI RN o™ Fl (s) BITEMMZEREAS) o MFRATIER T agent 1 JRBEZ HIVUICA (s, a7, 5) B,
IR0, FATH R AGIHE L TR AR RO 2 M SR, ST RIS R L

(2-6)

2.2.2 Deterministic 5U%EEEE 5 i

Deterministic SR M J2 2014 4 Jc i David Silver 28 A3 Y, 15 8 T —Fhok g
PERWE a = po(s), RIPA 0 ASEUIWFHZE M PUIRAS s A, B EIME a. FRATE SeE SO 1 B
ZIFER ST ER - (total discounted reward) r)':

P = Z Y (s a), 0 <y < 1 (2-7)
k=t

15 Stochastic SEMEHEIE I IAFIML, FMT5E SL— T BERNS R IR R AL J (o) = Elr] o] (LT SOBERZ
TESMG po &, MAIIRINZ] ¢ = 1 THIRH R BERAIIE ) AT RS D10 oMo (s)o XRERATIA -

mm=£¢memmm=&wmmwa (2-8)
Silver 245 JUIEI T H s L) FER B RE 20, TR T (s P BB By T -
wmm:/w%mewammmmms
S

= Es~p“€ [VHﬂH(s)VaQﬂ(s, a)|a:;tg(s)]

W29, JATHRE BBV LRI B L FIR RO 2 M4 28, A agent FEFRSE 455
R (s, a7, s) FEASPEAL SR o

(2-9)
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— Policy ———

Actor

TD

Critic error

7
- Value
Function
i

/

state action

reward

—[ Environment }4

A 2-2 Actor-Critic 25 #) &

2.3 Actor-Critic Jj i

I JEH (L R AR T SRS (00 5 T 0, FRATT A B AT A R e I 2 Al R R
WLBANAWG B LS Gk, AR R4, BEAGTHRIE A B ST SR i M R g X
P RZ A Ak FRATFE RSP B AR e o] DA ) R R ARG — LA A~ H AR AT A
R EMVEACRIER, AR I Zhad A o R R e 1

2.3.1 DPG %k

David Silver 25 A2 ) DPG (Deterministic Policy Gradient)!!!! 38480 J& 1 & PEAY actor-critic 5
V% . DPG RS AR A7 i fif e 1 SL sl A 25 18] _H ) i) @, S: 22434 on-policy Fl off-policy PHiFfi. On-policy 5.
W eritic TEAGTTEERME R GX BT H— AT S EM R L 0 (s, o) B H S B1E
YrEBREL 0" (s, a), HE ] Sarsa BEXFHSEHATHRT) , actor 1757 8 1ot SRWE A FE S VA TR HE e 1 5
W& po(s). Off-policy F3% 5 On-policy FYEMAIR Z ALTET critic ISEHEH AWM T Q-learning .,
Silver % NiE i THAAS 2 1 B SRR I pRE J i Bp Y (n=2-1017% ), H1 1k DPG 51 actor
ST ORTFr 1 [ i 1 100 22 7 R 4 =X U AT ) actor 40,

VH” J = Es~p“9 [VO“ Q(S, a|9Q)|s=s,,a=,u(s, |6"‘)]

(2-10)
= ]Es~pf‘9 [VaQ(ss aleQ)ls:s,,a:y(s,)VQ}, ,u(s|0ll)|s:s, ]

2.3.2 DDPG ik

DDPG (Deep Deterministic Policy Gradient)!"?! %y 2t Ff R B #1425 %t DPG (Deterministic
Policy Gradient)!'!! /i Off-policy BH¥EHY &, ‘5 DPG —F:#R)E T actor-critic 2.5, DDPG —3tA4y
FrVUAAH BRI UR B e I 2, o A2 X DPG Hi 1 actor 0+ Fl critic 62 2 BIHEATA TR 22
W2, 3 ANFEAN SR H W23 s e $E 5IF 4> B ALE] (Double DQN (IEAR) (A H AR 45 0+
02, YA, o+ F1 02 FBR B E2- 1 58 MUEHLE], XSHCAZEH Y (i ai, iy si01) PUIGLH
REEHK/INA N [F) minibatch, DA B[R] _E &R AOREAS Z [B] A AH S Mt R ) I 26 3 UL I O o critic
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W25 B4R PR L T B AR N SR 220K, e 0 R 69 B E AR v, TR R4T0M 02 1A
PRELQ, FEXF T EZE . actor MZESEYTEHT S DPG k= 2-1041[A].

HARM 2 604 F1 02 (IZE R —F i S gLE], s E o, eNS R e RE o+
62 i 0 — 10+ (1-1)0, 7 < 1. XEWE BIRMESE a2 BR I, X aegde %I
R R EPENY . 4T agent WLZEH (RFREE 2 R 4ERRE M FOR 35, R IR BOEHE 72 ] GE A
AN BT, PRIl A — A I 28 RS ) RUBE B i A\ 64 T /8B IR MERY . Timothy P. Lillicrap 45 A
FHHARAEL SR (batch normalization!™) fifidle TiX— i, FEARAEMTEE T, MATRSHA L 0,
MZERIFTEZ . 00 MZSHI I 2N A THREL, 0] T 22 5EH W 2Z (covariate shift) 751l kit fe
MY, BET AT AR LR P B 2% (gradient vanishing) [\, 7341, SRz 1E=SH P RA S
B agent XFEIRERA R, (BT DDPG 3R A Off-policy HLifil, agent %t T-HEEMI#RE 55>
SRS BN, BT A] DAXT SRS | AW, RS 2 R P A — I S AL A N SRS ) -

W (s) = u(s6)) + N (2-11)

Ho N2 —FhidE T agent T Ab45% 1 Ornstein-Uhlenbeck 3 #2114, % B 2 A IR HAH GME, 1
GFHaRE2E ) )3 5

24 A

ARZIS T HBIES 5t N R a2 > 55, XSG SO R A X B e s fE 25 8] )
AR E XTSRS BN, o, AERBITIREM MG . S8 RS . actor-
critic By5 55 N 5 SRR T @ A SCHE H T R A R G H B EE R DA, FESEUERNSF
B, TR O M2 R I I R SRR SRR S BRI S, R E S G R AN, e
By A R AR K B RS T
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N

%54k 2-2 Deep Deterministic Policy Gradient!!?!

Randomly initialize critic network Q(s, a|#?) and actor u(s|6*) with weights 8¢ and 6~.
Initialize target network Q’ and y’ with weights 82" «— 02, 6* « g~
Initialize replay buffer R
for episode = 1, M do
Initialize a random process N for action exploration
Receive initial observation state s,
fort=1,Tdo
Select action a, = u(s;|6") + N, according to the current policy and exploration noise
Execute action a, and observe reward r, and observe new state s,
Store transition (s;, d;, 17, S;+1) in R
Sample a random minibatch of N transitions (s;, a;, r;, ;1) from R
Set y; = r; + yQ'(Si1, 1/ (5:4116*)|69")
Update critic by minimizing the loss: L = & 3, (y; — Q(s;, a;109))>

Update the actor policy using the sampled policy gradient:
1
VH”J ~ ﬁ Z VaQ(S’ a|9Q)|s=s,-,a=y(si)V9“ :u(s|9#)|s,-
Update the target networks:
09 — 102 + (1 -1)0¢
O — TO* + (1- 7)9"/

end for
end for
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=% 5G Cloud RAN iy fa#k ¥ 1y

3.1 JokredhilifE R oyl

TES— NS5 TR Shd fE , #ess 145 (cellular ), B Jo i A5 AM (Radio Access Networks,
415 RAN), 2 A B AR SR, AR IO e . A . 2SR R SE . BRI, o]
RERER A7 MR B . B3 SRl R S A IR 5 AT T, SR S 1 L G M LA % i
BT AR R R . A TR E SR A BRGSOl AR 1 AR
Ui RS . SRR PIRL . OC (Remote Radio Head, %5 RRH) 5 A (550 (Baseband
Unit, %5 BBU) 43, {ff RRH A DA Fe AR 2 e Rl 85 T o R R )y, i id e 2l i 1%
FEPE AR AR (WA UFOKREULTR) MFERsN. B A i S i LAl b, Cloud
RAN NELIEAMGIAT mAR, % BBU 4L 3|4 BBU . lid WAL MR,
Cloud RAN figfg#E BBU {1y BBU Z [AIHISZ(RIFE. wnlEe. RER . marsiiids. eNi 7
TFHCH)F- 5 45 SE BEAUME SR PASE BB S RO SR BC T S5 2 ) 1. SR EORIFAFRIRSE . A
XFHARZER S, T BBU W B 56 A3 Fl HEJsOR i — Rl Frig B s e B S22 (Bl— M
—/I> RRH P45 73—~ RRH [}, {lt§] 5841 P4> BBU FE[R—> BBU i !, #e55 R 48 hii i
SN 2 IR AT DA AE BBU St 8 R G Y . B B 1 B Sy B RR A AR e

Virtual BBU Pool

cell

i 3-1RAN (4£) 5 Cloud RAN ()1

3.2 5G IR B0 2%

UTAER, BT BORBEZS (b A AL U HL IR S5 e 17 =i . 2 IR S5 IO AR H sk, ATz TAR
Z BT R B rhoL o B v Lo R IR 45 A 2 4 Fat-Treel'! . VL2U7!, CamCube!'®!, DCell!™,
BCube™ Al [ ¥ R AERAE R, Az RS FRB R TR R

3.2.1 MR

MR R], Bids L] 2 S DAL R . DAIRSS 0 R DA A 2 =R 2R . 7E
PASZHHL N D BB, SEbLN T H fIER 55 4% 2 18] 14 22 Sl e 3 4 A S R B e 5 HERA
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MR 5545 R DBy 2GR 55 AR RS AT STl RRIR A I AC IR LI £ €0 55 AR 55 2o Al TRG 2L
ZRA A I IR 55 25 5 AT M DL IL ) S B i e . B AER S5 AR Rt 2 AR SR . P FE
AT B SEAL 28 B 1 -

e Fat-Tree: Fat-Tree ;& —Fi DASCHA A O Z 2450, HIGFMATE] FrA=)Z" edge, ag-
gregation Al core., YNEI3-2f~, XT—A k X#} (k-ary), Fat-Tree $£417 k 4> pod, £F4> pod
HMZH, FEA S A B kAN 7E edge J2, SCHRBLK § AN 0 %8
ELBMSAE, FIARN L AU aggregation EIA KA. 1E core EIA L AL A
BL, EE LA — i S k4> pod W) —A> . IX PP REAS AR A L iol /) 33 25 A2
AT, (BRSFEEZ N HETH.

