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Modeling GPU Memory Systems Based on Cache Functional Simulation
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Abstract ; Reuse distance analysis is a common trace-based method for cache performance analysis. However, with the continuous evo-
Iution of modern GPU microarchitectures, existing GPU memory analysis models based on reuse distance theory suffer from significant
inaccuracies due to oversimplified hardware characteristics. This paper proposes a GPU memory system modeling framework based on
trace and cache functionality simulation,focusing on modeling key memory features of modern GPUs,including sector cache, adaptive
L1 cache allocation mechanisms, and write-through versus write-back policies. Experimental validation on the Volta architecture and
several benchmark suites demonstrates that the proposed model significantly improves prediction accuracy in several key metrics com-
pared to the state-of-the-art model PPT-GPU-Mem:the L2 hit rate error is reduced from 43.39% to 15.86% ,and the memory read/
write transaction error decreases from 42% to 16.85% .
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PG 4 PR B U S . ARSI AL 2 &
Kernel #5481, 75 36 U 5 i, 2R SO 50 20 R 6 5% B4 /1N Ker-
nel BB A LT WA i £ K/ Kemnel £ 55
Trace S48 FARLU ] 1 . — 86 TAE™ &g BT A Kernel
IR Kernel 8746 FSRAE 1 2o R ARAST 0L 7] , H3X
PO B AR TARSS A AT DM AR TAE.

)G, ARG — A T 37 AR R EEH, 3T 1736 4~
kernel , S £E #Y Trace /MK 196 GB. H 34 FfE AR
R A SCHE B 562 1T T 2K, Pannotia 7 FH #4955 2R A
ANEBIEARFERA. £ 2 PRFPLEHRETES B ERRN
FlBAT eI A . e TR Es Rt , AR SO A LRI TR
Kernel $8HREUFE-3) , 15 RN FHSE B9 25 3. A SC st 4
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Table 2 Benchmarks
A4 R iR Kemnel ¥t  Trace K/ Ay o iR Kernel %7 Trace /)
b + tree 2] B + MR 570 A 2 719MB lavaMD ST AR 1 475MB
backprop SR AR A 22 R 2% 2 160MB nn K BOE 4R H 1 2MB
bfs EW) Bl R 16 4MB nw DNA JF5%f Lt 255 120MB
cfd WAl 2 E AR 24 729MB pathfinder 465 S5 4 IR AR SR AR 5 161MB
dwt2d THEBEEUNE AR 10 173MB srad LTS E R R 300 5GB
gaussian(2) BT AR TR 156 5MB streamcluster TR EERSE 224 7GB
hotspot it AT AT YRR, 1 62MB
2mm!2!] WA R 2 80GB gesummy i [ H AR TR 1 2GB
3mm IR RETR 3 15GB syrk SRR 2k #aE 1 40GB
bicg prdisany - giige i 2 1GB convolution2D T #EERRL 1 2GB
gemm AR PSR 1 5GB jacobi2D T #ff: Jacobi fEHiAR A 40 2GB
gemver o] eI A I N 3 3GB
AlexNet 2] LR M4 22 18GB LSTM TEBR M2 2% 1 557KB
GRU FipER e e 2 IMB
color(4) 2] P T s 5 (e BR 92 6GB mis(2) BRI ST B 38 2GB
fw(3) P o B A 447 2GB pagerank(2) MIHEA RS AR 83 4GB
F#3 TITANV FLESH ATACBIR 25 2 B W) T Y948, MBI O BREE. AHE REUARME
Table 3 TITANV GPU parameters T ARG 4 SEBRAE e 2o A S o, R 1 B BH T
Bty volia/7.0 #SM 80 HMELEES—E. BT TS e R 2 17 L
HEHNTE(KB)  0,8,16,32,64,96 ik« LRU FREN 0, R CAETHR F- MG 7 MAPE Bf HEER T B84 R 0
Ll {8 32-128KB L2 A8 4.5MB AR
L1 4T 128B L2 284447 128B
L1 AESE = 4 L2 skl = 32 4  #fE NVIDIA TITANV 284, PPT-GPU-Mem F1
Ll fIKA/QA  32B L2 5K A/ 32B A8 SCRERY - 4 0 IR 22 FIAH G R O L
L1 ‘550 + HHE-5450 L2 5%« H-5450

