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Locality-aware Cache Management Strategy for Concurrent Graph Analysis

LI Hangiao' and ZHAO Yuanjun®
1 Basic Science Department, Wuchang Shouyi University, Wuhan 430064 , China

2 Huazhong University of Science and Technology, Wuhan 430074, China

Abstract With the rapid growth of graph computing, modern graph platforms routinely execute a large number of concurrent
graph analytics tasks to extract the latent value in massive datasets. Consequently, concurrent graph processing has been widely
adopted in domains,including intelligent education, public administration,and news media. However, most existing graph proces-
sing systems are originally designed for single-task execution and suffer from excessive redundant data accesses when handling
concurrent workloads. Although prior studies have observed significant redundancy in in-memory graph data across concurrent
tasks and have attempted to exploit temporal and spatial locality to share underlying graph data, they largely overlook the data lo-
cality in private state updates. This limitation leads to low cache utilization and, ultimately, degraded system throughput. To ad-
dress this challenge, this paper proposes CCG,a locality-aware cache management strategy for concurrent graph analysis, which
fully exploits both temporal and spatial locality across tasks to reduce redundant data accesses and synchronization overhead. Spe-
cifically , CCG efficiently buffers and incrementally merges redundant updates,leveraging data locality to perform high-throughput
batch updates in memory. This design minimizes access costs, mitigates cache thrashing,and significantly improves concurrency
performance. Moreover,CCG employs a multi-level cache hierarchy to enable layered buffering and merging. thereby eliminating
synchronization and locking overhead during private state updates. Experimental results show that CCG improves system
throughput by 2. 3X ~7.8X over GRASP.

Keywords Concurrent graph analysis,Cache architecture,Data locality,Cache thrashing. Throughput
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1. classcache:

2. def update_cache(addr,update_value) :

3. If addr not in self. cache:

4 cache_store[ addr]=0

5. Acc(cache_store[ addr],update_value)

6. def merge_to_memory(memory) :

7. foreach addr in self. cache:

8 Acc(memory[ addr], update_value)

9. cache_store. clear()
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1. class MultiCoreCacheSystem:
2. def update_private_cache(cid,addr,update_value) .
3. private_caches[cid]. update_cache(addr,update_value)
4. def evict_to_llcCcid,addr) :

if addr inprivate_caches[ cid]. cache_store:

update_value= private_caches[ cid]. cache_store. pop(addr)

. def merge_llc_to_memory(memory) :

5
6
7. llc_cache. update_cache(addr,update_value)
8
9

llc_cache. merge_to_memory(memory)
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Fig. 4 Multi-level cache buffering and merging strategy

1T 9 & 181 23 07 A 45 00 25 1) Jay 3R 4 3 b 7 FA A 2 A i
LLC ZHEAF T AT 43 J2 5% oh 5 6 JF B9 SR W T LA 20028 it
P T AN AL ) P T R 2 4 7 ) B B S A () AT LA
A OB/ e JBE ] T AR 28 Bl 1 SR R

WnlEl 5 pras e B J7 R R AT RO SR RO W A A
T B2 W ARG A T 55 /9L A Bl S0, SR
SCHRY T TR RE BB 2 AT 55 B AL B SR B — A
— PR A AT 5 1 50 S i A SR R

| |

ZHEE]

; . AEA2 L.
éllllal l@lll;

\L REH3 R4 i

LLC

ok

Ca) BUAY 7 0% 1 8 A A0 o0

LLC

INEE%M

W
(b)) it ik % A $0 0 5 0 EOT
5 ik G2 A HE 5 0T TR
Fig. 5 Merging of batched cache updates
Bt =z 4, B4 Y ik e WAk T 28 R 5 R I & B
Pt b B, DT 2 3 PR T T KB A AT AT S5 B AT M BE L B T
It R 53 BT AT 55 2 6] 19 G2 A7 4 12 B0 () 20 T 4

129
de e, AT T HR A U TR AT A R R T
Z:I (‘;»/Ub
CEAT -

TR TR MES USRS P C EEAT A
R BB TeAURAE S ¢ PR C 19 S B R

A BT D5 SO BT 4R 7 15 B A AR T U - T 42
THAT A A

4 MEREEM

J T HE CCG P RE L il ZSimt*Y 3F 17 fi 28 M 4 301
HEAR L RHIH S ER — 4 64 RS, AR
LT Ak B AR L o (8 FAASE 05 95 7 /R Skylake b 2185 B 0 #2 45E
HIUE. AL EA RN L1 A L2 BH . TAZLHE
—/~ 64 MB ) LLC. &b B8 AZ 0 9 8 3 HF AVX512 54, 4K
JETERLL B AL FR S S B T CCG, Glign g+ 5.3 BE47 4
. R B H-03,

#1 FREEKRE
Table 1  System configuration

4 4
CPU # X 64 #,X86-64 ISA.2. 2 GHz. Skylake-like OO0
Ll %% A% 32KB,8 B 41 AH 3, BHEE .3 AN B4 R
L2 % FABAA 256 KB, 12 ¥ 41 48 3% , 0 2E .6 /B 48 B B