3-2 Fat-Tree %2 # (B # k = 4 44 1E )10

e CamCube: CamCube J&—Fh PAIRSS %8 A ORI 25 0] WRIRES M . B33 Ri & 27 MRS
#3119 3D-Torus £5#44 . P. Costa FEIE SCHHEH T —Fh T4 (key) AIM%%, iad{#i ] CamCube
1 API, REWS 7570 A H 25 0] A 25 A ) D0, 3548 A BRI IS AR B TT 80« [RIES R TR 95 2%
MBS /N T AL, X AP b LB RE . CamCube [ 3= Bk S THIEE IV H, 3L
Pt R AR MRE, BN EIE TR R,

-
S —

I8 3-3 CamCube Z2#), ¥ & AR 5 208

e BCube: BCube J&—Ffili I IR 55 ¢ 5 A2 #a b Ltk [m] S2 PUBCHR %6 & IR A TR . L AR T DAk
I 5E L2 BCubey FHEEHELE— n il I AZHALIY n SRS 2841 ; BCube, H n >BCube, 41
B, EATS n A n g B UA%E; BCubey (k > 1) Hi n NBCuber—y A%, EN15 n* 4~ n

55 11 51 3% 39 11
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vty 1 AZHA A% . n=4 A5 TE AN 34778 . BCube 244 R] DAABARTT HH2 AR = % 43ty 5
(bisection bandwidth), EIER TETE MBI TREE Z IR T M 55 #2582 L 42l 48 (NIC) .

3-4 BCube 4y, BhHiERA I, B A RIS B

3.2.2  FwmFFE

B DM s T ERE AR, AIHRIE S A B R 2R TR, FIRERE
JESEBTRA F AT A i R R 55 o 3l X T Netflow!?2! 1 SNMPUT 2524 i ity 734 ] A 3]
Bt DR B, BdErb OmiiE HA SITEEA X Eafdidl, 3T 80% M
JETHHUZRA N 55 SARAIALE ol AR oLy, 40%0-90% F & 2B E A A U HILAE A] . X2
H1 T 50k OB I AR i 8 A A LR DARE SR ML A B Bt (e o 28—, BNk
R BN ULKB), I HaX 85 R @ XN AL A T (meta-data) 33K, K
AP RESERL /NS 100MB £ 1GB, JLA~ GB i b . 26 =, RUE R L iy KR Fdls
TR/, SRR TR i e i R AT A A, RIR BRI R 2D 20 1 e o S B
gre wJE . PESOAEEE O R AR T BRI I R R B, TR R EOR T
R (heavy-tailed) Jrffiff. SRMLEMRRTR RSB . AR .

XEF R DI IE R, BRI, BERGHEHAFN AR, BRI iprTE R,
THEZRBA K, R R S TR E AR, 54, BRI T 2 T
PRS2 G B0 2 B R R IR ) T0%, SRTTAZOHERR I 2 B R AR P
Wk, Bt E R L mE - ENRMUNTRR K, I LGz H 5 BB o b2
WX, FISh—MRHMER, mTPIZENE, — /N SR e P D A SRR 2 T E 2
XA D T DA G G 2 Y T B I SRR AR AR . T, AP O S R IR A2 R B
B LAPRIE R T REVE (R A SO SRR T A E RS T DR IR IR B, T BRI 5 25 3h 454
R o FA 7 B S I A SR REAE X 19 45 AL B 0 AR A IR R DU PR S o BRATTE R 2 R 4%
RG> BB A —SERFAE s 1) R A AR B B AR T4 5 2) ARPRRY S IR IE AT LA Bk
FAN AT RE T EBER AT 3) BERISTIT 2 SECREIEER, FHRCRE N TCP fTERE; 4) M
25 B TUAR B T DAV BB IT T R 520 . BRI, M T AT SRR L S i SRR DA B M)
P b DR TUAR RS . 02 PR 24 BT AR SRA T2 S8 T S BB AR 1) I 465 ) v A 3 A Ak

FH12m 39T
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(IS 2 AR TR 2 IR AT ) o — NP B 24 25 P ) LR i v o o 2% A AR
FRAUE, ALY, 24 AR % ) o JBE A% O ORIt I DA DRy B A/ N s B4 RES)
ASHORTEER A WTUEAT SEHR S, RERAR S | i 280 DA™ A BERE L.

3.3 B

FEIHER NI VORI RIRE . EFTET AT BT REMARS P (84 258
ZR PR ORI % P A5 e S S ) - B D R (R S5 AR 2 AR B
BIREWRESTAESE) . TLEFERS (LBEIIARMNEETERS) . TEARWIGERT, BT
HLIMAF B bR, BFFEE NS0T TSR QIR . WX LR AR d AR, R RAYHR
BRI IR T AT E T DL BT 0 FLS R ARSI SR B A R

& G 55 I 245 T ) S BRI S VST, VNP B0 AR SR 5 AR SR =R
ZhilfEM 4. i X. Lin M1 S. Wang $2 i) Cloud RAN A3 RRH YHRHLHITE S & R G RERUR
R ST . C. Ran Hl S. Wang S5 A 75— REHRHE T Cloud RAN HR i R (3 7 28 4y
Bk AR e A A AR, AR TR B, WE R B A N
(M RXIT DASE IR S fu k5 . C. Tsai Al M. Moh 7£ Cloud RAN 4244 R LA T 8 FhI AR ARk
A 7 AR S AR B S B R o T AR SR B SG l F ARGE AR o0 0 2% R Y 67
HIGM R, X AR GEIC IS ARG B R MR AMGE 2 BTTE .

3.4 BlhirboDmgsrf g B iRk

FAVANE, 7F 5G TELMME R G, B O W 4502 E il B AR R T B SSRGS 4, X /)N
T E TR L R4 P B BTEIR o B L P 453 R A% b 2 AR IR 70 5 (bisection
bandwidth) i 5 JiJ AT ) # JRE AR ZRST SR B I 265+ B M 9t DL 22 Ak AR A . BT
(L7 Eiok €7 IR G R D416 i ¢ i SO S I = B o446 SR LRSSk R b YN 1N E R T
S5 HCRRRAR L W 25 TSR R v B B, B AR S B R W T I A S

341 EX. Hbs5FE2b%

75532 SR T 24 rh g i R P ARSI — R AR A IR0 RS 22 T AL I A o el o
0 265 1t U B2 1Rt R B A0 MCF [ R ) S G-

e maximize : Z Ui(x;)

b Z f;,\ij = Z 9VV’ S,d

u:(s,u)eE ’ w:i(v,w)

« X fsf;f = 3 x,Vsd

u:(s,u)eE i:s—d

'Equal-Cost Multipath Routing, %5 > ECMP
2Multi-Protocol Label Switching, #5% > MPLS
*Domain Name System (DNS) delegation
“Internet of Things, #i% 4y IoT

SWide Area Network, #i’5 5 WAN
SMulti-Commodity Flow, %5 MCF
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° de;f < cuv, Y, v) € E
Serh, FRRBRAL 3 UiCe) 10 TR , EIVCT R R RAR. x B 1 1Rk,
o R (uv) FEITETE, (s,d) (OFE T WITEHELRLE AOhE . GO AE A R _E R
TTHEBRSMIC, SR SR HE R A (RIE MCF RS0 S U, 336 2 R S5 D S 15 A0 % o e Ay
Koo ST, LREHEAFMRAM EHBHIL (0 TCP) P, fE—MHAIEIE LRy
N%M%%uﬁﬁﬁ@%&%ﬁ?ﬁ%ﬁ%ﬁﬂm%m%mmma%*%:m%méﬁfomﬁ,
1 MCF [ /2 NP-hard 1150, e AE OB SA0 IE 6] P B O, SR A 0 o B
RN 27
Jiao Zhang %5 NP8 B, O PO )46 S0 B 51 T8 FL AR DASY DU REERE. TR
. fERL.
o FEVERE: FEUERORIAL R R VLA EARMBIA SR . QIR SO, O b0 KA Bk
FURCAHY T, PSR P 2 0 BB T ML X P AT L o R[] T R 2 T 1 2%
R (A fTSE S T4 ), OO JH P 3 S (I SR A B, Amazon (RTABFIS H , 45
100ms (AR i 4x S ECHY B R 1%, FESRA E 3P 2R AP MRSV , BV S TP/
[ 7 T B SR K MR, T BB 5 R 2 B
o FIPEYE: BRI OBRBEZ M, HABOEER R K. BT RZ R
IR R A RS FUT (5 ., A0 CONGA I i I35 J AT LAl 4% B R (R JE RS
L2, MR ORI, AT RETEE B RGR AT LA R % AT AL 2
R FIARAETTY 101 CONGA J% 2 R NI, T8 2450 ) = e, 4
SEA BT ATV HE T A «
o FfebE: DA B 0 AR AT, BEBHUIT 5 S L SRR I I A %2k 2%
PER BRI SRR (T 2 S B AR M O | X2 B0 RS B A . b
IR I RGE48)J2 01  48 7 S HARUA FUE . L AT PRI 7 % — R (fH—
AL i B R A I P I 4IRS , Y4B A S P S R, oL O £
SRS DA 3B T s 53— e S LA A s M O I35, 4 15 4 ol
P L 11 58 O T PR
o RERL: HCHE L R H RS2 B 960, b T i B B 4315 S 2 4% 46 i
B KBETUAR SO B RE RGP A 6 BF SRt S T LA R 0 Y B K
WML | S — O P U I EA T I SRR UL B . 5 BT PR R RLTRG : R
W TAE BRI, PRI AE B PR e (WIBhASRESLAFIALE] DPM) , DA I BE A Ot
B (W2 AR IREEHLH DVES) .
— TR, SIS DS A R IR R P A
(1) Wicebmsisfs
ORI BT T B AR ZE T B (GRS FIFR 3 . RPN SE R %) e B B A,

VTR IO 2 2 I 25 R oG T IR - E RS RT (s,d) L s R d o TN AR R BT S0k s BE B R R H9 223U E s d &S A T
OESTS

2Flow Completion Time, f&#5%5 FCT

3Explicit Congestion Notification, %5k ECN
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R UL B — A R AP PR B B PP 2 R RN SR B AR, IR B R 2%k
P e B e ) SR . ISR ZE S B i iEA AR =26

o ELT TCP [FJR4E: TCP K& 1 AN MK ZERIAF T, I H 2RI B 30 2L DL 23 ik
INFIZETT . 3T TCP 1R4E 7% (i MPTCPBY, CLOVER! 48) F i 5 TCP = TCP A5 Fh
S SR ZER 0L, ECN gt a3y b F g —FifE 2.