<304 F§ NVIDIA Nsight Compute 4 884347 T.B* ti4e
BEAF P AR P BB % 4. Nsight Compute ;2 NVIDIA ‘B 5 #
Hi i T BURMESE nvprof TR M5 —AAEEREMT T &, 35
T R AR A BT R M. A SCR I BRIA B Kernel 2%
W, 38 AR T8 G AR R SR SR E R B
AT Kernel Fsf Fil 37 28 47 , M T AR TIE 28 47 AF 6 Mk RE R 48 1) — 3K
P AR SO AT 2 YR R BRI A, R R R R

YER A SCXF LG I Z= HE , PPT-GPU-Mem IR ACRD 3 & 7
HJF%E TAE PPT-GPU® o, R SCR UL WA B 20 F T
STEE. AT EGET, i F PPT-GPU-Mem 3% 45 5231 Sector Cache, {if
FH 128 75 Cache line iRZE SRR, B T A1 LI, 4
SCH L1 1 L2 Cache line Jo/NEE S 32 275, LUHLESE )
Sector Cache 15 , FoAxHE (SRR FFAHE .
5.2 #&RaW

F 4 BT A SCREE R PPT-GPU-Mem 75 2245 Volta 48
FaE, % L1 L2 iy 3 & RIS 5 A R . A3k
FASEE 46 %0 43l iR 25 (MAPE ) #1 B¢ /K b AH 56 22 28 ( Pearson
Correlation Coefficient ) 3¢ TF #4555 B 2k 5. MAPE X fT & 15
*https;//docs. nvidia. com/nsight-compute/NsightComputeClLi/
5htt‘.ps :// github. com/NMSU-PEARL/PPT-GPU

Table 4 Average absolute error and correlation rate of PPT-
GPU-Mem versus our model when modeling NVIDIA TITANV

Metrics MAPE Correlation

PPT-GPU Ours PPT-GPU Ours
L1 Hit Rate 14.70% 11.06% 0.99 0.99
L1 Hit Rate( Global ) 14.82% 11.17% 0.99 0.99
L1 Hit Rate( Global Load) 10.22%  7.26% 0.99 1.00
L2 Reads 23.66% 11.54% 0.95 0.95
L2 Writes 17.24% 11.80% 1.00 1.00
L2 Total Reqgs 21.57% 9.11% 1.00 1.00
L2 Hit Rate 43.39% 15.86 % 0.76  0.94
L2 Read Hit Rate 158.42% 38.98 % 0.75 0.9
DRAM Reads 53.06% 13.33% 0.87 1.00
DRAM Writes 896.21% 1383.14% 0.50 1.00
DRAM Total Reqgs 42.70% 16.85% 0.94 1.00

MK 4 #a5H1:1) PPT-GPU-Mem A SCEAIZE L1 _E 9
T B HETA B AR LU g, IR 2240 B O 14, 50% Al 11.17% 52) Z<
SCRERITE L2 ARAFAH S AF I 4D e BE 3T B3 L2 oy
AR 43. 03% FEAR N 15. 73% , RAF S 5 IERZ
42.70% FEAKE 16. 85% 53) L2 FRATA R AFFE AR I9FE R R
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Fig.7 L1 and L2 hit rate prediction comparation between PPT-GPU-Mem and our model
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X R AR S2BR L2 BB 2R LN 0, 1 PPT-GPU-Mem
PR FIEHBEE L My %, SR B R E, B4 S
O L2 7 H Ay P RIR 2 E ik 252% . TP — LA,
5.3. 27l B BT R BT UE L1 Ay Pl E R X SRR
Eidea:opAa]
5.2.3 RABEUERSH

Wik 4 P, BAFTEBUR 2 45 BT iR 2 KRRk, 3
B BESETIRZEN 42.70% G 16.85% . X F 8
TFEAFSH MREAN T FETZRE S, L rodinia
B on R, BT L2 B AR CESR , 5 ABIERN 171
KB, 3¢ X E4ES M Z S5 A BAE, (A2 Nsight S2FRR
EIMBHEE ABRSRAEREE O, BHET BIERIUH
416B. ;X Rl AT e fy T Nsight 4047 T B A9 BR %1, 5% 2 Al
AR IEAE AL R S T B S A S 3. X R 5



484 NE

e

R R 4 2026 4

R RS ABSE MAPE R . IRRAN RE REA
U IE AL 5 #1525 ( Normalized Root Mean Square Er-
ror) $EFRHEAT IEAL , WA SCR R A R AT D, Hix M
2. 16[% 0. 36.

