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Abstract

In recent years, the container orchestration system Kubernetes is widely used to
implement services in microservice architectures, but important control functions,
including the scheduler, are concentrated on the master node. While this design
simplifies operation and management, it also brings challenges to the scalability
and fault tolerance of the system. If the scheduler stops due to failure, it can
affect the scheduling of new pods, cluster monitoring, and other critical operations.
The Kube-scheduler performs scheduling by mainly considering CPU and memory
resources, which may cause load imbalance between nodes. In addition, because
the Kube-scheduler operates as a centralized component in the cluster, its failure
may have a significant impact on the scheduling function of the entire cluster.

The purpose of this research is to develop a distributed scheduling system based
on Deep Reinforcement(DRS), which optimizes the utilization rate and load bal-
ancing of the environment. By distributing the scheduling components, the entire
cluster scheduling function is not affected even if one component fails.

In this research, I propose a distributed scheduling method using MARL, where
the scheduler learns the resource usage of the nodes, the resource requirements of
pods, and the network delay between the nodes, and learns how to make scheduling
decisions based on the needs and priorities of different pods. This allows the
scheduler to learn from its own experience and autonomously adapt to changes in
the environment. This reduces the risk of single points of failure and minimizes
the impact of node or component failures on the entire system, while enabling
real-time decision-making by leveraging local information on each node, achieving
optimal resource utilization and even load distribution.

The MARL model design in this proposed method is defined as follows: The
model uses schedulers located on each node as agents. The state space is defined
in three types: local state, global state, and waiting pod information. Local state
includes directly observable information by each agent (CPU utilization, memory
utilization, disk I/O information, node health status and number of currently
running pods), while global state represents cluster information (CPU utilization,
memory utilization and disk I/O information). Waiting pod information contains
the CPU and memory resources requirements of pods. The reward function is
designed to consider both local and global rewards, evaluated based on resource
utilization. The action space is defined as a discrete space where each agent makes
binary decisions on whether to accept waiting pods for their assigned node. The
Deep Q-Network algorithm is implemented for the agent’s policy.

The proposed distributed scheduler follows a stepped design similar to the Ku-
bernetes default scheduler. First, in the pre-filter step, each scheduler examines
its node’s resource information and conditions. Next, during the filter step, the



MARL model is implemented where each scheduler determines whether to accept
or reject the pod. If a pod is accepted, the node undergoes evaluation and receives
a score. In the scoring step, agents share their actions and scores, with the best
node selected based on sorted results. Finally, once the decision is made, the model
updates in response to the outcome.

The proposed schedulers share decisions through a distributed leadership model.
When the scheduler initializes, one instance is elected as the leader, which then
establishes heartbeat monitoring and launches a socket server. The remaining
scheduler instances transition into a monitoring role. During normal operation,
all scheduler instances actively monitor pods and generate scheduling decisions.
However, only the leader scheduler has the authority to receive these decisions,
determine the optimal node placement, and execute pod binding operations. To
ensure high availability, non-leader instances continuously monitor the leader’s
health through heartbeat checks. If the leader becomes unresponsive, the non-
leader instances trigger a new leader election process. The newly elected leader
assumes all leadership responsibilities, ensuring uninterrupted system operation.

The verification of this research consists of operational validation and perfor-
mance evaluation. For operational validation, I confirmed the startup, scheduling
and failure handling capabilities of the proposed distributed scheduler and I also
measured computation, communication, and resource overheads. The performance
evaluation involved deploying 105 pods across three different types of microser-
vices, testing them under both uniform and random workload distributions for the
resource utilization compared to the DRS.

As a result of my experiments, regarding system stability, the distributed sched-
uler successfully maintained cluster stability and scalability during node additions
and failures, effectively addressing the single point of failure issue. The distributed
architecture proved effective, with individual schedulers making independent deci-
sions while the leader scheduler successfully aggregated these for final scheduling.
About the performance evaluation results, under uniform workload distribution,
the system achieved superior memory utilization and disk 1/O stability, while
maintaining stable network bandwidth and CPU utilization. With random work-
loads, the distributed scheduler demonstrated better performance through stabi-
lized memory utilization, reduced network load, and more consistent disk write
speeds compared to DRS. The scheduler also showed efficient resource manage-
ment by appropriately reducing resource utilization as tasks completed. Overall,
the proposed distributed scheduler showed marked improvements over previous re-
search, particularly in stabilizing memory utilization, reducing network load, and
optimizing disk I/O control.

However, due to the short experimental period, I could not comprehensively



evaluate the algorithm’s performance and stability during long-term operation.
While my evaluation was conducted on a Kubernetes cluster with four worker
nodes and one master node, real-world environments typically consist of tens to
hundreds of nodes. Therefore, evaluation of scalability and resource utilization
in practical-scale cluster environments is necessary. Also, the current Python im-
plementation has limitations where only a single scheduler can receive new pod
information when deployed as a DaemonSet in the Kubernetes cluster environ-
ment. A potential solution is migrating to Go language, which would enable the
proposed scheduler to be deployed as a DaemonSet with guaranteed pod instances
on each node through the Informer feature. Additionally, long-term experiments
are needed to verify algorithm convergence performance and system stability, par-
ticularly against various complex workloads. Finally, the implementation of an

automatic deployment mechanism remains a crucial area for future development.
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000