o RIRHR: BRI Ak E A2 0] DA f AL i R S B I B R . BT AN B R
CARREE L, AT DATE R 45 AN [ By &k, DA SE A 4 it i~ 2 ki
Rk, BT EEERN Y (40 Hederal®? | CONGAP”! | LocalFlow!®¥! | Fastpass™) gt
EL R IR E P WTR SE S 00, 3 S AR M 28 il R 2 o X2 R H ) OpenFlow
AL B SR E A AR AR, ELAE S BT ] DARE T XA A

o THRHUIBAIHC L - AZHR AL A7 A T 282 it i A e WL B i i) B S . BT A4l
BRI K B 53 (40 Expeditus®, DRILLET) Fil i 4% b 2 e bL g BAA K B2 AR 2B % 1) A
L R R B XA AT I A T8 8

(2) 1k

TEARBEE O M 2R ) 285 B S, SRS A AL ) 75 20 B8 i) B 23 A [ i B A2 DA SE 2R

AR FEAFRY SN, MBI EAR S BRI A AN, USRI R ER Y
UEE

o PHFER/D : BFRARRERE Jr SRR B I 20 BE B B AP FE M BERE b o PR X by = RT DASE
TR A I AR I 2815 SRR A5 126 2 W BRI AE b XAt (1 CONGAPRT,
Expeditus®") [k B8 546k A1) 25 14 7 Fsf ) 55 YRR P 2 DR 5

o BUDIGPHZE : T ARME S SR AEAE B R R HERRAEL, o5 — PP SO R B I 28 0 ™ R
1B AR BIP ZE TS LR Bk A 125, RIEHSUD T DS T A A2 5 S 0 TF4EY (40 MPTCPRY!,
DRILLB | Hedera?),

o WM AR EIAR IR R RN — N N B R A AT TR R AR . TR R
R BTN, FERE AR RS A i . R R] DR 5 o ) K B i
5 R SR AR A iy 239 5 4 i, BFP O (40 CLOVER! | Presto"!) (1)1 BE 37 EIl 4%
PEAEE ) 52 1) o

o EhArEE: DA EAR BN =005, X TR A At B AR R A BT, X T RE s
FURTPI AR oL P rp A3 Bl O B T A T3 A U A B ASS B & Jey et (A

Fastpass®*!, LocalFlow®),

342 Bdeont WAN i bu e

TEARZT7 M, i b 0-5 WAN A s i AU AR Y, FRAn e e 5L, e — &1y 2
XF 2 AR BRI M S A, AR H Z A AR Z YA ]
o WAN FH) [ 28 14 DS A 5 i AN AU, 1 53l oo Lo 8 ) 5 S A T e AR, RIPE B R 3
RG] HIHER 2 equal-cost [, IXHRAL 1 Xk 205 S /D 1T SRR (AL A

!'Software Defined Network, 45} SDN
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o WAN R BB AL 5 A [ ) Bt 2 B ARE (F RN, AL G O B8] AT A st S RORE AN ] 485 A R Al =%
B X2, FERGE O — 2, SRR A, B A RS e, X
PR TRIAL T AL

o WAN i 55 5 B (1 28 Al 5 SEAE U NI BB RO, PERA o sEAE R B oL BN
AT B BB RO R ek, B 2 A i S B HI i mT REAE 28 AP INF 1] AL 2%
T, BOMESRI R BERA SR A8 S I AL PR S DL .

o WAN Ml 8 b filge, R a5 SECABOICER . BRI XEAB R b, 0% O
R — Ll g RE5EH 4 SDN, Rt 7Dzl gy, DA I8 4 /R Bt AU 5 4
B, PR AT AR B A S I B R

A3 e WAN HIEE o 2%, 0] DASE 5 I L 1) 8000 o0 W 28 S B B A Rk B . LI

KUL, Bl DR 2SS AT N, Bt AR AR, AR A B L, 3k T B A
SRE T EZ RO

3.4.3 ARSIV B TIIL

AN A SR A i 73 S A G AR SRR 1 S B BT TR o X PSR 14 32 2 X5
FET A —A PO H e RN IE R BT S h Bm ikt . XA hCHLE] L b el nT A
B oA R A NE S, (Rl RS BN R Rl s s 5 5, ah, Rk
FRT P VL P8 8 A1 T 7 RN, R 04 v s 2 i S A AN 2 i S N A £ 5 A AR B CHfE Hos
W2 PRI S o Pl T AT AR G S B R SR A i AR G B HAILAL , AR TT AR S
MR RAE I A o AHIE R A A B R A FR R BT, M3 M T ie iy (AN BER 1 i
IF AL ) SUARAERIX o

(1) Hrb Xt

o Hedera™: Hedera /@ —/ FHH 0 KA AL B & th XS0k . T ECMP R REAR i b Ab 3

REHAL, B2 SRR, Hedera 42 1) T — Al i B R Aot Ho ek Az,
PASR /N FEER 100 26 1) He B R Ak . BT, Hedera 155 — 20 R FE I e S LAL AR R %K
YL, 26 AR R ICRE R i BB e, R, P EAT S AL b A
o TERI AR TR B, O A S AR S e A LA F 0 e b M DO D8, 24— B
AR T R AR R 10%, MO ER— KRB . KB R A WAk )&
PLSEPE BRI ILE KRR . & RSB BE N KB B— AR REAS A A R B A B, X
Py G A TARTE BB R 2 vh 24 28 SRR L SR AR R DA BB PRAUE B A O 5k
VAR 2 IR AT IR AR B R IR R R B Ak, I eI —1
P DAL, X AT DA I M il O 3R R s ) o X R SRA R UAL P — i, SRk
AL TR BT R 5, A REAH R A5 2@ L OpenFlow HM3GHR
BAEA L. YAERK &R T L, Hedera il (0 T4 8. AT ZR45 1Y 2 J2 3% %
KA PortLand® fHiX — R, (i AR ERTE %] 734 5 L Hedera H ECMP R H
o, HHCKHIFE i 32y, I AT i AR i S 2R B -5 i AR G AT RSt i i 22 TE A
Ko aJRLIEIEBt SRR KRR BT E BT BRI 2R, AT AR X T A B
LR EOR . R, HARITA BRER R 2 I8 B AR R, Hedera w1 R AN 77
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BATRERAERIN . 7350, BRARY— RIS EE R RS, B4 2 EE R
e, XeFE-MAIRER RN G, BT R, EUERES KA ] LA
RPSERL, U5 Hd AR EAERARAE T 5 20, W Ede oM 4, FFHE/NE 200 Z 7
e R B, (EOX GBS IT R S8 P b AR e ok e ME S B

Endpoint Arbiter

Host
Networking

stack

Destination
2 ‘ and size
ECP »  Fcp Path
client < Server Selection
* Timeslots
| NIC | and path \/

3-5 Fastpass 5 #)

Fastpasst™: Fastpass j2&—MRE A B IS MILE], ERF (s hil A & i A AR SS & AS
FI s D 45" B (zero-queuing ) . Fastpass 42 il 75Kt G 14 Ak i IR M (e i B A
H AR BRI 53 2 B R] Fr 43 BRI B BIL I 3-5 . o, Fastpass #5108 (JE3CHiFR FCP) 1
DA% F R A B T SRR B (B P A B e o o B I 2 P X — 8 -4 o B 5 0 Ak 1
IR, PASEBLR/ME FCT B E AR, B2 i/K & UL - FE— R AR T3 551
BB B BT K, 50— RS E T — A mHE b B 25, e
R E A BC TR RO (L E B ik kA, SR e Th i ek (A—
NV, AR S g 6, SRR S5 RIS E AR ) o BERTIM 2545
HRAEAL , Fastpass SR ] replication S DARGH HER WiT ol E P dil dsry th S . FUAINS, m&
Gl — MR B LR S B 2%, LRI ASe il A, BUR A g 2 il
[ v = 11017 7 o b = s e VB2 L 0 SE R  ElE  Eia e P Awe T U i
gy, 5 B — AR TCP H SR ES AR LU, Fastpass AT AR 2 36/ BA
SIKEM FCT, Hik 28 s Ar it & . Fastpass [ 1255 U2 wbE RO, A RIEAL . BT
HR L P i 8 5 2 R L g I IA) R 5 Ak %A, Fastpass B BE 32 %2 4 g i) b 2L
EPEYTE o BN i A 0] DAAR B BB RS A R, (BT 2 i R A
RBP4, AP TSSO RE 2 OIS, D] RETE B2 44 R Ty
BrlE. ZHEHI RS A R O ) — S 2 H TR AR 400,

(2) A X Dy FATIEH2-ER TR S B BT RE , PRI UA R C AP ZE R

A AEPLE, BT ORI ZEE MU R T R R 5 =R PR BRI T Y
PRI o

o MPTCP: Zptf TCP (J&3LHIFK MPTCP) J&— R IR I ZE(5 EACE AR 2 Bt SR L
B i AR GE ] 22 2k MR R B2 THERSR ST MU 98 . $ Ak . MPTCP (i /]
SYN Sfeffii i il FIZ AL, FEMEhESE TCP 5, % M hn s SYN JH 25 HIR 55t KA 1 #i
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HM P bkt sl TCP St 11, 3XAF AT DAGE F R[] TP Mokl sl 1 #r BANG R . FEfL it fE
A MPTCP 1A HARR I P21 S5-I 43— 0285 1 . itAh, MPTCP 201 TCP 1)
—BURFE, LAMEZAS TR R AR L i H e, 5 TCPALL, MPTCP k4T T
bl b DR Fr k. (H MPTCP A A R 1) $dfa b D M5 B R 7 Bl Ak LR,
REEAT A TR A A TCP RS SE PR EHIIN T FCT. F3AMERLEIET , (24
HEEE (S0 AR AR EL ) BB R D B IR 2t - 2) MPTCP 752y 1R EHOBT
ECMP FLHAt gbL ], G RIELE Tl s I B 2R AR b, HASCR & T . FMTCPHY
il A-MPTCP™! J2 i A~4% MPTCP #:RESE THI L -

Application
- | socket |
Application | o |
Transport . &
Network TCP1 || TCP2 | .. | TCPn
Datalink ' ' '
Physical