Bl 8 BR T A O 5 PPT-GPU-Mem & 7735 55 I (&
FRE {4 BLSEAETE BT Kernel | AYAH & %5 He. AR AR R T
P ESE , DA AR R B N {E , = A 2% PPT-GPU-Mem %5
W, BB A SO S 5. 48 BnT LLYE i Mo B, A SO AL Y
TG BB 4 5 ELSE R, SR R B A AARPE R L W E
2% I+, T PPT-GPU-Mem NI {5 B £ 453

le6 le6

o Qur[Corr:1.0 o Our[Corr:0.99
Err:0.14] 7 i Err:13.5]

APPT[Corr:0.87 .~ A PPT.[Corr:0.5 3
Err:0.53] .~ Err:8.7]

o,
[
=

—
w
T

—_
(=4
T

r's
7y

Simulate DRAM Reads
W
<
i

Simulate DRAM Writes

1 e

Pa
I

1 2 3 4 0 05 10 15 20
Hardware DRAM Reads Hardware DRAM Writes

E,\

le6 le6

le6
o Our[Corr:0.99
4 Err:0.18]

APPT[Com:093
Err:0.42] o ‘

¥

[

© A A

Simulate DRAM Total
— w

2 3 4
Hardware DRAM Total
E 8 AR PPT-GPU-Mem
DA S HRE AR E
Fig.8 Hardware correlation of memory transaction counts
between the proposed model and PPT-GPU-Mem

HITHE 227347, SDCM AL T TG 1 %of Cache 5 3 #E 4T

BL N T VPAE S SR BAT RS 355 RN, AR SO AT Nsight
GuIT RO E S E e, A L2 SR IBGE SR EORT L2 IRk

(o%
A
@o A
ot §
1

le6

| - Com085Em033 .

_.
< <
‘k-‘

(=]
ES
T
S

[=3

T
N
N e

Caculated DRAM Reads
= =3 = =5 =
N

o 10r 16 10 10 10 10°
Hardware DRAM Reads

B9 ET L2 firp2RE DRAM 3255 JUM AR AH M
Fig.9 Hardware correlation of DRAM read

transactions based on L2 hit rate

NI BAF LR 540 BT Kernel 1155 45 R A6 45
FSL AP S B TR L, AR BIAR S RN A 9 B, B4R
TR Bak b . 7T LU BE, KRBT BAE AR/ TREAF B 52

B, EHRERR T 33% . X UL 5 Cache my 3R, Wik
WERAT 25 S 45 VA TV A . AR SRR A o 5 SR kAT T R
BB A BERE BT 13.33% , X BIE T B ME
5.3 SR

A BRI RS B AR EEX SR, LI
B A S, & 5 R T2 AR, LLL2 ar &

K5 HBHAAFBGER MR AR BRI
Table 5 Hardware error comparison of the final model

with different improvements disabled

Final LI1NonSec L2NonSec NoLlFilter NoAdaptL1

L1 Hit Rate 11.07%  10.53% 11.07% 11.07% 19.33%
L2 Hit Rate 15.47% 16.45% 17.16% 37.75% 14.60%
D To- 17.83% 17.12%  28.14% 24.80% 23.03%
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Table 6 Comparison of PPT-GPU-Mem and our
model results when modeling NVIDIA A100

. MAPE Correlation NRMSE
Metrics
Old- New Old New Old New
L1 Hit Rate 17.06% 15.12% 0.98 0.98 0.12 0.13
L1 Hit Rate
( Global Load) 9.67% 6.72% 1.00 1.00 0.07 0.06
L2 Hit Rate 35.60% 16.38% 0.73 0.85 0.35 0.27

L2 Read Hit Rate
DRAM Total Reqgs

229.38%36.86% 0.7 0.8 0.78 0.48
47.56% 59.61% 0.86 0.99 1.53 0.35
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