3.4: DQN D=2 —F )Ly b — 7
A7 v 71 Qnetwork IZIKRE s, Z AT L. Q(se,a0) KD,

Q(s,a) < Q(s,0) + a[r + ymax Qs a') — Qs, a)] (3.1)

AT v 72 ¢ e-greedy IBICEEDOWTITE o 238U, BREED SN R, & XD
KRB S, ZHUS L. 205 2R
AT w73 LRERBERD, Qv VU= DEAE FH,

L=(r+v maxQ(s,d;67) — Q(s,q; 9))2 (3.2)

279 T4 RELZMTRATY FTLICX—7 v kv b7 — 27 DEALZ EH,
A7 v 75 BRICEBINTAEER (si, ar, Re,Sit1, Q(s,a0)) 2B 7 Y X AIZ
AN

AT 76  ZDT—RZHHLT, HELLI=ANYFETEX—7y P2y b
V— 7 DEADFEEEIT,

AT T R—=T v 3y V=T kDEAZ QXvy bV —2 LEH,
AT T8 I EBHEINEQry VI RHEHL. ATy 16 RTv T3
D7t A% KL THEEEED S,

323 I—-CxYhOWRALBEEXAAZIL

BREDOT —T— /) — FHIMAL LU CEWES 2 0EERRE ClX, S —I =¥ MO
THEIZDARNC BT Db, ChDIIENRLERE D YTy —2rn—
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RO e Wo 7B ZF X IT[REMDL D 5, D X5 RFEICHIGT 2
720, ==Yz MEDOHHEBEHRIEFEICED, Zu—ULRBREICH T2 XD
TFERI RN S A, K D Rl 7 BUIE TR EHRIE % LA CHRE S 5 Z L DA HE
i3,

BHREE RNERFETE. BREE BV THERN B A =X 2%
LTW3, Kubernetes 7 7 A X —TIZTTIC Eted WO TEIF—NY 2— X+ 7
MEEINTED, 77 AX—L2RKOREERPENINTVSE, ZDD, &
/= FRiXEtcd 2N LTI 7 RX—DIREBRICAEZ T 72 RT 5 Z & HAHE
HoTWwb, ZOMBEDA Y I7I7A NI I7F ¥ RIEHATHI LT, AT LICH
TR BINT 2 Z e . SRR EREEREREEHT 223 TE 3%,
T BT, B/ — RO EWZEEEEZITOHE. / — FEROBEIMCEvEEE s
BN R T 2 REMEDS B D, Eted 20 L2 BHERN RIHFRIEE TR, &/ —
FiZ Eted & O ABEZITWV. / — FEOEZENZEFEREZ KIBICHIRT X %,

REGREBRAE AEZFETE. RNREERELEHT 5 -DI1c8EHhE
DR A= X LZHRHALTWVWS, TOHRTIE. V—&F—ZBHEEEZEL T,
)— R —L =Dz bR -2 2V b HDIEREZEN L. 77 AKX -2k
WKBIAREERRT D 2= YT RfT5, 2DV —X—2—Y x> ME, &ED
LNFT—RICHE ST, REMN T2 —) Y TORERITS, NEHD /) — R 2TF
L., BHEET—EZBANL VTHIGEEREZ S, TEHEUX I =X 21D
BB/ RO ITRTO /) —FeF—XEHET20ENH 5, %/ — FiX
(N-D) DMt/ — Rz F =2 %2k ET 5720, NfHD /) — FZhzhuzonTZ
DEEDPRETZ, LEDoT, 1HORF Y 2a—1Y Y ZITBIFA3REERE T I
T=A«Nx*x(N—-1)THd, =T, EFEXH=XLTE, &/ — 0V —
R—) = RIZDAT—REEET LD, V—F—/—FZFE< (N-1D HD ./ —
FWF—REEET S, ZFORER, 1HDOR7rY2—1) YBT3 REEE T
T=Ax(N-1) iz, 2K VBEOMEIRIECMEL, RF—5¢
V74 8 AT LAOMBLEE B,
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AT BRTERE

AETIE, IBEORBFELPERTAOO0ER Y 2 —5—D7 — X7
7 F ¥ DXETRFEEITOWTIHERN S,

4.1 FREEARICHITS MARL EFILEEET

41.1 MARLEFILDT7—FTIF¥%

AT BNTIX, REESHRICBIT S MARL 7LV EFEEL, 207 —F
T7F ¥ %X 4.112R7F,

MALIGRTED, KRV —H— /) — UL LEDER 7Y 2 — 5 — B
INTVW3E, BT —2 =¥ PAIZHAAE N2 MARL €7 058k E 1D
SRV —=%FEHL, BN RRAT D 2a—) VI RFEET S, =—I =2 M,
Kubernetes APIZ /A LT/ — KDY YV —AIREER A > T FDFEITIRKZEUSE L.
CNHDERICHESOWTRERAT S 2 —V Y IREERIT D,

BL—YVzy MIMLTEELAZAS D, REHFa LI AX I =X A
ZHELTMOT—Y x> P e EEHREEET 5, ZOHAEXI=X2i12LD, &
I—YxY MNEID ) — FORERLREEZERBLAENS, AT LK LTHR
WRERE DY TEEHT 2 ZAAREL 72 5,

| kube Api-server l

|

Worker Node 1 Worker Node 2 Worker Node 3
kubelet kubelet kubelet
Distributed Distributed Distributed
Scheduler Scheduler Scheduler