& 3-6 MPTCP f£thil#k ¥ 8915 %

o CONGAP7': CONGA J& Wi Jz2 M4 (leaf-spine) 714 MM Z8 15 T Spe 0 BRI AL o L v 5 4
s S b LRI T FE I B SR KSRl SRS AL AR e SR B 4 R E (S L, R
AATTBE VT T —Fh RE USRI 45 s A e WL i 4 Rl 2645 B R 40 A U035, AT R A VXLANI!
FE IS AK BB R RAE S, B VXLAN S sh g Ui, R0 2805 Bl 41
Pt A B 48 s A LA 6 B PRI 25 et A T O SEEER I ZE S R, RN T
BALLED B I FE S . 24 R L BASC Us E B —Ki% % . IbAh, CONGA K8
T4 flowlet DASE B K o, S HER AIRLBE 1 B3 i H Ak . — A4 flowlet Jg iy 45 s S2 46 bl
SRR, B2 A T SRR £ 2 R A s ) 25 R A T B A8 S B R A HE AR s, ) D
BRSPS flowlet, 750y [R]—A4 flowlet. flowlet H -4 s S bL 4E 4™ (198 FE 475 )8 %648
E— S E R DI AE AT 145 . CONGA 5 ECMP #il MPTCP ##47 THERELLER, 45 B
CONGA 281 T ECMP Fl MPTCP /0% FCT (FE Al S 2 A2 4 7 80T 55 HA o
BEESWIT LR ), HLAE incast 335t T CONGA F)#5nt /& MPTCP fY 2-8 fi5. #Xifi CONGA
BARRZAL: 1) BT BSR4 S A LR VXLAN B3k Ef &, 30T B B g
L SEEEE R AT — € R 2) CONGA AT AL L AERIHE (Bt 2500 A ) Sz
FRMRE, ATHERALIE, TREX BRI NI ZEC AR T 3) BB
BALAL , RN ZE(E BE A HALT 8 R LA FIe R i) — 4 A%, AT 15 AT 2€

o CLOVEPY: — i, =Ry bl i+ A 38 U M S Berg , i =X 43y

'Round-Trip Time, fAjfiA RTT
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Per-link Congestion
Measurement

Forward
Path Pkt

FB_Metric=5
Reverse A\
Path Pkt

= < Congestion
\\ Feedback

\ Leaf A
1 (Sender)

Leaf B
(Receiver)

Overlay

\\

LB Decision y -, Network _ -
~ i > A A A A\ Per-uplink
/ Uplink DREs LBTag
Source tﬁE e Destination 01 R.N/ L 01kt
Leaf . Leaf 5 3
Dim—mo S8R B) v Deeos ~BRE[ 3
‘ Gap ‘ 8 o 3
LB Decision Ll
Flowlet Detection Congestion-To-Leaf Flowlet Congestion-From-Leaf
Table Table Table
(a) CONGA [ 28 414 b
(b) PHZERR B

3-7 CONGA #4 £ &% #)

Hi s TS T B WL B i R S AR . I, CLOVE S&EAE e e WL ak ik b T8 ek, DAEGR
PR it R GE ik 3l . CLOVE TE4 3R B IARMER) ECMP, il it 7 A2 LR 8 el 2
PR S ASE AT WL A 4% 1% 8585 . CLOVE & =ANF35R, 1) 42 %Pl CLOVE
HH A LR A28 e s Yty 11 bk i) 5 2RI B A S 2 403k, 2 TR A2t wT DARE BRI
Hidilk; 2) flowlet: CLOVE R flowlet DAsEE % 5060 17 S HEHAE A B LA K I flowlet; 3) &
AN ZER#E B : CLOVE i REMBGR AILHIXT flowlet HEA T34 . A WA 7 LA B B AR E - 56
—Fp 2R A ECN #i4 2€. 354 E ) CLOVE-ECN; 45 — 2 (il FH A P 90 48 3 0 457 A kG
S S B 6 #1321 CLOVE-INT., i 454 i /x CLOVE-ECN fefS7E h 58U B T i
T FCT (17498 (X ECMP); CLOVE-INT 4% 5 CONGA (3B ML (RISHEXT
PREGEEAERTARI P48 ) o ABH T IR ATA Bl do O R B b BOR . FER R ML
AR5 T R CLOVE FFZ#E—2 1R5T .

o Expeditus®!: 7EfI4N fat-tree!' F1 VL2U7 ZEELT Clos [RZEAE fr, R4 s AT I L AL 2 54
EEEEEFERENNG, B, Sk EARMESE RES/IMEFE . N TR A HE,
Expeditus £ % fat-tree ZLA4 4 T F5 1T —Bk (one-hop ) $HZE(E EREFN I H Brik i (two-
stage path selection) 12, 1) FZEMEERE: FANZHABEZIM 24T (B B i) L liEsc e
BL) SRS RSB Z IR AT (A B lEscebln A &) psEss A%, T B 5
RS ER kit 1 (egress ports) #1IZEAF G RS HAME, Y—MdEM—1%
O AL, AR SFRIC SR T v 1 R S A% DAL TP ik, 2 5, iR
B HH NGRS, ARBUZ DAL TP Mkl XA 6% R R T . 2 5B
F AT ALY TP MR 40 B O TP kil , 8900 ol T 5 R, SR (5 BT e
GREL ) MR, SE, DGR SR ARSI AL 2R Bt A 4 2R 4E
M AT I 2E(E B RO SR 5 FR A — B R A S sl 0. 2) k% Wil Brik
P& AR AR T R v B H 0 v 0 K B AR H s B JR e ) S I B AR . FIERIRASTR,
TRHHAE A PZENE S, SYN Fl ACK-SYN i i ECMP #4171 h#% k& . 7655 —FrB:, SYN

'In-band Network Telemetry, f#iffly INT
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LAY S BRI 2805 B 2 H A G b, AR SYN W5, B4 sl
AT AR SR SR G S AL s NI E R ST B4 . AE58 BB, SYN-ACK a2 #5717 i [l %
KEEARRIIE R BB i A S A L. 205, 24 SYN-ACK HEA IR R A ALy, =2
BBl g B A DAL i AN ZE R Ak A, T H i i SR G S B EAE SR — BB
B IR, T fat-tree BYZGEHRIRAY SR A S WAL MBEZ B € , I AN S S AL T B4
e R BR AR IR I SR A A2 ML . Expeditus 7EH45 A fat-tree WFH 444 T 5 ECMP 1l CONGA i
THEREHR . (FEEH R B/RTEARA R T, Eepeditus [ FCT A1 38 H ECMP fil CONGA
BeAk T 25% % 30%, {H 2 Expeditus X iU I 28404 M E B M 2K

core plane 1 core plane 4

aggregation i
switches !

ToR !
switches !

& 3-8 Expeditus a4 ¥ #4-2% #)

Presto”: Presto [f]#£R ] ECMP HL i 52 I AR Bt M gbd v it 22 45 2 ) Bt i B A 2 46
Presto [ 1T KB, FEXTFRIMZS , WS Fr A BRI/ MY, ECMP [ EBL28:
A, BRI A KN AR E2E 78 /N, BCMP 3 180 R 1 st & B e . Rk
Presto 55 i 20 B 45 K /N floweell, 144 (113545 e [ 45 1 | ECMP 43 %% » Presto
R TCP $df 4 B i KA 64KB 12 floweell FERIANA/IN, SEBLT 0 2% Hr IR BE 11 11 2%
A7 . Presto fRZICHR A 8 H R SCHFALF B A M BOT R E M4l % . 5 ECMP
FI MPTCP #H I, Presto 153 15 R H it A1 B0 FCT. B ml DA S 25 bl D A I BT I 325
IR, IFAER FIBCUE B L i T DA B ARG 7k . [HJ2 Presto FEALFRIEXTHR 9 45 Frf
RIE TR e 58, RIVEE IS5 R DAKE— 26 G 28 I ZE 00 B A2 L B & LAt i A2

LocalFlow™!: LocalFlow j&—/~S:8L7E OpenFlow 3z 4/l b A, & x4 4
TRV A SR R eI A 33 DR R R T AS B AR AR ) P 0 w0 P90 2% 22 B AR — A
A AT XA S ) _E R T BT E Al A%, LocalFlow 78Xk W 2% i R LA AR 4,
ELAAE R TEHE A3 DA ] . LocalFlow 8 i A 24 PUAS A BRIOIERA: 1) XHg4
B R (A8 ) 5 2) [Wl—H bk 8 e R & i — A KRR, 2
S RBIRFA B LA bin, Hord Lo i 0N, S8 W %454 bin AYR/NPA
WD ECED: 3) SR bin KO/INHER 4 A bin Bt 0 RIS D), BRI
I bin P4 BT TR L WG 15 4) PS5 H7 OpenFlow e fabilf% & % 1 2% H A AL

'TCP Segment Offload, fAjFiA TSO
2Generic Receive Offload, fi#jf% GRO
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FHEAETTIES O N —RKIEEMEES) o LocalFlow #f1'T TCP Hiify R4 dup-ACK 1[5
{EARARIH Bt (L FEHRAY SATHT S0 . LocalFlow Rk WT@— MEXFR M 2% 1 Al PARE MCF {4k ik
BRI DI BEALH] (WITE fat-tree F1 VL2 $Fh iy 1024 AN RG24 R Haietl) « #E
H BERE BT E R 2 R G DL, LocalFlow WL, 5 MPTCPS8 A>T AR I
. SEbriz i, LocalFlow [ A it h 2 A 2R AR 23], X2 i T4 AR R
PR 75 20 . LocalFlow 1 22 FEHE T8 Hoe UBEGE & TXIFRI L b, fiIan, 24705 513k
HERWTT S E I ZEC KR, LocalFlow AREMRPMBALEE, HIHJARERRIFRER, W ixgidn
JiL A A RO I ) ATE B BT A9 R5080 I 245

Control

Core

B 3-9 LocalFlow ¥ #91%5 A M &AB1: KA 4-35 2 e pLay fat-tree 24

o DRILLP": DRILL j&—f Hiz AL LA A B o i S bl . & 48 o RE S RfE Bl
o PR AR RGBT AY , SO LA 2 B PO 2 SRR R . S 4, |
a8 T2RER, iTaclg s, AR TAER , B AT0T AelR B A [ 4
FERG AR IR , T REOX e AR ZE . Z BB T HEBDSAL cp <Rt J1 i iR
&1 DRILL F H AL A LA A5 B S5 T —Fh B R B ML) - 24 %50k 6151 35 DRILL
H BN SZHAILAL , AZHRHLBE LB AS 7T Ao 11, REE AT BASH B 5 — AN 0 S A g 11
A, ZJEEdR M = AN 0 T S B D A 1 k% (e sk D2 Rk b — Nt
3 1) o« DRILL %A 804N 25 PR TN 7 B0 R 2 S5, 30 T3 A R B s h
DM R — M. FESR R, DRILL fEE AW L T ik %] T i CONGA Fi Presto B
/D) FCT, H. DRILL jR7E incast 375 T . Presto f%dii 0 FfE ¥ /0. DRILL 4 = BRH & 1
TET SEbrd st N2 RE R IAHG 7 B & U B I 4