LLC Fr A A% 2 64 MB, 16 J o 77 41 48 % , B 7€ . 27 AN B4 B 3

Lk 12 #3# DDR4 3200 CL17

W 2 Fr g, 525 ok B 4 A H SR B D, 4
WT,LJ1, TW Hl UK %7~ ., S50 I & B4 b 4 55 0 FT A3
REE 6 A 1B 5k 1E i 3 DT, 43 i o SSSP, CC,
BFS,DFS,PR #l BC, X &5 1k B4 & M 43 00 4R 300G
i 77 % PTG 92 A 2 DA 4 55 Tt FF ot 77 474 RT 5925 [)
AP R G AN PR A 3 D] B . 3o S R S P A S T R
ANTE L 7 BES, DFS Il CC P A7 92 16 #6201l SSSP, BC il
PR £ 5 15 #E 22 5 [l I, 33 B0 5595 U7 [ TO0 A5 Y7 AN T 5 36 AR
WL S AR R [, ST 8 3 S 0 5 ) e A A T D B9k RS [
IS IR & B o3 B A 45 . JF X T AT i BFS #1 SSSP, ik
BEAS TR A R T

2 BARLEHE
Table 2 Description of datasets
B & WA HE W E
WwT 2394385 5021410
LJ1 4847571 68993773
™ 41652230 1468365182
UK 105896 555 3738733648

Lk 6 MR A G AL 5 AR R IE & B 5 AT 55 4
G HAEGET 12 TR B SRS, DU AT AR b 3 35 1
SCHE R AT RE S IR I R, Wk 3 T EI L5410k 12 4 BFS
1% 3R R M-BFS; 58 — 414 12 4~ SSSP {14, £ /" M-
SSSP; %5 =200 4 4~ BFS £ 45 .4 4> DFS L 55 il 4 4~ CC %
% IR Ry 1 BT 45 X N A HE 98 T R 20 L LI AT A2 47 7 G AL A
BT LUK H R R N AL E A (UG s 55 U 4 o 4 4~ SSSP AT
% 44 PRAESF1 4 A BC AR5, BN X 2 4E 55 XF 9 A7 7 5



130

Computer Science TFFHLEI#  Vol. 52,No. 12,Dec. 2025

TR 2 HHEE BTG RE L, BT LK H 3R o AL E 4
(WG ;i J5 — 424 BFS {1 4 .DFS {F: % . CC {F: %5 . SSSP 1%
% PR % BCHEF & 2 4. Fm AR A LB S H(MG),
I K T 43 M AT 55188 F 2l 245 52 32 05 2L 4 32 B J) 4 A5 AR DA T #
oI

#£3 HEEMIESES

Table 3 Concurrent graph analysis task sets

HEERNESEE o KB 2 A R
M-BFS {BFS} X12
M-SSSP {SSSP) X 12
UG {BFS,DFS,CC} X4
WG {SSSP.PR,BC} X4
MG {BFS,DFS,CC,SSSP,PR,BC} X2

B 58 7E ZSim BEAYLE R 3R 5 R 8 4T Rt 1Y R R B
A5 Glign' , H % ] GRASPU) 22 17 45 P 5K W& T AS 3 &
CCG P, 43 At 4 DB 5 A IF & B M 4T 55 4 A ok
TR, RIF .7 CCG-G (s 17 B i K Fit 8 2 45
Glign™, 3 B L R A CCG ¥ @) b o ik 47 A1 BL A9 X 18

M 6 T UL, A L TRl GRASP 2% 77 48 2L 5% g /Y
Glign,CCG-G AT LAFRTH 2. 3~7. 8 5 Wy Mg 4 F+. 7R ST
FAR AT, CCG-G AT R, Wk 2 Ul WA 7k IR
B 43 M AT 45 424 SSSP 8 BFS 25 1% JE i Al LU FHT 45 14 3 4
Ui I R 2, MR BE AR THEE . (R, AT 45 22 5 M K L 4K
P Vi )47 R JC B A 5 A RO AL L 1 CCG R BAE R AF
SR T AT T A 0 8 A D95 T R R B R
25 VBRI AT 55 — BEA 8K, Bt T R [R] 26 3 B 43 BT AE: 55 30
A Ao 0 2 ) Jy 3 1 o T LA 4 P AR A 2R AT A0 B U )

8 8
7 CCG-G Glign 7 CCG-G Glign
6 6
25 R5
| o
4 4
& &
3 3
2 2
1 1
0 0
M-BFS M-SSSP UG WG MG M-BFS M-SSSP UG WG MG
WTHHEKEBATER LNBHEHRE TER
8 8
7 CCG-G Glign 7 CCG-G Glign
6 6
R5 R5
-,ﬁ 4 iﬁ 4
= &
3 3
2 2
1 1
0 0

MBFS MSSSP UG WG MG
TWHELETLER

MBFS MSSSP UG WG MG
UKH R EETER
K6 A8 4 DAL LIS 15 AR I K K5 BT 55 26 6
CCG-G Hl Glign By fig Xt [k
Fig. 6 Performance of CCG-G and Glign running different

concurrent graph analysis task sets on four different datasets
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