(MARL Agent) (MARL Agent) (MARL Agent)

MARL Model MARL Model MARL Model

4.1: Kubernetes B35 T MARL &7 ILERET

12



4.1.2 KubernetesRIETMARL EFILDEE

2L T2 MARL ETVICEEN I BHEEZ LIRS,

I—YxzVb & - FIRESNTVWEIRT Y 2—TF—

IREEZERY  RETILTIE, v —HILIREE, 7o — NJLIREE,

B X UOREFH D Pod

TBEMD 3FHEHEHOREZERT 5, B —ANKRBEBEL—2 = ¥ FHEEBRIA]HE
RIEREIE L. 7 a— VUK 7 XA X —2RICBT 2 FMmE R T, 4. ¥
D Pod [BHUIIA TS 2 — U ¥ DR ETs Pod ICBH#E Y 2 16 #H & &, BRI

REEZERI ¥ LT, 1 — A UIREEICIE CPU IR,

AEYMHAR 74 X71/01F

W, / — FOMREIRE, BE/ — F L THEF O Pod 0 EE A, v —rULIK
REICIZ 7 7 AR —2KkD CPU R, XE VMK, 74 227 1/0HREED,
P O Pod 1EHRICIX, Pod BER T2 CPUMHARS X EVMHEREITATYL
%, B—AhVIREBOESHEE R 4.1 1T 7,

F4.1: AT LIRBEEDOEE 51

==

)= v

BEDLEA

CPU {#H*®

top -b -n 3 -d 0.01

3oy > 7Y 7% 0.01
PRFETEITL, &7
) > Z7°®D CPU 74 KAR%
S

X [FHE

head -n 3 /proc/meminfo

/proc/meminfo 7 7 A JL 2>
5 MemTotal. MemFree,
MemAvailable % i H.

74 A2 1/0 1H#

iotop -k -P -0 -n 2 -Db

[/O7 7 T4 T4 RAEL
TW5 7Fat ZDER% 2 [
YTV T, EOHDNL
ARt OFiAE X HEZFHE,

7 — FORHRINE

Kubernetes API

API#—N—n5 HTTP Y
JIAMENLT/—FD
TR FRIRRE % IR,

BEH D Pod O

Kubernetes API

APIH#— =75 HTTP V
JITX NS LUTHAE —
R _EC#HEH D Pod DEE
INEE,

71— )LIREELE Kubernetes API ZRHL T2 2 X & —2KD Y v — R IRKE
ZEGT %, BERANICIE, CoreVIAPI 2 U T/ — R 6 CPU, XEY, X b
L—YORmEEE DY TA[REREZEISE L, BMEHICE L T2/ — FOGRHMEZ
waxmZ L LT, CPU, XEVY, APL—YODHHZER

B I Y CTRER Y
RS 2.
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R D Pod 1BHIZ 7 1 — OLIREE ¥ [F] U < Kubernetes API % F|F L T Pod

aiﬁé%ﬂ/T%®UV 2EREBPIUST 2, VY —RBERPEREINTNY
%8, CPU  XEVOEREZMMB L, il L7 CPUZEKREIZIV a7 H{L
o a7 BANICEfRX N, XE Y EREIIMBHEA TGN, ZOU5DEE
J — RO CPU a 78k X ) FRTCIEREL L, MNP Y Y — RBEREBEET
HT 5,

WIMEREL - RE TV OHMMBEIENI v — D VRN & 7 v — LRI o T 75 % B ET
XNTW3, AEDEErY v ZITESOTEHMEiZ ., VY — RIS T4
EXRE DEREMEN ER XN B,

Y — ZADMBRIBMEAZRET 2720, HHEN 0% RKHOGE. HHEL &

i RRRME (50%) DETIZHE DV EH OB E X 55, 50%5 5 80%DHiPH T
EEARPRETH 2720, EOHMITE N2, HNIFEHAROERIZ X -

TRIHE XN, ZOHPHEHRE T2 Z eI 3, YR T 2OREWEIHERET 2
7o, W% A /5. ot HIRE (80%) & DETITEDSWIAHDH
M5z 55, FRHEARDS 0% FIGELGEIE. AT 20REEICHE
KBV AT PEL BAREMEDH 57D, REREADOWM (-60) BfT5 b, v—
HNVHIE 7 a— L. CPU. XEY, XA FL—YDFEHRICE SV
oA th b, BRI, v— D VRENE 2o — N LIREN O &5 & E
FRCH - - EEETHE R S,

FENZef]  RE T A DITHIZEMIZ. Pod DRAF Y 2— 1 ¥ ZHER RIS 5 8
B/ zEf e L TERIN S, BAAMICIE, fo—Y 2y MIEYETZ/ — FIZ
MUT, D Pod 252 ANLE 0 EDD 2 HIRIREZIT I,