3.5 BeirboD g ity i

UNHTITIA , b o W 2% ) SR R A SR A T SCER I JE £ R RIS AT LAk SRy s e B 14 [P
BAR, HAEH AR RIS E . B g FCT. Fi SCH 2 AR RIAE AR 25 (H R
I FH T A2 AL ZeA7 (buffer) BASY AT Z8 S ZEIRDL , SR E AN IR T 3R T 286/
BAB . el S AL T 5 J5 BA R B A A P AN RS AT 1 22 5K, Bl R 4845 Se AL ) 4K
Pt SCH R H R 32 BRIACR A T TCP #pi% . A7E 2010 4, Mohammad Alizadeh &5 A gi# 3 Zodla
Lo 2805 TCP PI3UHEAT 1 8edt, FIH ECN AR RUBHLE], $&1 T DCTCP!, N 7 22 bl xd
TRAZMBTR, BAERR AR W DMRER A B/ NG . R, MPTCPRY)
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IRedf TCP Mhs g —Fhik ik, (HU2 di T MPTCP Jg—FPlk T i R4E (Host-Based) AR,
EAES RIS SN 25 1) incast, BEHABEIRINT F HAERRE . Wei Bai 55 A\ 15 2015 4F52H T PIAS
BT, FE b RGNS HAVAL B 2 IS, FEABE B i S AN AT R 1% LR 61 DCTCP
P (FZE20 T I ECN) Flist e Sk T FCT [/ IMBIREE . T 495 2 A L T
BB AR ALEE, S SRNANAERX Dy, AR R 2R S HALAL HEAZAT S i AR At
IR, KFIEtH R IE B R R EERR N T 391 -

351 s

X AEAN ] 1 ) 218 S 4 AL e AL BRI A M, FRATTRT AR LA R GE b CPU X T
PERE AL PSP P Z 2 R Ao X T — R — A CPU BRI =, AE— i fE] &L
CPU HfBALB—ANHEAR . o T AR P iR, 2Rt ig A sst e MR B[R izt 2 i,
KL CPU A 2. TR FRRFRZN CPU B RIAR], HAHRA W BEFR20M VO #2152 H.,
fifi CPU e A R HEARR (] Ul ig CPU AR BERY T 2R M/, CPU UERE IR Sk i I IR 2
TR DA b
o CPU M Niff CPU RUn] fiE—ELAEAL B IEAR
o fFMEH: BLIFEIN CPU SE Y MR
o JEFEmTIE]: IEREPR A B DA S M B ), AR SERRRE ANATE . AEIERRBAS I 2E Ry, CPU
FEIPATIN ] . AT /O FY IR A]

o ZEfRita]: FESEREBAS S AR IR BT, CPU S YEXHEREAE CPU iz f T KA
Wi, FON AR IR ] A 5 R

o MRIFIE]: FE—PRERGE A, PEAERAHYIS AR CPU f5 By A i 1) ik 7] 222 g Rz 1]
HIZ AR nT BEAE CPU Hiiaf 720 LB

352 HESRIL
3.5.2.1  SERNSEIRS R E

SER S 55 P B S R — b R SRR CPU R EERE, BN Se SR iR g (L S 40 i %) CPU,
ERAR e e B SIS, 24— RERERE A4S BAS], B R PCB RS FIFO MR 42
CPU $f758—MESF 5, CPU ML B #ERR, SRR MBS iR . SR FCFS Sk 14 45
e, Bl TE—fhdet Bk, — B CPU gt — A iife, MIRIg X AR
CPU Fizf7Z Kif(a], CPU & E 5 M BRI P& 1L 8EE K VO, [IEI RO, BAR, 4
—NREER (TR A MB 55 LA GB) BIAZHAILN, #7R ] FCFS P REAL i 2 i ok — 4%
AR KIS TR ZE, [ FCES 8 B AN TE T4 oo 2

"Multiple Level Feedback Queue, f&#: MLFQ
2First-Come, First Served (FCFS) Scheduling Algorithm
3First Input First Output, f#j#i} FIFO
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3522 ipEEREE

R R PR RE SR SR R I AR GERCVT B BN T4 AL S PR R R e . 3 /N
W) (2 —FZR) DA B BAIIBE AE—EERBASY, CPU JAREHLHILEIGER AT
TEERIMIC, H S E] R Be4h A A ERR . O 15K BE RR BIEE, H5ERmids BASILA FIFO A7
fift, Z IR BB BAS R 5 — AN AR T Afia AT — NN A A I, MU . RR BRI PERE
ST I E A SR SRR BUSAROCHAE RES U FCFS 583k, HUZ IR A A 2 )
B, PR IR AR BN T TR SCUI I TE] - CPU YN R] 2R e UERE Rl g U . 2258
e, RR VEEFE T A P-4 S 8] FRE i .

3.5.2.3 ARSI E

B A eI R R i AR 452 CPU ST 58— IME S5 S5 48 CPU M4y R B CPU
X tfe (AR F—4> CPU K[HRKEE, IFARIGIZERHR R BRKE) . A2
SRR, W FCFS AT k. IR SIF Ry, RIXHF—4g @ nitfs, SIF SAma5fs
I (AR o T2 PR R R AR 2 A R, LR S48 15 PR ) ) /0 A K A 5 R [ g 48 71
IR SEPrRTE O, FNRMERITE T —A> CPU X[AIM K EE . —FhJ7 ik il SIF I, sl ad fil ~—
AN CPU XK (Gl T S 2 i) CPU XA BERFEECF3 ) o AEUR X T 250 v I 25 B R/ VR
HRES (ME3-10) BRGNS, A 52 HtlAb B wim o & i H a2 AR, a2k
FRECFEI B, AR AT RERE R — D FON 22 R RO KA (BB — AR BRI ) . T RS %
SO R SR B P AR SR, R STF 78 A O3 5 N IS BRI A

\

B 3-10 KA = & A

Q\

3524 ZHIIBNITAE

2RSS (MLFQ) 1 B F K 2 BAA 4 W 22k 7 BAA o AR HERE ) 116 5640 4 T EI AH 1
BAZ, BEANBAF A DA 45 B S R BE R, i & SRR RN IS & AR T DAA UPEAN BB s i & F AR
i RR 53k, J5 &R A FCFS 53k, BuAl, BASZ [AHbA7AER R, 8 R A e I e gt 5
J&. MLFQ B 5E T AR A F T S40e L

o BAIIE

'Round-Robin, fiF7k RR
2Shortest Job First (SJF) Scheduling Algorithm
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o HPFR M HHE R

o THEEIRL LB 4 1F

o FEREVRARMIL Sy 5% 11

o PERRFE A HE ASEAS BRI A 25 F
MLFQ {7 SCEEISC CPU R e i R BUAILA PR A e T ARIC B PATE W A5 i R e i3 55t o 7E
Kb o A 285 S LR T i ) A BT DOR A MLFQ A, HHEZ 2R ik T AT
B RETIAR DANGE F HLoi K e B A BE Y 251

3.5.3 PIAS 22y F Wi i)

PIASH! BRIAC A B SR BB AE 32225 EEUI O I 2 rh iy s R BE 1) . PIAS 32
AR = AR MR 1) HoCo il s LS P Mo SR G R A B S, VBT E AL MLFQ 2% EA)
MBI, FHRTEEER D KB MALE: 2) ARG % B EA R Ak B e hric e g 3)
ACHAHLR ] MLFQ i FE SRR it Ak 2k (n] H i bk e % . PIAS A8 B o0ikAe T ek TR
R = AL
o G ERAE LA MLFQ BAS I BI{E . PIAS iid i 5 vk fituk T FCT fdi/ MU, i
SE T TPERE R AFH) MLFQ 1 {EL

o Kl LRI 2L, T PRIESI SR PIAS B3R Z 3T ECN ARz
T R g, PIAS LR AL AL 22 1 O o 1 3015 728 A0 (it B0t SR Ak ) Py R e
c

o WnfffRiE PIAS 5 TCP/IP Pl BeiaRAME: PIAS 7Eim A2 4¢H R il DCTCP il sl At A 55
ECN 38 H1F HoAth legacy TCP #ils

7

End-host: Multi-level Tagging
Flows P Switch: SP -
Pkts tagged with Priority 1

e | S
T Pkts tagged with Priority 2
Priority 2 - oomoB}--
. Pkts tagged with Priority 3
Priority 3 —_ __ Queue 3

Pkts tagged with Priority K

s
Priority K .-__- ““““ - _ >

[ 3-11 PIAS ¥ 44 % B R I5IAZY

v

v

>

5 0TW ~*cT~*cO
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BUEL T IREER A R L RS

BT iSO T84 ) 5k Bdla b ORRRAS A B SRE Sl e A e, 3
TPt —Fl ] AR SG Cloud RAN ZEUAL TR 8 ot o I 28 30 S 3 S A B S BB B e AL 17
BIGHE ARG ——H TR ST B U R SE . ARG TR A R s e M i R 5
DGR RASTHH LA E B H Bk ol e b T2 R Rk . ABA. PHZEE ER
B BEERSERIAL, CRFRE TGRS ) AR R EERA A B LRSS &, g R PO M 2 A
EAUA—F g5 % . 5 Li Chen S AR TAEMS RIH], AR SCH S TR BHL I RCR (AL o

41 ZRBRK

AR B R GER AR A U5, e e rb Qi it B R SR AN 01 XA S 2y AL ol 7 i 4
Jo SRR R R T PIAS UM 2 2 IR EEALH], MLFQ Bk A9 B {E 2 oM R s
AL ZREEMAE L, ORISR K MLFQ PSR BI(E . IR EER R R
8, i R GG AL A A R AL ECN @AY legacy TCP Hpisl. kI AHLAI R/ DRILL
AR, A RS RSO T AR U B JE (R B R AR, DAZES e % A
FEfFE,

ns-3{FEIFE

H5RFS) RIRHETFIAT
agent
Tensorflow | g
P WERATA. RnKE. FCT | | T KEURRLE
wiE = -
MLFQBATISE. KEIERIIRIE

=

4-1 R G IR R

4.1.1 HopXainE

L5 TR B e > SRS I P S0 P o0 248 ) B i i i A S R 5 e S 2 1 1] Y
BORAEIR , T i gids 0ok 10Gbps YEER E, EARBEIRARRINIiL, BrEr AR
BEDFAEZIG, WERAG IARFRBT A REF 0T R 5o ) R AN AT SE B . Tl
W 2R R N B A, IAZAE AR A AL B i R AT AR, RPRERK B A 4 — A
DAL . PIAS ZEF9FI i) MLFQ fiff o it B BEX — R0, WSS & TR BEH sy ) S0E . 12

PEBOE L W R S T R A L. bl 4R F (Top of Rack, fHj#K ToR) 22 4#bll¥fs i R EEMIEN bl RE
bl (aggregation switches B aggregate switches) FIZ.LrAZ3A (core switches) A 24 T M- 4544 i B35 45 5 3240l (spine switches )
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4 MLFQ (Yl G AT 25 AR e, DA NAFERST . 780, BRI B R R e
JG, WEATDASZ H p DA AL TR, BRI R . IR DRSS B R P, X —
A AR [ ] PR I 2~ B R SR

