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Abstract

A novel scheduler system including resource scheduling, application scheduling, configuration and label management
center, cloud network and cloud storage services was introduced. The locality of computation and data was ensured by the
ability of data topology awareness, and the I/O cost was saved. The impact of network storm was solved by optimizing the
resource scheduling of point to point large data reading. The service level protocol was guaranteed by network and disk

isolation technology and preemptive way.
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— MRS ET R EASHEZ ARG,
I EALIP R E = I/ NT A 3 TP &L= 1E
MapReduce. Spark#flTensorFlowfi% it
i, TR JA BT BT S5 N, AR s B b A 0
AL R F L E e AR S5 R S AR IR 55
b HEfEASETE b, IraESHA
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5.1 FERSERM

RICEIT =B E RGN
ERZEA AN E 3T 7R, A5 TOfE AR R . XAk
JIRe 55 A5k DA R 3 R ol SRS R 24— 1
T Kubernetes APIEEFH s fT (FT
Kubectl) #77 2F 300, BB A—NE
TE RS g HE T 2 yam IS LU R Bl
A S5 (docker image) . fEyaml
SRR SN R E A IR SR
FHIR AIAREAE R (BRI ) LARO HoAh,
N AR OC 2 o

AR S5 A5 S 4 T A BT G S, [
07 T 52 i P PR8I0 e b D A B, ARk
X B 55 AR 5 2 B SR A B £ 53 S A
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A SE RN A, FFREIXA 7k S i
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BRI SR DA S ET A B O, AT RS
YHF) 2% AT RARE 5 G091 5 DR 245 S A M B
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BB A AN A (PV) HIA AT
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IR 55 BAT R bn LB WP TSR B4
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R 2 S B I B O SRS 25 T A S
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Helm start service.pod

3 BERFHIALIANY

7 E FUAR 308 28 o RO JEE 2 2 AT 1
FIRYTER, 7] 3 7 5 TR 55 ek ds, &
PR E LIS AT I LGS =411 AR
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o MIAR A1 B8 24 40 P U1 34 428 5 3 PO A B

TR, TR A SR
FA RS RN, SLATE R £ i [ 9 ik
Bt TR PR REBE T ITA A, R
B4 T B 5 2 SR A o R 2
s FERINGENLE], TRERI R, H B BTE
W A VIR B A 1k, DT SEBI  AG Se 9
FH 6 b = R

5.2 RFMEHRS

N7 FH R 55 B R R R SRS 468 Y IR
% IRESHEB I Docker g . EIHT K . W
HKEFMET K. IESHES N HNE
M, I EE)sonnet iF 5 24T FH A9 R
iR S, JsonnetsE:Google 2= TR T
—fRISONPML, ZFEFFIH . HAEH 4
HEERE. SR AR, AR AREF IR T
REJT, TR 2R 75 5K

— A A T Jsonnet 8 R s HE
AR B4R 7N . Hoitfapp.yaml #iiA
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R A AR AR AS &, config.jsonnetdff
AL E 2 HOME i\, Ticustomize—
main.jsonnet & SR RIS HI AR B

FEIBATING, 0 3 R 55 185 e g S 451 v e 2H
4 B AT R X 28 g HE SO RS BT S N
BATSHHEA T LI, TE Fe H— AT DA
Kubernetesifl fEfJservice/replication

controllerg¢# deploy ment iR S04

5.3 BLEHRZHDL

HT MRS ZITI A AT R Kk A
JAEE IR, HAPIKICEEn e o AR
WEIBITS ., N TR S5 RE S 1 N H
BN FIBIT S, Al T— 15—
EPREFUOE RN ORI AR S5, T AL E
FAR 25 TC &0t i 8 BN & 000 o . FH AR 7
i AL B =T Kubernetes ConfigMap
1 7 R S IILAL 5 A A B AR T R S
ConfigMap /R B AN BT 7R, (& T H5
SR SR, AR L~ E X i T
ROk CRAF 1o 25 85 1T DL 42 51 FAH B 1Y
ConfigMapHI YR, T LURE B4 B W 7
RS BRSO R S5 e A AT DA I A
THTECH i 47 B 77 2B OiT B BB B
HEhnaT s — (B, FEE A (A e
B2, Kubernetes& B A& ALY
R ConfigMap 4, FFAERLI AN LEAE 3
S RAH B B A8, T SE B O
AT E AR ZE L