ARV > — Deep Q-Network 713V AL 2 HHAL T—Y 2V FOKRY > —%
FELTWB, FHIcOVWTIZ 4.1.3 CTHHT %,

4.1.3 2B7II OV XLORERE

RET2ETNVOHIIREET H 2 BEETEEZ, 3.22 THHALZDQN 7,13V
XA%ﬁr*&émfmé ZFOEMRPEE o 2% 703 XL 1ITR L7,

DOEBIEE L, BRIRICHE T 2 BIBBRE RS 572012, BEN O 7 —
wD%ﬂﬁLfmé @%&Bf@\_uﬁﬁ%@ﬁﬁ EIRCHH x5 Q BIEL
25 R LBETHIET 2, 228 a2 pthans . BERVEZ IR
HINCRAT Y a—F =D X vt —IRFHEE5ZT 5, 7\/7‘/1“—‘)/7g;k% (G
T3, BEREEE Pod EHREZUHT 5, Xz, BEEREEFIHED / — MK
HE Nodel & 7 5 A X —IREE Cluster; ZHUF L. 7 7 A X —IREXRT ML State, %
AT 5. N7 FLANOEIE, FRNCERE XN HRFE I - TIERbXh
%, BEJVEZ X, TXTORBERITENICOWT QEFHEL, -7V —F 4 —if
BE2FAWTRAD QELREIRT 2, £/, 1-c DERTT VX LI/TH23& RS
5o AT Y a—7—I12fTH) Actiont IR L 72&. BEEREZF LT, WFEEL. 20
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BEE — NOREBEZEIS T 5, T X 15 MIERESINTE D, ZHUd Pod 25%4G
T35/ — R4 Y REN, EITHRHMEINE Z e 2 HFHICT 22D TH5, Z
DRAr Y a—=1)rrrat XD (State;s  Actionys  Rewards,  States ) 13HEER
TN I B, RS — A0 5 b, BEREE IR S — 155
SURLBEREY TV L, Za—I 3y NI — T DEEEHBT %, #F
fility bV —2I3BREFML. AEERNR Ty T2 T73 %, X—F v bty b
T—21F. 100[EDA4 T —a >yl ity WV —2T DRI X —RE o’ —
LTHEAZERTS2, 2070 RIEEIRTITB3ETEDIEINS,

Algorithm 1 EERREHE DI 7 L3 Y X 4
Initialize experience pool D to capacity N

Initialize action-value function ) with random weights

Initialize socket connections with leader scheduler

1: for episode =1, M do

2: if get scheduling request at time ¢ then then

3: Get state of worker node [Node,] and cluster [Cluster]

4: Combine the node states and the cluster state with the pod resource
requirements as the state vector State;

5: With probability € select a random action Action;, otherwise select
Action; = max, Q(¢y, a)

6 Return the result Action; to scheduler
7: Get state of worker node [Node),] and cluster[Cluster'] after time T;
8 Calculate the reward Reward;
9: Store transition (State;, Action;, Rewardy, State, 1) in D
10: if D.counter > capacity N then then
11: Sample random minibatch of transitions from D
- Set y; = {rj for terminal ¢;;
r; +ymaxy Q(¢j41,a’) for non-terminal ¢; 4
13: Perform a gradient descent step on (y; — Q(¢;, a;))?
14: end if
15: Copy parameters of eval Network to target Network per K iterations
16: end if

17: end for=0
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4.2 Kubernetes & D¥RE
4.2.1 Kubernetes API & D&

KREITE. BB T2 ET MBI % Kubernetes API & DFiEICOWT, FH
IR & 2 O FREEFEEHAT 5, ETNVOMBRNLEHZEHRT 2729,
Kubernetes API D &HERE 2 RIRANTTEH L TW 5,

Pod DEEf  Kubernetes Watch API % W THI R Pod DIEKRA N> + 2
LT3, Watch API DFEHTIZ, A XY PNV FF7—%23E L. ADDED,
MODIFIED, DELETED 72 ¥ D4 N> b Z A4 AIZIH U CHEYIRUIEEZ(T S, FRHC
A Pod ERIRF D ADDED 4 X MZH L TIE. Pod DV Y —REK, Hllfy5erf
REDEREMBIT L, R AT 2 —) Y TUE RG22 Z e BAEE 1o
TWab,

)Y —RBEHDEUE Eted 241 LT, Kubernetes 7 7 A X —D 1)V — ZIRAEIC
B3 2R Em IG5, ZHUClE, &%/ — ROV Y —RAFESCH HHER.
B IAR—DY Y —RAFE, FHPDOV Y —ZABILFPod DY Y —RERZ Y
DEENTVDE, ZOHRIERIEOHEMEL LTHHIN. VY —2EDH YT
DR & B ICHF ST %,

Pod DNA VT4 VT CREETIE RArPVa—V Y 7 RERDOIIEEHEFRICHE
179 37z, Kubernetes Binding API Z W T Pod ZFFED / — FIZNA VY KT
HLIERERHEIEL TWB, 51T, Pod Status API Z{EH L THEITIREDOE#H H1T7-
TWa,

1) =4 —EH L BHREF Kubernetes DREEHZIT S 72D DEHFHATH % Con-
figMap ZAHL TV —X =& H T nt X2 HEE L TW3, ConfigMap IZV —& —
J— FOBEMERFEL, V—&F—/ — FOF#HE 7 7R -G T 5, V-
X —DIEWMHBEE XN HE1TE. T D ConfigMap ZEFH T 5, V—X—EHS
Dt ZDFEMIE T LTV XL 2ITRTEDTHY, 2RI D -2 =2 FMEOD
AT R L s, —BEH0H2EEPIE e AZHE L T\,