4.1.1.1 MLFQ St &

PIAS R B EARC, R NRRGAH k MEER P, 1 <i < KF(K - 1) DMER
B a;, 1 <j<K-1, HpM P 3| Py BRETIRTGER, o < < < ax_1. BY4im RGN
—ANFREHE, BB OO R S Se g, BEE AR ROk M, R
BRI S EE TS Pi(2 < j < K)o M Py BEHE] P BIERR ;oo FATIRGE ax HIETS
55, XA — SRR ) e AR ) A AT 5 K AMILSE i BAA o ARic AR 2 TP 41 S0
DSCP 3, il Biiai i O &R T 1 ORI SRR, it 350 AT DARCAS HBAK I e o 22 ) 48 ik 1A D0 28
FRET, ER O 2R A BAB 1 I R (AR R o« FRAT o SCBR TR/ N BB R AL F(x)', IFH Ly 3%
INGERARTE S i B O (i =1, K) BEHREM AN UL BB R E SCATAL, Ly (A3
B E[L] < (o —ai)(1 = Faim))o & PR B EIIRHE N A, T2 B8R 0RK85 | RN O, i
A = AE[Li]o BAB B 55 3 B T S S USRS @A s, TR M BERR I IR 55 3 585 u
A Ied Py MAREN = po €L pi = A/p 2 Qi AT, W O RN (1-p1), Os
MRS RN o = (1 — pope RIEAEHE, FRATH 1 = TT520(1 — pu po = 00 BRFI i Y FEYHER I i)
T = 1/(pi = ) o KT —DRINE (i1, ap) KIENNIIEIR L, BARFE DA R0 SE 2 BA S 3 R i) E 3R
FIERELE i HI o 2 imax(x) R x REER/NEEING ST, AB2RTRANR x B, Hor
¥ FCT: T(x) < ST HAH g = Flaw) — Flaimy) FmRA/NETE [aim, o) K] BRI T
oy, L, g SR PIANIESL S B [ B B . AR A g S bR a; (g2 0,i=1,..,K-1),
FCT /MU )BT PAZRE M R IR

K 1 K K
mint(g) = Y (&1 ), T) = D11 ), m) 1)
=1 =1 1 =l

=1

FAMTRE b2 il i = ) (T8 =
o IRAZSI: ARG P 2% YT 2] ¢ R BRI A B R BRI R —A4> 5 Jod
Wi W/ A IP ik, 9%/ HAYs 05, R fX RS R SR, %L
YL FCT MR/MICE TR R YL, Rl 7 ML
o GRS BPEAS AN DAL AR R, FEREE] ¢, agent BEREIE (Bik3) R—4H
MLFQ HJBASI (A af -
o il FREL4 agent SABASIAN 2 X AT — IS 2R S A Z AR PEAY, X BURFEESE AN IR 2 3
PRER B LA R 1 = 1t /7o EAREHR R ZIN SRR 5 5807 FCT 9FEAR, =X
BRI HEAAPEREAR P TT .
HI Tt ) U S S AR LR, R 5R2.3. N P i DPG 83k Wdk2-20R
XoF T I 220 M i 28 8 T 1) R B RS TR TR BE M 2 W 2 6727 2], AR IR HL ] P A — DU e
W s, a1y G o FIA (BARIAR) 7o FR— I ZIRPIRES 5000 RAEI RGER) R —UCEBIN TR, P

VF(x): AT 2 AR IR/ x A5/ N
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TD_error Ctrain policy_grads i aain

target_q C.train a_grad

Actor S Arain
ini

& 4-2 DDPG W #4427 f& tensorboard 7 #% #5 #) &)

agent T EAE AT IR 5, F a, HEERSEIUITHM A ITR . WA M 241 SHCE e M43 i
PLHRIAICAZ A BN I — AR E RO R DU CAL, DA AR i~ ) i A e SR, @
R 20 B AR R AR W AR RS — 2 SRR 2l 35 actor-critic AR 4 SR
Ra-10fgde (845t aE4-2) .

4.1.12 KEIRRpgLI
AT MLFQ 85— HIE ax— VEAFINHRESR R AEBIR FRbRiE, K% E SRR
B AMATE . fEh ik DDPG BERHHEH, ax— EARTEM G E OS2SRy o XK AR,
FATFIRER T PG S
o IRASZSIA RS H T Z] ¢ WP T TR EE Fe M e BRI E S FY Fom.
FAEIER A 5 T, B ANEIREdER IS — e JE s B R A
WK /INFT FCT J@ bk
o FfEASA]: XT ¢ 2RI £, agent SHEMUSHEIER O.(f) R(f), P.(f), Hi
O.(f) EIRH AL, R(f) SHRERE, P.(f) SBIRRIERER. 0.(f) BB
S, B 0.(f) € [1.K],
o Wi HITHEC e BRI I A AR AR R . SRR AR IR 2t 2
PfEek 2555 . T ROMESCI SRBCBOR R 2 A5 8, 13X B Rt 2 5 It o e i s i %1
SRy A R ) E AV M B3R
% [&%) DDPG (ST RS, PASCIRASZS A ] PAFRAE A — A RIS 1], oAb xR i it g Ak 2
R Stochastic SEMERERE 1L (PEIWLSE2.2. M) o IS5 AN EI4-3 7R

4.1.2  sr A X

AN S R R AR R S, X2 RO S KRR A S R G A A AR T
—EBEG, ENTREER S PR R BRSNS S d i DA A P, T ey,
TORPE SRR ] (R AT IN TEAN SR VRRS T B S MR BResie, DREA THE RS At Y £ 2y
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Main Graph
act_prab

loss

fc2
fe1

inputs

[ 4-3 Stochastic % B&- 45 & 7 ik b4 4P 42 P 45 f& tensorboard P &4 & #4918

BEBL ORI A TE RIS i oD AP e S A . RATHESE 3.4 3/ NIy e 19 1 20
BRIRIE — S & T A SRS ANE . H5E, MPTCP AT 25T ECMP BRhibL], 4 A
TIBBL B — AN ZERG DB AR, 0T R RER OB, ELOE ) 2 2R R I L B
KA BRI A I A MR 284155 7k CONGA, JAEH AR ERIIMREr, HlTE®R
TR AL AT BEATIB 2, H R A VXLAN RS iR A da ek M 265 5L, 50 T R A8t O R 45
AR B RIS BRRCRA —E Mg (RN 25 B R R A 2 L IMEIRIAE ) ; 15 CONGA 5%
FAEL, CLOVE R T HEAMESEAR , T 20 XA P T2 80 Expeditus (31 28(5 SUOREE I IE
BT bR B, HHXT MBI IMT B8 EOR, A — RN EE R Ry Hl MPTCP
—%L, Presto B2 ET ECMP MrtlLil, T ECMP {ESEER S Ml GEAFAE R M8, H Presto (1
BRI FIXT PIAS U2 368 A H); LocalFlow e T Xl ZE 1 Db v BE R BIR 22, HH R A1
WK, ARG T ZER B0 A SC T AL B 5 i DRILL 7 23 AL AN S0 7 A 0T el 5
PR B ZOR, HOHOR TR B i (R sl P S, FER I3 5 F R BUIRAF . FRATHE U5y
iy e DRILL 533K

DRILL BJAH A a0 T F3 0iet, RIS A8 LR 1A 21 A5 it o0 ic 2 0T i B A2 L
TERAEREOL T, n G REZHALSNE] pod [AIEUHEAZ H. H R A S5 RSB Un AR, SRR
Hohk . H AR R iR S 2 DR SRR R . A5 E, B2 CONGA, Hedera, ECMP, if/2
Presto 4 S EK I M RIA R HAREZ X T ESF (L bl. i DRILL 3R i e el AL BEX Bttt
Fridepfpede, PO MYLH ZERE AN, X ZO AL AT B Hh B R K, I A
WIFAF S BRATTR AT PIAS 2844 R 1 MLFQ ZALeBAS . 4%, AR AU R Bt iy &
HEFEL, T DRILL 7R AR R A e 0 OB e i, LR (P 42 1y 1) e A5 B
— L (0 Presto) 23T 30%. Fd (UTER [l A2 22 DAY BASSEIR Ty 2280, B HF )™ 2,
DRILL 5 1 ) e ki 1L D0 e BB A s i s B R BASFE SR o DR MRSt (s ey s S B AR
DB P B R AIED T 0.5), Xt DRILL 7EA A3 5 T A R GFERE R A o

'Equal Split Fluid, fij#%>} ESF
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4.1.3 Wb

D5 LT IR R 28314 R T AR AT 44 i 7R (4 - 45
R Hl (AggSwitch) |

B A4 (Host)
k5 100Gbps,
40Gbps,

FEFE pod A pod [ L AN 144 b G RE R P 7S

4 OPENEDITORS
x
4 HUAWEIQOSPROJECT

» InstallHe

+ internet

Ve

» Debug
x64

Nuts(void)
OpenOutput(s
OutputBufferDeepth
Outpututiization(s

©1 NS_LOG_COMPONENT._DEFINE

clos.cpp

NetDeviceContainer host=NetDeviceContainer(leaflinkUL[0].Get(®),leaflinkUL[1].Get(0));
host.Add (NetDeviceContainer(leaflinkUL[@].Get(2), leaflinkUL[0].Get(4))
host.Add (NetDeviceContainer(leaflinkDL[5].Get(1), leaflinkDL[5].Get(5))

Core

[ 44 17 A A7 R 84 1A 4635 3]

B R EZHALHE L —1 pod,

CoreSwitch->GetPortDeivce(8),AggSwitchl->GetPortDeivce(6));

rLink2DL->AddLink (1, "40Gbp:

rLink2DL->AddLink (2, "40Gbp:

CoreSwitch->GetPortDeivce(10) ,AggSwitch3: GetPortDeivce(6));

Link2DL [3]=ptrLink2DL->AddLink (3, "40Gbps" "
CoreSwitch->GetPortDeivce(11) ,AggSwitchd
Link2DL [4]=ptrLink2DL->AddLink (4, "40Gbp:
CoreSwitch->GetPortDeivce(12), Aggsui
Uink20L [5)=ptrL ink2DL->AddLink 5,

etPortDeivce(9) ,AggSwitch2-: >GetPortDmvce\m

leaf LinkUL [j]=ptrLeafLinkUL->AddLink j*3,"100Gbps" "

Serverpod1[j]->GetHostDevice (@), LeafSwitchl[j]->GetPortDeivce(10)

leaflinkDL[j]=ptrLeafLinkDL->AddLink (j*3,"16

leaflinkUL[j].Add(ptrieafLinkUL->AddLink(j*3+1," 1€
Serverpod2[j]->GetHostDevice (0
leaflinkDL[j].Add(ptrieafLinkDL->AddLink(j*3+1," 1€

LeafSwitcha (§]->GetPortheivce(2) , Serverpod2 j]->GetHostbevice(1))

TleaflinkUL[j].Add(ptrLeafLinkUL->AddLink(j*3+2,"10¢

leaflinkDL [j].Add (ptrLeafLinkDL->AddLink (j*3+2,"10¢
LeafSwitch3[j]->GetPortDeivce(2

Ipv4AddressHelper ipva;
ipv4.SetBase 2
IpvéInterfaceContainer interfaces
interfacesUL = ipv4.Assign(host);

Iz

4-5 MzEM 4

LeafSwitch1[j]->GetPortDeivce(2), servmpom[;]—\aemosme i e(l)‘

Serverpod3 [j]->GetHostDevice(0),LeafSwitch3[j L>GetPortDeivce(10)))

afSwitch2(j ->GetPortDe)vce 10)

2), Serverpod3 (] 1->GetHostbevice(1)));

— GO (CoreSwitch) NEFH
—~ pod H =G Mgk S AT LA
A (AR AL S v RS LA . Ui R G B 4 R A AL ] ) B
FEIR 50098, 28 AL A AR TR AN AL A AL R] Y B B SR
AEIR 500ps; {5 EIRBER M 5 HhE A 10.1.1.0, T MH#EFS 255.255.255.0 (ANE4-5).

