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Abstract This paper proposes a logistic regression-based, periodic self-adaptive Hot/Cold data
classification technique to mitigate the Write Amplification problem inherent in the physical constraints
of NAND flash memory. Due to the inability to perform in-place updates and the asymmetry of
operational units, NAND flash suffers from significant garbage collection overhead, which can be
optimized through accurate data classification. While conventional heuristics suffer from low accuracy
in dynamic workloads, deep learning-based approaches impose excessive computational burdens on
resource-constrained embedded environments. To address these limitations, we designed an
epoch-based periodic analysis model that minimizes real-time inference overhead. The proposed
mechanism utilizes a lightweight logistic regression model incorporating frequency, recency, and
sequentiality as key features. Furthermore, a self-adaptive mechanism based on oracle labeling—which
leverages the access results of the subsequent cycle as ground truth—is introduced to maintain high
classification precision even during abrupt workload transitions. Experimental results using MSR
Cambridge traces demonstrate that the proposed method improves ROC-AUC by 18% and F1-Score by
12.4% compared to traditional heuristic methods. Most notably, the proposed scheme reduces WAF by
up to 40.0% and CPU utilization by more than 77.1%, proving its practical feasibility and efficiency for
high-performance embedded storage systems.

Key Words : NAND Flash Memory, FTL, Hot/Cold Data Classification, Logistic Regression, Self-Adaptive
Learning, Write Amplification Factor
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{Table 1> Comparative Analysis with Conventional
LR-based Classification Research

Comparison | Conventional ML-based )
Category Research Proposed Mechanism
Learning Synchronous/ Asynchronous/Background

Path Foreground (Zero HIL Impact)
(High Latency)

Labeling _ . . Self-adaptive Oracle Labeling

Method Pre-labeled/Static (Offline) ©Online)

Concept Retraining Required Automatic Epoch-based
Drift (Manual/Heavy) Weight Update
Model . . Dynamic Recalibration per

Weight Fixed/Slow Adaptation Epoch

Structural Prediction Balance between Accuracy &
Goal Accuracy Only System Overhead
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(Table 2) Experimental Environment and System
Configuration

Intel Core i7-12700K /
32GB DDR5

512GB /
TLC (Triple Level Cell)

Page-level Mapping / 4KB

Host CPU / RAM

SSD Capacity / Flash Type

FTL Config| Mapping / Page Size

Logistic Regression / Scikit-learn

ML Model (C-ported)

Algorithm / Library
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(Table 3> Impact of Epoch Size(E) on Prediction
Accuracy and Average Response Time

Epoch Size (E) Prediction Accuracy (%), Aver%qrieRzejsp)onse
10,000 94.2 145.8
25,000 92.5 1324
50,000 90.8 1245
75,000 86.3 1221
10,0000 82.1 121.8
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ROC Curve: Classification Performance (src1_0 Workload)
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[Fig. 2] ROC-AUC Analysis

F1l-Score C ison: line vs. Pr

0.912

0.8

o
o

F1-Score

o
IS

0.2

0.0 =
Heuristic
(Baseline)

Proposed
(Logistic Regression)

[Fig. 3] F1-Score Analysis

Fig 29} Zo] AIQtH 7' 0.929] AUCS} Fig 33+
0] 0.9129] F1-Score® 245t ol FE|AH
71%(AUC: 0.78, F1-Score: 0.811) oi¥] Z+z+ oF
18.0% 9 12.4% = Zijoltt. fejAag 72 o
Aol ¥IHsH| ANA =Hoy = o ol A&
314] ¢k Q#fjEl HolEE HotoZ udh= H9rt i
UE wHA, AQtE B2 AT oA EAE &
9ol FoEH TolEl7t Cold HEIE Aol== Al
= g5HA Z26TE. £9] F1-Score?] 2 Al
7ol 717 Hot A1 2718 A&z Ay,
A Y2 =04 Hot HlolE]7} AR ok HlFo] 2 4
FoME 2 HUEE FATS YS5sich

Q.

r[o FIF o -[o

rzi r$ uzi (R



FEE MY FHE st FIIH oEZ3 BM I8t 2X|AH 3|7 X|S™ Hot/Cold HIOJE 22 7|4 55

&

4 M7| BE HHWAF) 2

9] gFiol A SSD £ E Aol vlA|
AsH7] s 27 SF AS(WAF: Write
Amplification Factor)& &3ttt WAF= 19 7}
7M&SE 7H1A BHA(GO) A9 £Z a3t Hlolg ol&
o] &S Uit Fig 4= YAERET} 2 gof ot
H3}sH= WAF F=0|5 Hoj&th 27| F1oA= F 71
H nE QPYARl A& HJ o, HolE mdo] gH
k= 50% AFANA FEAH 7HE QEFRE Qs
WAF7} Jt) 2.67H4] 25513t} ¥4, At 712 of
23 99 AeES Bl 7MEAE AAR BAFeR
# 1.3~1.5 59 F2 WAFE FA513th o= A9t
7]"o] Hot/Cold tﬂol‘ﬂﬁ Ef80R mi—};] =2
Ao 2 GC AEE oF 40.0% °| = 4%
st

1= R=1
'DTX

SEO
e =

rr

ﬂ‘.l “"ﬂ oy

WAF Anzlysis during Workload Transition

w
S
3

—s— Heuristc (Baseline)
—=— Proposed (LR Acaptive)

3

8

b

B
-

‘Write Amplificati Factor (WAF)
o
g
8
== =g
g3

g

ww

4 20 0 & 0 10
Workload Progress (%)

100

[Fig. 4] Write Amplification Factor

4.5 GiAt 2 HZ2| QHEE 2N

£ @790 A AU 31 L0l 5848
P57 gl AESEY 4Y FHee LA
2 2% ) /Orlth 22 $gsks AAZE ML
B 7o) 3718 B4 WA HlEd Avelc 84 4
3}, Ak e 2714 243 A Qol= S 5

F

3 CPU HH&2 < 77.1% d7ot9eH, 3] SRAM
RS 87.5% o1 Wao] AN AN E 75
Fs¥e s ol TAE clEuolad A

At giol A5 FTLS
4H 2AS AFA

AA ssDefl Al =+ e A

(Table 4> Computational and Memory Overhead

Analysis
Real-time
] Machine | Proposed |improvement
Measurement Indicators Learning Method rate
Approach
Average Response Time (us) 145.2 112.5 22.5%
CPU Usage (%) 18.4 4.2 77.1%
SRAM Usage (KB) 512 64 87.5%
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