4.2.2 9B a-—-U>o57O0€EX

Kubernetes BRIETH LW Ry RETFTRu A 555, BEDORAF Y 2—7—1%
RICETF 2 5 DB TRT D 2= Y I Z2ITH, I U DIT Prefilter B
T/ — FIZHLTY Y —RIGHPEMFZHER L. RO filter BFE CTIREARR M
7= 5 /) — Re X OIFHiZ1T 5, 24D 5D PreScore EXFETIER v ROELE
TX 5%/ — FIZX LT Score ITWERT — X ZHEHT 5, ZDHRD Score BfE TR
VY —IESVWTRa7%EFHE, /- R LTRa7i {35, ZaxiEon
T NormalizeScore BXfE T/ — RO X a7 28, Y — b OFERIC X 5 5oy
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Algorithm 2 V) — X —#EZE7 )L 3) X L

Start System

Perform Leader Election

1: if node is elected as Leader then

else

— = = =
el > A el

15: end if
16: end if

Update Leader information in configmap
Start Heartbeat to maintain active status
Start Socket Server to communicate with other nodes

Operate as Non-Leader
Before sharing decisions, check if Leader’s heartbeat is present
if Leader is not responding then
Leader is considered as ”Not Alive”
Attempt to Become the new Leader
if successful then
Update Leader information in configmap
Start Heartbeat and Socket Server
end if

17: Continue normal operations

18: End =0

2 — FRIET 2, FHRERLTHIIR Y2 —F—1d, £421TR-FT L5
3ERPEICHE o TG 21T 9,

£ 4.2 DEIA Y 2 =) 7 TFatk R

ERBE

RES

Prefilter BxP&

BERAr Y 2—7—ZHTD Node VY —R%F v
47 @ Node Anti-Affinity /Affinity %5 =v 2

Node @ Pod Anti-Affinity /Affinity % 5 v 27
Custom Plugin ZF-O0H L

Filter BXf%

MARL €7V ZEA, ERT Y 2— 73BT DITEZIRE
TENIZT AND G, 7 — N2l

Score EXP%

T—Yxr bORIATEI e fHMiix HE XN, V— MERD S Bl
7:;/"_ F%%*R?ZDO
BRI 5FTNVICKIGD L TETILVEHRZITS
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4.2.3 HREBLRTSa1—F5—0DRE

ARETIE, IBEFERRCESOVWTHE LI RRZ LAY Y 2 — T —I2DWTHHA
T3, EU®HIT, K42 1Z/RL72. MARL £ 7 UIZH Wz Kubernetes D A X L
27TV a—7—=1ZBI}%. Pod DIEK 7ot ZIZOWTHHT %5, 21— —05
DRy RIERY 7 = & + % APIServer 233217 D . Z DIE#H% Eted IR 1F3 %,
Rz, Master-Slave i CHEEXINTRA TP 2 —F—S AT LIZBWVWT, &/ —
RICHLEINE ATV 2 —F7—=2Ky NMEWmEEMH L. MARLETLVEHWVWTAR
I a—) Y TOPRERITV. FOMRRIE Master 7Y 2 — 7 —IZHH XN, &
W) — FOBEXINS, ZDH%. Master AT 2a—F—PBNAL VT4 T FT
Yz bZAER L T APIServer 1288k L. HAXHIIZ Kubelet 25K v FIE#H % Bifid
LT Docker I2a > 7FDETEIERL TRy FIREBZEHT 5,

APIServer Etcd Kubelet Docker

Create Pod

NU—
Add pod project

Watch pod

Watch pod Lo

Create binding |

>
Add bound pod object

Watch bound pod >

Update pod status

» | immediate actions
» : periodic polling or delayed
information retrieval

X 4.2: Ry RIERR a2

Kz, KASIWR LTI AR LR Y 2 — 7 —DNEIR 7 0 — 212 OW TS
b0 AT Y a—7—EEIFICY — X —E HZITV, EHIN/Z Y — X —23 Heartbeat
¥ socket b— N—ZEE L, BDR T P 2 — 5 — I ZEHIREEITHEI TS 2, ATV a—
Yo7 7at 2I2B0WT, ®ETORTY 2 —5—13Ry FOEM L REMERZHE
L, V=X —RrYa—F =3 REZZITIWD, T/ — FOERE Ky KD
NA Y EEITI, —H. BV =K =13V — X —DEFHER. DEILUHY —
X —EHZITWV, REZV —X—ITEET 5, 7z AVt —"—#ag LT, JF
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V=X =R ) — X —AAFERR. U — X — & YRR O#T Y — & — 3,
WU —X =12 X B> 27 kRt OEREZFEL TV 2,

1

Leader
Election )

Leader

Non-Leader

L

Make
Decision —NOn-Leader_;
Al
Leader Alive ive

Leader Not Alive

Y
\J !