P

Nuts(void) @ GoLive Ln 164, Col 24 (7 selected) TebSize:2 GB2312 CRLF Ce+ Moc @ A
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4.2 il

R TR A SRR R R LA R G R RERICR , FRATT T ECMP, CONGA ., DRILL FIASCH)
BERUAE ns-3 {5 MBS N FCT. SL Hi B AE RT3 RS R F R . R G0 i O A 8 TR P A i S A
#J2 ] TensorFlow ¥ 24 > HEZRIO sy, i A B A Wik NVIDIA GeForce GTX 1080 Ti K11
MR454s' ERNGE, (A2 SHORBILEL, BRI R FEEEHR T 5k MLEQ 2
5 KA B i

4.2.1 i IR

B D M s R, O LR PR AR R
o MZEH N FAREE ., PAEEROLH A, AN B i 2R G0 AT BEAE AL ) DY [ i s 22 S5cdha
W, HIHKUN . R a) s A A
o Bl DM ARIBE A FR R, 258 A R R UL e A )
o Bl A AR ARGV BV R R A K R A
ETUEHIE, 7B IR E4-67%, BurstTime SR I A N TH], PktSize 2 H K/,
Priority s A S HILSES, E2E Delay i i 43R o

BurstTime PktSize(Byte) Priority E2E Delay(ps)

BBL-BBH

R1 35.71 11264.00 5 25.00
R2 35.71 106496.00 4 100.00
R3 35.71 21504.00 100.00
R4 35.71 3072.00 * 100.00
R5 500.00 65536.00 100.00
R6 500.00 65536.00 2 500.00
R7 5000.00 1703936.00 500.00
R8 10000.00 1703936.00 10000.00
R9 500.00 65536.00 ! 100.00
R10 100.00 6144.00 100.00

4-6 17 AR R

4.2.2 Dl FOREER R

EHAEMSS 45 L2 T Docker S50, AE45d% (container) HEfT{ELIALE ns-3. |y TR
JHEVETREFI M GPU, H Docker H1 2 A M58 2E S B 5518 (image), A ILFRATTR FI 41 dockerfile
07 A H O S (WE4-THTR ), FEAGREE R LI 2545 . B TR A R RS A 2 a2 >
FINZrad R, FRATHEZ 2% T AR AN A3 162 RBAZ 4T jupyter notebook A 452, FATFIH ns-3 i
fiLf¥) Ethernet Switch il Standard Host A5 52 B B DA A I A2 LA 3 22 58, £E github A7 snowzjx/ns3-
load-balance repository? [ 3£ fifl_F 523 ECMP, CONGA., DRILL DA B 7S SCH5: B i 2R A0 (R 45 L o

'Intel Xeon CPU E5-4640 v3 @ 1.90GHz, 48 CPUs, Ubuntu 17.10, GNU/Linux 4.13.0-21-generic x86_64
2 MG SE B S 251 /24T “sudo nvidia-docker run -d -p 7771:8888 why201 Ibtv/ns-3.rl-gym” | #E A% 251474 “docker exec -it
510fb70d5fc4 bash”.,

3hitps://github.com/snowzjx/ns3-load-balance
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4-7 I dockerfile #j3& ) T.a9454%, H+ “From jaimeps/rl-gym:latest” iX —47 2.7 T Afy A IkE a4 & ah454% rl-gym,
Jo AT A LA R LA ns-3 IR TR

\UDA To ‘ ] » J
¢ t'_. TH) i . %/V \Q‘/V
Container 05 User “l:'-;“:-: ™ P >

CUDA Driver : L P P
Host 05 \/

NVIDIA GPUs
Lo S P

4-8 Docker 4 5% %

4.2.3  HgsieE ) R BRI IR

DRPEN i ) Tk BB RO AR ISR, — 28 E MLFQ BASI[BI{E ) DDPG, — -2
KA AL Y Stochastic Policy Gradient, H:H+, DDPG J] 2| T A~ IEEA Bz . 73514 600 4>
MzIT, iR K -1 & IT, X K - T ABINERE. A ZEBCRESRE A, h 700 Sz
1. Stochastic PG MIZE R4t 10 J2 e RUBUZ R, BH2A 300 MIZTT, agent BULHARE
FAEH 700 MREICEN AR . TEIFUIGRZ 8 /N, SRS S 1 il ARG R reward
EFIr (NE4-10). DIt Bdain FCT SYIZRmHanE4-9FR, WA B Zhad e St
1E FCT _ER2 PR

424 fHEs,
4241 Visemta

ME4-117] PUE H, MLFQ X5t/ ML A A BE , Aa8din i i Fl DRILL 83, KA
H D2 BB AL B, 2RI AR e 2 R4 YA (ECMP, CONGA. DRILL) SEAF[MERE, 249KH
F 2% T %A A DRILL By T k6, e Baiin &8 5 DRILL #3T. % &35
B oL R 25 R AT A K R A BORAE , TR BRI AL R B O F A, ARSI RAAE KL
P LRI A S E T ) (pod AT DRILL a3k 9.3% ) FCT #27F. A% CONGA
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ouit1 WwuUL2 -UL3 O UL4 uLs <o ULs6 O ULt ¥ uL2 U3 ©OU4 AUS5 O ULSG

1400 2000

\ 1500A\A\A_\A

FCT(us) oo \ \ \ FCT(us)
350 \ _ 500V\V\v\V
O

1050

P, B _
0O O > = o] Ug O O

2h 4h 6h 8h

() Wt B P pod PECE FCT 7Sl (b) VIZEE Rl pod [IHCHEE FCT fo 725 il 2

4-9 FCT 5| 4 ad & 37 2%

PG_Loss Reward_Mean
1.80e+3
-0.180
1.60e+3
-0.240
1.40e+3
0300 1.20e+3
-0.360 1.00e+3
-0.420 300
Value_Loss Total_Loss
1.00 0.800
0.900 0.600
0.800 0.400
0.700 0.200
0.600 0.00

4-10 Stochastic Policy Gradient 1| #5 it 72

Mok 28% [HETE. pod [AAHX} DRILL #73% 7.4% [ FCT $2F}. #H%} CONGA #55% 23% [ TH) . 5
Gb, XTI AR ML, JUMEIAN RN ZEJIN K MR A mer, o PAE B4 S
HIRGExT FCT A48 ATt

4242 FALEETIE

I W R A AR TR pod A 1 (ARZHSEIG LS 5 AN 1) W DA MR e A% A5k
LS . EUAT S, CONGA 5 ECMP [ 5¢ iU (A AH 3T, DRILL FIA SCHY R GEAHIT , FE SR pod
B (BT EA R G AP 5 BB R K s, ARG RMRR, 45
BN EA-127 7R
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M ECMP Il CONGA ¥ DRILL M Ours M ecvpP [l CONGA W DRILL M ours
1600 2000

Text

1200 1500

FCT(s) o9 FCT(ps)

1000

400

: | :

uL1 uL2 uL_3 uL 4 uLs uL6 uL_1 uL_2 uL3 uL 4 UL s uL 6

500

(a) pod AR ALY FCT (b) pod [AIA A F i ¥ FCT

] 4-11 3836 77 B 17

M ECMP Il CONGA ¥ DRILL M Ours

2400

1800

Total Time(us)

1200

600

0

1 2 3 4 5

] 4-12 TR & #5809 8 R 4et 2t

4.243 PIGEERAIFR

WE4-13 (a), FTLAE HAE AT HER 25 s < AL 3 1 R 2R 1, CONGA 75— R A 2R
BT AN, X2 BRI AR O AP FE AN E, T DR A [v) s ) H 2 DR e R
w1, PSR . 5B ZIR R T B B A I SR L e se . AU
P R A R e i 1R R E R T 00 N, @ B T REMR M S, HmsE, R
e AR R oD A B O R S S B e, S B0 A S A N R i . 2R
B AL S A P 3R 05 5 AR BRI, 3K TR Sy 4 S 40 AL B 436 1% A i 10 5% 7 7 4
RAEHAL, WA A WAL 3 8 A% AL, DR e 2 5 R SR 2l (i
ElA-4 RN TP E ) -

X ATEER (A1&4-14) , PURMSERAE S 11 _ERF3 4 S EAMTR], X2 PONAEAZ DAL
IR T ECMP, Jir Asi 1A BB AR ] (DRILL F2 2244 Clos W28 H) 2454, X HA
B DATARBLI 7 S RRIRAL BE) o
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M ecmp B CONGA W DRILL M Ours M ECMP M CONGA M DRILL M ours

80% 90%

60% 67.5%
i = imOF AE
IHOF AR 1% Vi 5%

20% 22.5%

0% 0%

0 1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
BfiE] (ms) BfiE (ms)
(a) EATHER 25 T 32 L B 1 A R (b) AT SR AT ATALI b 111 24

B 4-13 EAT-F ¥4k A1 A £

M ecmP W conGA M DRILL B Ours B ECMP H CONGA I DRILL B ours
100% 120%
75% 90%
iHOFAR IHORIAR
50% 60%
25% 30%
0% 0%
o 1 2 3 4 5 6 7 8 9 10 o 1 2 8 4 5 6 7 8 9 10
BFiE (ms) BJiE (ms)
(2) TATHERR AL B 1 F T 2 (b) TATHER IR A 2L s A R