TR BRSO RS EETIs

HTH’J%W@EE%MTK%&TE .lﬂiﬂﬁf'"'
it 5 AR 2 O A8 B AT AR B
qZAEI’J)rT *DEBETC%@I?E,U\WTU\i
FEEE TR 2 R

5.4 ZEFHERS
=B HIFEMEIR S Warpdrived2 4t

customize/
1.0
|: app.yaml
templates-json

config jsonnet

customize-main.jsonnet

customize-pd-rc.jsonnet
customize-rc.jsonnet
customize-svc.jsonnet

test-files

config0.jsonnet

config0.jsonnet.golden
configl jsonnet

configl jsonnet.golden

config2.jsonnet
config2.jsonnet.golden

config3.jsonnet

config3.jsonnet.golden

B4 ETF Jsonnet VRBRAFSIHTAI

kind: ConfigMap
metadata:
labels:
transwarp.hash:ac45a765
transwarp.name: zookeeper-confd-conf
name: zookeeper-confd-conf-gm2cz
namespace: systemtenant
apiVersion: v1
data:
jaas.conf.tmpl: |
{{- if eq (getv “/security/auth_type”) “kerberos” }}
Server {
useKeyTab=true
keyTab="/etc/keytabs/keytab”
b
Client {
com.sun.security.auth.module. Krb5LoginModule required

useKeyTab=false

5 ConfigMap BI7%!

— ANHUOMEBIRES TTul iR 4%, 7T LA He 4k
FBAR S5 KA it 1 1 S P TS DL A S i
T, DR IR e M TR S Y 482 1 R S
RN A NI AE 0 26 (o T B LA K A
M EVEAT R IE R R

2020007-9



90

BIG DATA RESEARCH A#ifE

5.5 BMMEES

W25 55 B EAEFEAERES TTul APIEE
W RS, (HAFE AR T DA &5 25 4 1P
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5.6 T EIAEEEREEHRINEM
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45 A EHUAT PR — A B A T2 1 1
%, FA AT AW — 2 AT
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P o SRR A B BRI, 2 i 1 O 24 Sty g [
W, SR T IRAEA

SRR A N T A BB T 7w,
L7 A TP B (AnSpark ) 75242
JABIVE BT 55 I, 8 2 a4 F e AR % iR 55
PRI AR B o 25 B B HL 75 2L 0 00 1 )
ar (WHDFSE 1) , A7 iE i T E
FEE SR A 1) L TR A P BN S I 25 R A
B 15 o TTIR S B8 1 X A7 ik I 55 A D 2%

Jike 55 114 S I 25 16 SR 2R BRUFA 28 47 5 3 1) 7T
HAE, — BT, oA N Z
I, 2 T8 O B 2 Y S SE A CRAIE
EAEANE BT A, R g
B — AP R AR KRR X LA
R S B e R A O, e R T
VR A B AR AR A1 R S B R ) o B IR
A HT A A T AE— TN L,
TR SS T LA A5 i i 55 1 ok A b o 28 i
TG, BE A I E RS (domain
socket) SEMLHI R B £ S BOE B, 1
HEERE

TR P B SR BFHIR LE R R IO T,
W) 245 1P 250 i A o) B2 55 et S L K, T I
IR I KRR IR B . N TR
IR T I 2 s 2R BB T, (i RO (radix
tree) &SN H Y I 4% il A5 ST 42
A, BT RO P UG iy vk n B T
TR AL HINE172.16.1.23, MR
A £10101100000100000000000100
010111, 7 FE HOp ] DATR PR DT e 21 %
AT WN172.16.1.0/24, FEMRIZ T SR EL
HLFME(EE, AFERSME, EYUE
B A LUV 4E,
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2551 %

IPV4:172.16.1.0/24

—33k#): 101011000001000000000001
IPV4:172.16.2.0/24

Z33k#: 101011000001000000000011
IPV4:172.168.1.0/24

Z33k#: 110000001010100000000011

radix tree

key.1

/N
@9
/ N

O

key.0000001010100000000011  key.10110000010000000000

O O

key.01 key.11

B 7 EF Radix Tree BIGSRICE 555

5.7 FAEMEEKERE

X TR SR B AR R, e AR R\ 2
PR R SR L BRI L AR OC R AN
HrH S ECEG R, i e B A
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for each pod p in Queue.pop():
get noodeInfoMap from cache.
for node in noodeInfoMap:
qualified = prioritiezFuncs(node)
if qualified: nodeList.append(node)
end for
if nodeList is not empty:
for node in nodeList:
score = prioritizeFuncs(node)
if score > maxScore: destinationNode = node
end for
bind(destinationNode, p)
else:
for node in nodeInfoMap:
evictedPods = tryPremmption(node, p)
if length(evictedPods) ==0 : continue
if length(evictedPods) < minEvictedPods: NominatedNode = node
end for
if NominatedNode is empty:
schedulerFailed()
else:
pod.NominatedNode = NominatedNode
doPremmption(NominatedNode)
end if
end if
end for

B9 BEEMRNFRLSRE

for each pod p in Queue.pop():
get noodelnfoMap from cache.
for node in noodeInfoMap:
for rpod in node.RunningPods:
if rpod.priority < p.priority: node.delete(rpod)
end for
qualified = prioritiezFuncs(node)
if qualified: nodeList.append(node)
end for
if nodeList is not empty:
for node in nodeList:
score = prioritizeFuncs(node)
if score > maxScore: destinationNode = node
end for
bind(destinationNode, p)
else:
schedulerFailed()
end if
end for

B0 ETHMERNBRIBSEE

while node.underResourcePressure():
pods = node.runningPods
sortByPriority(pods)
doPreemption(pods[0])

end while

B BTMERNARRESHNELESE
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