*—-
e

Xl 4.3: NELEE 7 v —

DI RFEEICEY, B EESRHRLI-EGAHMES AT 2EB L, V—
X—EHE 724NV F—N—DHHAIC L > T R T LDOREM L EEEZ E
XETW3E, £720 MARLETFAEEZGRAT Y 2 —5 —CHBET 2T, 7
I AR —2KOMRER L BT EEBH LTV,



EHE SZER M

IR E T, RBTROKGI L REEZT o7z, AETIE, BRI L > TRET
EORREMEL L 720 MELIZEIERERS & MEREREII O D DBIR A 51T 5, FEIR
BOARMFIRE T 2 0B R 7 Y 2 — 7 — OEIFRERZ 1TV, FHMfiBR 5 C REFHT
5t DRS HLE U CHERERTI 2 524 L 7=,

5.1 SERICAWEE

REBGUHEA L~ o VB3R, ALY 7 by =272 K5.11RT,
FLEPRIR  FHMBRR IR U RS VOR L REZ A Lz, a7 FREE LT
Kubernetes I U7z, BEBEFRIZEDSOWTHRER 7 Y 2 —F — I3 Python ik
THEELL,

% 5.1: EHREREE

= AT

OS ubuntu 24.04 server

CPU QEMU vCPUx 4

XEY 8192MB

aryrFIA—r7 AP —2a P A7 A | Kubernetes (Version 1.31.0)

SEERE IR, [~ &2 3B L7z, Kubernetes 7 7 A X —EHEE LT,
I1BDYAX—/)—FREe 28DV —h— /) — RTHRIN3S,
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5.2.2 Eh{ERESR
AT a—S5—iikHheE

K51 X521 FAFNY —X—A75Pa2—F5—rI Y —X—Xr P a2—
7 —EHT D e R FTHRERLTWS, ZUTED, V—KX—XF
Ja—T—NETNLOPHAILRICY — X - L TGEHIR, VI v b —N—D
R U= — FOEERZITo TV AT MR TE 5, —J7. JEV —
=27 a—7—MTIE, EFT VoML ITONEZ, MORXFrYa—F—
) —X—¥2 LTk, EV—X—2 L TOREZBETNIZITIANT NS Z H
RENTVW3S,

root@workernode3:”/DMS# python3 main.py
Initialize Model OK

[INFO] Current leader is expired, trying to become the leader...

[INFO] I am the new leader: workernode3, term: 20

[INFO] Socket server started on port 1234

[INFO] Heartbeat updated for leader workernode3, term: 20
[INFO] Heartbeat updated for leader workernode3, term: 20

K51 V—X—=R7 Y 2—7—EHk

root@workernode2:”/test# python3 main.py
Initialize Model OK

[INFO] workernode3 is the leader, term: 20
X 52: IV —K—RF Y a— T —fH#

Ry a—=1) T8

X53 X543 FNFNIEY) — KR —ARAFT P a2a—F7— ) —R—RF7Ta—F—
DAY 2=V Y PTETRCBI28EZRLTWVWS, K53DIEY —X—R 7
Va—7—Tlk Ry FORFTIa2—) Y I7HBREZEL, BED/ — FIikER
HS%. MARLETFIMICE B A7 Y 2a—) Y M Z2iTW, ZORER Y — X —
J— FNEE, 2D, Deep Q-Learning 27 v 7D EIT L MM DEHEZ1T->TW»
52 PHER L, —H, Kb54D) =X =7 Y 2—7—Tl&, FRRIZKY FO
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Ay a—V Y ITEREZELR, §YV—Hh—/ —FDPOLDART TV a—0) 7
PRERIEL., ZN5DPEITFEDOWTERER / — K (workernode2) Z3ER L T
Ry RONAL ¥ RIEZFITLTVWS, £z, N"—bFE—=DMZXB ) =KX= v T
DIEFFRR T T 2 — 1) V7R OIREREH & MG A H1T-o T\ a 2 & DR L 72,

2025-01-19 06:15:05.037 [INFO] Get pod: stress-disk

2025-01-19 06:15:05.038 [INFO] get state

2025-01-19 06:15:05.187 [INFO] Action for Pod stress-disk is: accept,

Node score: 0.58

[INFO] Start the Step thread...

[INFO] Current leader is: workernode3

Decision sent to leader successfully

[INFO] Start step 1/100

[INFO] Wait for pod execution...

[INFO] State after action: [0.358, 0.15805022447199768,
0.0006466959635416667, 1, 1, 1.0, 0.9874077246919368,
0.8999999985340964, 0.0, 0.0, None, None]

[INFO] Reward of this step: -0.395118467131749

[INFO] End dgl step 1/100

[INFO] Exit the Step thread!

53: BV —X—RARAFT T a—1 v TETHR

2025-01-192 06:15:05.036 [INFO] Get pod: stress—disk

2025-01-19 06:15:05.037 [INFO] get state

2025-01-19 06:15:05.191 [INFO] Action for Pod stress—disk is: accept,
Node score: 0.58

[TNFO] Start the Step thread...

[INFO] Current leader is: workernode3

2025-01-192 06:15:05.249 [INFO] Received decision for pod stress—disk
from node workernode2

[INFO] Current leader is: workernode3

Decision sent to leader successfully

2025-01-19 06:15:05.303 [INFO] Received decision for pod stress—-disk
from node workernode3

2025-01-19 06:15:06.249 [INFO] Decisions stress—disk collected for
[ ("workernode2’, 0.58), ("workernode3”, 0.58)]

2025-01-19 06:15:06.250 [INFO] Best node selected: workernode2 for
stress—disk

[INFO] Pod stress—disk bound to workernode?2

[INFO] Start step 1/100

[INFO] wWait for pod execution...