B 4-14 TATF 35k 55 A1 R 5

4.2.5 M:HeHPr

LA, K DRILL Gy Bl il -5 i e B RA R 4G &, SR BT AN A R i 7o
ALTRE AT ASE I B Mg RS (e i Ve B B R A, AR AR TR 52 U TR] R B A e I 1]
TEARRAE 1 DL PP S T R R DA S R h D M 28 R B B A . 24K, AR SCR R Y 2R A A 75
b . DRILL S BHL7E =R M4 P PEREA TR, 7ER% DALt A 5E ECMP 535
A REPECROR AL B R R B BRI, BT AT 26 (5 RAR A 2 P hy ik 3] e KA
IS A REAR PSR BERLE R, PN ZENE D T REAN S AR PR BET 2K o £5 EFTIA, AR SR Hh X &
AL RGNS S B R A BRCR , REA R IR ABR TR S U], SRR A 4, 41 26
] AR IR G ek, MPERE EA, WA T PIAS Z2F iy MLFQ fL5EZ NS, HFIIL
AR AR TR BE I st ) SAA AR AR GEIERERS T B A T B B A B 4R T
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ARG S = A G BT e RIS 2] SR L Rk RO R 4 R RO R S B
EASEHAUAL Y Zerh X RRERIL, 415X SG Cloud RAN 375 R 4 S kg it th 1 — 1S3
fRRIT S, MALR BT R AR R B, B T M RGN AC B R s RO I
My, BRI L ERARC . LA ABN . BAIR AR Rk . 1285 EORSESE
— R G SR MR A TR A, TR R T P REAR (2 DRILL 73 A1 72500
B, BT AR B PR A A SR A B HOE U S b RA R e . (JELEZS IR )
) actor-critic SEVALE P CHIARIL TICBRIR A B . JRIBEER L DUSGZRINS T M 28 5 h Ae e AT LAL R
JI MLFQ 1 BAS S 1 S 7058, MRS Mg oL, AKCAREEES B AT, 4Ail—
Mz R R B AT IE

M SEIR A PFRBR B, ASSCRAAESE PRI St M E R, JURAE ns-3 T EAAFH T PR RES>
Bro FMVHIE, Bolrb omgshidaiim Ao, VRS S, RN M 43h b4 AR
(2R PERBIR G ZLEE . XAREEAES RIS . AN 5] JEBU A R ity AC B AN i R GE 4% ), X L2 X0
R ABIIMER A E RPN R . ARG HEGE T Clos R EE LM 4s, N
R 3 20, AP ATESLPRARE AR e 2 A B B R AT s . Si b, BATTIE TR
B BB R A ST SR S ), RS O R R AR S DL R i), s ) 4 S8R
THRRNITERE SO, WARGEE)E, EHIAREBR R e A2, BfrEs
e WART A 2 T RAT A 10 45 2 R AR S X T MILFQ BAS [ (LA Bt At 4 52 P ek SR TR 2 AT 1 75
BE— P ThE R

7N, AR AR G R b, A AR BB G B G i ARG, PRt — 22
WFFEIT 1) ] AT AR BRI T3 T 08, BT N TR RRVAN M, HBISebs i HRCR K
GRS, AT BN SE ) Mask-RCNN, - [ 815 5 AL BEGIUS Y ELMo. BERT, JIiH &1 45
) KBGAN 55 yAR T ZR I ] O 0N G5, TR B ~) Sk it e HE sl A N T AR 3
J1o BATARERICAGAEMILE, TREM il i oI E R 8 Bl Al R A Sl
1S3 e AR
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A STUDY ON LOAD BALANCING ALGORITHM WITH
LIGHTWEIGHT Al

This thesis deals with the general load balancing problem in data center networks. Under the scenario
of the Cloud Radio Access Network of the fifth generation of wireless communication system, we propose a
new paradigm for a combination of load balancing algorithm and flow scheduling algorithm. The system is
a mixed model with several hierarchies, namely centralized flow scheduling component and distributed load
balancing component. The centralized flow scheduling scheme employs the state-of-the-art deep learning
algorithm, Deep Deterministic Policy Gradient and Stochastic Policy Gradient algorithm, to solve the problem
of assignment of rate limit, queue priorities and path selection for the long flows in the datacenter network
and the thresholds of the Multi Level Feedback Queue commonly used in modern commodity switches. The
distributed load balancing algorithm, which addresses the narrowly-sensed load balancing problem, utilizes
the recent model DRILL proposed by Soudeh Ghorbani et al., aiming at achieving lower flow complete time

and lower total transmission time, not to mention raising the rate of link utilization.

In the first and second generation of wireless communication systems, cellulars or radio access networks
(usually shortened as RAN), were separate base stations, each equipped with power, air-conditioning systems,
environment monitoring systems, backhaul and other essential components. Each base station has its own
radio frequency emission devices, and the radio frequency signals were transferred from the base station on
the ground to the antennas, which always resulted in a high loss on the cables. In the third generation of
communication systems, however, people employed distributed base station systems, separating remote radio
head and baseband unit from each other to the remote radio head to be assigned to the place close to the
antennas, given that the optic fibers could extremely reduce the loss of long distance signal transmission.
Based on the architecture of distributed systems, Cloud Radio Access Network utilizes the recent large-scale
data center network technology to establish the stable, energy-efficient, low-latency, and high-bandwidth
connections between baseband units. Besides, the usage of an open platform and real-time virtualization
technique enables the dynamic resource allocation between different scenes and in different electronic devices.
In such architecture, since the area coverage is much bigger than previous single, separate base stations (when
one user switches from one baseband unit to another, it is highly possible that the user is still in the same pool
of BBUs), the data flow in the cellular networks can be solved using dynamic and real-time load balancing

algorithm in the baseband unit pool.

The traditional problem of load balancing has been widely studied by researchers. Examples like cell
zooming has been applied to the second and third generation of wireless communication systems. The highly
efficient switching scheme in Cloud Radio Access Network proposed by C. Ran and S. Wang et al. considers

the energy condition to achieve the optimal load balancing. They periodically measure the index for balance.
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When the index is lower than a certain threshold, they re-design the area covered by the base stations to
achieve a new status of balance. C. Tsai and M.Moh compared eight methods of load balancing that mainly
aim at reducing the communication latency in the scene of Internet of Things. These algorithms either use
pre-defined thresholds or metrics to monitor the load or ports of the network switches, or carry out fixed or
non real-time strategies. On the contrary, B. Shahriari and M. Moh proposed generic online learning structure
using the method of deep reinforcement learning in an partially visible environment, which can be adapted

to solve the load balancing problem in the scenario of 5G Cloud Radio Access Network.

Inspired by the work of B. Shahriari and M. Moh, we would like to utilize the great capability of fitting
any complex functions of the deep neural networks. Since the aims of load balancing (in a narrow sense) and
flow scheduling are the same: reducing the flow completion time, we would like to combine this two scheme
into one system, and apply deep reinforcement learning to face with the data center network whose flow
features are extremely dynamic since the agent in a reinforcement learning model can handle such problems

and make kind of real-time decisions towards the changes.

Hence in this thesis, we first study the deep reinforcement learning algorithms. The very first reinforce-
ment learning algorithms are value based: they use the tables to learn the agent’ s proper actions towards
different states and rewards given by the environment. By utilizing the great capability of fitting complex
functions of the deep neural networks, we can develop deep Q-networks which is of great performance.
By introducing experience replay, we can solve the problem discovered by Volodymyr Mnih et al. that the
expression for Q values using neural networks is unstable. Besides, Hado van Hasselt introduced Double
Deep Q-Networks employing double Q-learning scheme in 2016 to solve the problem of overestimation for
the parameters. Different from value-based methods, there are another group of reinforcement learning algo-
rithms that directly determine the policy, namely a sequence of actions taken by the agent. When the action
space is discrete, the method is called stochastic policy gradient since the model outputs the distribution of
actions, but not a single action. The REINFORCE algorithm proposed by Richard S. Sutton, is a typical
stochastic one. By using gradient descent, the algorithm consistently updates its parameters towards the
tuples the agent got from multiple attempts in the environment, until the parameters come to convergence. In
2016, David Silver et al. proposed a series of algorithms which belong to deterministic policy gradient. They
consider a deterministic policy, in which the neural network outputs the action itself directly. The proposal
itself becomes a surprise to most of the researchers since it was previously believed that deterministic policy
gradient did not exist or could only be obtained when using a specific model. Deep Deterministic Policy
Gradient is a typical algorithm of this type. By using the core idea of actor-critic, there are four neural
networks in the model, two of them are actors, the other ones serve as critics. And both actor and critic

employ the scheme of replay buffers.

In the third chapter of the thesis, we discuss load balancing in 5G Cloud Radio Access Network. We first
consider the architecture and traffic features in data center network in the era of 5G. Multiple architectures
have been introduced during these years, among which Fat-tree, Camcube and BCube are three typical
structures which aim at different scenarios or applications. Fat-tree is a multi-layer structure whose center is

switches, while CamCube is net structure whose center is hosts. BCube is a mixed structure which uses hosts
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and switches to transfer data at the same time. After the discussion of datacenter network architecture, the
definition, targets, and main steps of load balancing in data center networks are introduced. The main steps are
the collection of congestion information and path selection for the flows. We then compare the load balancing
in data center networks and wide area network to find out what is the main concern in the algorithm design. We
finally conclude representative load balancing designed for data center networks in recent years. Among the
two categories, namely centralized and distributed schemes, there are superb proposals concerning different
specific aims and scenarios. Hedera is a centralized algorithm which aim at large traffic flows while Fastpass
is hybrid structure of centralized and distributed schemes. MPTCP is a modification on TCP which assists
the process of collection of congestion information. Served for leaf-spine topology, CONGA is a classic
algorithm whose performance is nearly optimal by utilizing the virtualization techniques and flow let design.
CLOVE is another algorithm that uses the ECN marks in the network virtualization to collect congestion
information, while Expeditus is aimed at solving the problem of Clos architecture. Based on ECMP, Presto
achieves the optimal balancing in an asymmetric topology and LocalFlow, as its name shows, is a scheme
employs OpenFlow switches to achieve local path selection. DRILL, on the other hand, do not need to change
any switch hardware or transfer protocols. It investigates a different direction to improve load balancing using
a smarter fabric. We also study flow scheduling algorithm in CPU scheduling and switches in data center
networks. There are multiple comon-used queue-based methods: First-Come First-Serve, Round-Robin,
Shortest Job First and Multi Level Feedback Queue. Bai Wei et al. employ MLFQ into switches in data center
networks and proposed an architecture called PIAS to greatly solve the flow scheduling problem. Later on
they proposed AuTO, another dynamic online learning algorithm to further address the problem better.

We demonstrate our traffic optimization system in the last chapter. We first introduce the architecture,
a hybrid structure which combines distributed load balancing algorithm and centralized flow scheduling
algorithm. The centralized component would use stochastic policy gradient algorithm to deal with large
flows after given the calculated threshold for judgment, whereas the short flows are directly processed by the
MLFQ and transfer to certain paths selected by the DRILL algorithm. The centralized component utilize
the Deep Deterministic Policy Gradient algorithm to determine the proper threshold for the MLFQ after
training sufficiently (about 8 hours) on GPUs. The metrics regarding the FCT and link utilization comparing
with other baseline algorithms are also shown in the chapter to demonstrate a better performance before we

conclude the whole thesis in the end.
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