[INFO] Heartbeat updated for leader workernode3, term: 20

[INFO] Heartbeat updated for leader workernode3, term: 20

[INFO] Heartbeat updated for leader workernode3, term: 20

[INFO] State after action: [0.054000000000000006, 0.130051239774303,
0.0, 1, 0, 1.0, 0.9874077246919368, 0.8999999985340%964, 0.0, 0.0,
None, None]

[INFO] Reward of this step: —0.45055941390862175

[INFO] End dgl step 1/100

[INFO] Exit the Step thread!

5.4: V=R —RART T a—1) ¥ 7 EITH
DlEpe, BAF Y 2a—5—THI L TRFZ Y a—1) Yl E2TV», ) —&—

AT a—F—NENLDOREEEN L TRENBRATF D 2a—1) VI RFETTS
D7 — X T 7 F v DIEFICHEREL TWA Z L HEER L 1=,
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RT—5EUF1

) =R =27 Y a—7—[BEDLE, 724 VI —N—EEEOBRE 21T o 72, &
FEAERIIX 5.5 1R T & 9. workernode3 23V — X — ¥ UL THHEL TWAIKED S
J)—X— ) —ROFEEEZHRA L., LW —X—EBH S0 ANETINEHET
ﬁ)ﬁ%wu Lﬁ_o

2025-01-19 07:12:36.205 [INFO] Get pod: stress-video-1

2025-01-19 07:12:36.216 [INFO] get state

2025-01-19 07:12:36.571 [INFO] Action for Pod stress-video-1 is:
accept, Node score: 0.7

[INFO] Start the Step thread...

[INFO] Current leader is: workernode3

[ERROR] Leader is not alive. Trying to become the leader.

[INFO] I am the new leader: workernode2, term: 1

[INFO] Socket server started on port 1234

[INFO] Heartbeat updated for leader workernode2, term: 1

X 5.5 V=K =275 a—5—[EEDEE

MUEDS, V=K —2ArPa—7—IZEENRELEEETDH. HHFNH L
WY — X —ZBEHL, A7 P a—) U IHEEERRGE T2 Z MR T E 7,
HLWAT Y a—7—BMT 23558, A7 a—7—0OIREDKREEEIT - 7=,

FERIZX 5.6 IR L D120 FTLWART Y 2 —F — (workernode3) Z 181 L 72X,
ET VO IEFIZTE T L, BIED Y — X — (workernode2) Z 1E L < i T

ETWSZ DR TE =,

root@workernode3: " /test# python3 main.py
Initialize Model OK
[INFO] workernodeZ 1s the leader, term: 1

B 5.6: HFILWRYT Y 2—F —BMOGE
b5 \ﬁbmx#/l—7 ZEMLUZBETH, BEHFEO Y — X —EH X

HZ XL > TRYNHE SN, T AT LDO—EE U THRES 2 Z & H3Tk
FIL)T %7}\_0
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5.2.3 F—/I\Aw RsHAl
HEA—-NAYER

HEF— Ay FOREIETIZ. X7 P a—) Y FETRICBITZ Y Y — 2D
FARIE % 5 FOREIRRTHY 4 79 30 BHEIE U7z, HIEHARH, SRR THERY M %
i TxICTTaA Lz, BIERRICIE. R7 Y 2—5 — 2§ 3 CPU =R,
XEVMHHE, BRET4 X7 1/0 ZHAIL72e M5 TICRT Y 2—5 —DFEATH
T TOREMRZ T,

CPUMH®RY LT, Ky K771 A1 Blth L FRIC CPU fHZERI 1% LA,
3T DRY RRZFY 2 —1 v ZRICEARZ: CPU {#i R 8-10% O i T
L.

XEVFHEICOWT, EXEYH A X (RSS) 1482 MB 2> 547493 MB A\ &
WEAHEMLTED, ZhEFILWRY FRERIN, ZR0YHXEY 2HE
LTWbE2W0WH ZeTHb, REXEY OMHEIX 3528 MB 2 547 3984 MB
LML TED, Ky RO LT AR X T VIRIIFEE L Do 72,

T4 A2 T/OWZDWT, T4 RAZHiAAAFZ—ELTOMB T, ZAUIBIHII
M T A R0 oDT =GR AMD DBFHEEL TORNWIEERT, T4 RA7E
XIAB DT EN /N E X ABD D 5,

BWEA—NAYER

BEF—AAY FTIE, V—&E -5 a2a—F LTI —FX—Rr T a—
T —=oDHHAR Y FICHET2EREET 2RO —XRNEEEZHE L. &
FF50MEDOR Yy RBTF7a A INBEERIZEF21RT, HEHERNLS, V—&K—
2P a— 7 —PEPINEREZET 2 HROBEER -V RERETE 2, B
HARY F—HOZEINTT—XBEIZ T8 N4 F 25 9584 hO#HIFHT, JEY —
=)= 560 —R—) = F\OBEVPER/MEINTVWS Z MR T X7,
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LICHEICE I TE D, BEREDORRNCIE. RS, EE LT BEE LR
DHEFABE LNV, ZOFERPS, AT 21— 7 —DEE L THERINCEINEL T
WRZLERT T 2a—F—DR7 x—<VADEB L L HIEF T2 2 2idH0n
ZEDBRNT e BERL T2,

Pod Action Timing Analysis

Pod Name Start Time Action Time Duration (s)
stress—video-1 2024-11-25 ©7:43:28.779 2024-11-25 ©7:43:28.787 0.008
stress—disk-1 2024-11-25 07:43:34.304 2024-11-25 07:43:34.309 9.005
stress—net-1 2024-11-25 ©07:43:39.798 2024-11-25 ©07:43:39.800 0.002
stress—video-2 2024-11-25 ©7:43:45.382 2024-11-25 ©7:43:45.383 0.001
stress—disk-2 2024-11-25 ©07:43:50.951 2024-11-25 07:43:50.954 0.003
stress—net-2 2024-11-25 07:43:56.499 2024-11-25 07:43:56.502 0.003
stress—video-3 2024-11-25 07:44:01.919 2024-11-25 07:44:01.920 0.001
stress—disk-3 2024-11-25 ©7:44:07.512 2024—-11-25 ©7:44:07.515 0.003
stress—net-3 2024-11-25 ©07:44:12.819 2024-11-25 07:44:12.821 0.002
stress—video—-4 2024-11-25 ©7:44:18.139 2024-11-25 07:44:18.141 0.002
stress—disk—4 2024-11-25 ©07:44:23.827 2024-11-25 07:44:23.835 0.008
stress—net—4 2024-11-25 07:44:29.447 2024-11-25 07:44:29.451 0.004
stress—video-5 2024-11-25 ©07:44:35.073 2024-11-25 ©7:44:35.074 0.001
stress—disk-5 2024-11-25 07:44:40.759 2024-11-25 07:44:40.760 0.001
stress—net-5 2024-11-25 07:44:46.358 2024-11-25 07:44:46.363 ©.005
stress—video-6 2024-11-25 07:44:51.924 2024-11-25 ©7:44:51.928 0.004
stress—disk—-6 2024-11-25 ©7:44:57.568 2024-11-25 0©7:44:57.570 0.002
stress—net-6 2024-11-25 ©07:45:03.169 2024-11-25 ©07:45:03.171 0.002
stress—video-7 2024-11-25 07:45:08.776 2024-11-25 ©7:45:08.779 0.003
stress—disk-7 2024-11-25 ©7:45:14.341 2024-11-25 ©07:45:14.345 0.004
stress—net-7 2024-11-25 07:45:19.916 2024-11-25 ©07:45:19.919 0.003
stress—video-8 2024-11-25 07:45:25.470 2024-11-25 ©07:45:25.471 0.001
stress—disk-8 2024-11-25 07:45:31.062 2024-11-25 07:45:31.064 0.002
stress—net-8 2024-11-25 07:45:36.604 2024-11-25 07:45:36.605 0.001
stress—video-9 2024-11-25 ©7:45:42.179 2024-11-25 ©07:45:42.181 0.002
stress—disk-9 2024-11-25 ©7:45:47.727 2024-11-25 ©7:45:47.729 0.002
stress—net-9 2024-11-25 07:45:53.256 2024-11-25 07:45:53.258 0.002
stress—video-10 2024-11-25 07:45:58.778 2024-11-25 ©7:45:58.781 0.003
stress—disk-10 2024—-11-25 ©7:46:04.305 2024—-11-25 07:46:04.309 0.004
stress—net-10 2024-11-25 07:46:09.592 2024-11-25 07:46:09.595 0.003
stress—video-11 2024-11-25 ©07:46:15.158 2024-11-25 ©07:46:15.159 0.001
stress—disk-11 2024-11-25 07:46:20.785 2024-11-25 07:46:20.786 0.001
stress—net-11 2024-11-25 ©7:46:26.231 2024-11-25 ©7:46:26.232 0.001
stress—video-12 2024-11-25 07:46:31.822 2024-11-25 07:46:31.823 0.001
stress—disk-12 2024—-11-25 ©7:46:37.480 2024—-11-25 ©7:46:37.482 0.002
stress—net-12 2024-11-25 0©07:46:43.103 2024-11-25 0©7:46:43.105 0.002
stress—video-13 2024—-11-25 07:46:48.665 2024—-11-25 07:46:48.672 90.007
stress—disk-13 2024-11-25 07:46:54.158 2024-11-25 07:46:54.162 0.004
stress—net-13 2024-11-25 07:46:59.715 2024-11-25 07:46:59.716 0.001
stress—video-14 2024-11-25 07:47:05.316 2024-11-25 07:47:05.320 0.004
stress—disk-14 2024-11-25 ©07:47:10.884 2024-11-25 ©07:47:10.885 0.001
stress—net-14 2024-11-25 ©7:47:16.481 2024-11-25 07:47:16.482 0.001
stress—video-15 2024-11-25 ©7:47:22.072 2024-11-25 ©7:47:22.073 0.001
stress—disk-15 2024-11-25 ©7:47:27.626 2024-11-25 ©7:47:27.629 ©.003
stress—net-15 2024-11-25 ©7:47:33.160 2024-11-25 07:47:33.164 0.004

Summary Statistics

Total Pods Processed: 45

Average Processing Time: ©.0803 seconds
Minimum Processing Time: ©.0801 seconds
Maximum Processing Time: ©.008 seconds
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