AZE O] A FHL HEXEH 7| Nt ex]) Yo T2 EF
T Ae s ZH AN ol i AT

A Study on Bit String-Based Semiconductor Manufacturing
Protocol Classification for Software-Defined Factory

THY
fantage9(@gmail.com

June, 2026

= HEAz T ER 82 49 AIE 285t ML/ LT

CAU AutoML Lab


mailto:fantage9@gmail.com

Contents

1. Introduction

Related Work

Proposed Framework
Experimental Settings
Overall Experimental Results

In-Depth Analysis

A L S

Conclusion

CAU AutoML Lab



| Introduction

Software-Defined Factory (SDF)
- Ao X AL Industry 5.02 3 7k Q20 0|2 2HBL7| Q3 3 Lol RE S| XIS 7HAStstn AT EY
O 7[Hte 2 ¢t K| 05tz 2 EQ| 0] 2| & (Software-Defined Factory, SDF)O| L FE[ 10 QL& [1-4].

« SDF+& 37| Hardware Layer2} Infrastructure Layer= 1= &/ = 0|, SDF7t 2T 5HA| 7| &5H7| oM = O] & LayerZt2| &2 &8l
0 9OIBH 0|E IS0 4O 0f, 0|2 98} Kb|-0| S0l (Middleware) 242] ZATEH E41 OFF| K7 725(0{0F B [5-6].

SDF AZE¢|of E¢ I1I01 AS

Real-time Databases)

Eslo|x Virtualized Data lw ALA|ZH G| O] E{tjO] A
Sg elzet ‘(VirtualTwins) Storage (

Edge/Cloud Nodes

I Fvt OjojE] wak

| SOF DIg9I0| AbiA |
Efﬂ ZH|-Middleware S41 OF7|EIA] i

S2|5 Aol BUUT FATH 7HSH ‘
Mz

SDF OIS0 A5 & lza}

E2|H SR AIS & 7Hst

[1] Zhong, R. Y., Xu, X., Klotz, E., and Newman, S. T. (2017). Intelligent manufacturing in the context of industry 4.0: a review. Engineering, 3(5):616—630.

[2] Kim, J., Lee, J., Park, S. J., Lee, J., Song, B., and Moon, S. K. (2025). Software-defined factory: Paradigm shift in manufacturing towards industry 5.0. International Journal of Precision Engineering and Manufacturing-Smart Technology, 3(2):201-209.
[3] Ahn, J., Yun, S., Kwon, J.-W., and Kim, W.-T. (2024). Literacy deep reinforcement learning-based federated digital twin scheduling for the software-defined factory. Electronics, 13(22):4452.

[4] Koyasako, Y., Suzuki, T., Hatano, T., Shimada, T., and Yoshida, T. (2024). Demonstration of industrial ethernet protocol softwarization and advanced motion control for full software-defined factory network. IEEE Access, 12:104020—-104030.

[5] Iwao, T. (2018). Architecture of semiconductor equipment networks. IEEE Transactions on Semiconductor Manufacturing, 31(2):241-247

6] Moyne, J. and Iskandar, J. (2017). Big data analytics for smart manufacturing. Processes, 5(3):39.




| Introduction

Objective and Procedure

« = T SH2AZEHEANELTLZ HEAE HHE A2 2 48510 Plug & Play 2td S Z-J0HH, At 0|9
Oof JHIOME 28 7t =28 S ZY/|IAE =5t A 8.

- BrE M| FH| A|LF2[ 2 7|8 SECS-IT H| EA E Zl( Bitstream) HIO|E{ M-S 5511, 01 7|0)| M 1A+ gHd& M EZ(1D-CNN) 7|
Ut EYE =0 O3 ™ AS A (ANl Layer Aggregation) 22 M &350 HHIZE 27
R ]
' I
I HIoJE] &= 1A SY =8 H A3 GiolE EA| dH S ERA
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| Introduction

Problem and Strategy

- T ALY S4E 0TSHH AE HEIE HES 2| HA|(Legacy) BN HHIE2 SO ZUSHA & B2, DXL 7t =
SCZ Oieti|H 52 T2 0ot d78510F S22 B2 M2 5Ier = o0 Est U=,

« = 9FEZE|A SAMHEAEZZ 0/1 A|AE M2 TSI, S8 ot T2 EZ H 53 (Protocol Reverse Engineering, PRE)
2 YA N 2280 O S &7 =X = 28 S X256t i 25t 0kt g

o
O
Bal.

oiEt0|E 3 2% U ES HEAEZ A|AE 28 [ A XIS 2R

Manual Programming Overload & Bottleneck, [23] Bitstream Utilization Auto Multi-class Classification

-» Aot 2!
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| Related Work
Protocol Reverse Engineering (PRE)

«  BAMAMZE mEE SAA A LR O[LE AFE Protocol2| HIAX| 2B X522 = :

HT 2 M22 =S HO[5H /IS [7].
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o

or7| &
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Il

o
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o

= 71 A

|oF
f>

9|

« ZX7|PREYUTE2 SAHM/ZE|AE 7|HO| o|ESIR 1 [8],2024F O|F Y XA H2|(NLP)E 822t A7t BEOHK]
1 A2 [9], £/ 20]= HIO|HZ Character@f SentenceZ ZtF010] 10| 2 EO| S5 A|7|= B2 EHO| &1 US [10-12]

T Z2 Al7| 27 YU EY oE =7 % 71& Y chY 9 3H7
HE7 X N(RE|2E)a SHX 2Ho| Agt HMolo| XIS wrgstol b | ST SRShYS ZREZ
1~3 4T} 1990~  -Tj2l HO|2E0| SAN EX(RIE, N-gram S) £4 . e ao T o of [otstny, HZ S& Al Of
o . A0 e S L o Wireshark, Netzob, Polyglot USolSHANN EF EEE _ e o A
(S7 2 #El2 20108 S 7S AV AN NE BT d melag jupypopy  ireshark leteob, Polyglol,  BEA FLEAN BE SRE i j=e £4 ndoj &
£l 7] gh) i D23 22| XX50] ZUS FAsts Fa|AE Hio| > S =L D0 TS ElxE 8 AuolsH et
L2 245X 29 4 5) TE= TS N Ee
L AlIS =235t EHE-I I;:I AI-EH X2 = S S
M|C S HE = T = &l s _ C HI0|EH H2 20| A Gl st22 oI5| HICHSH | O] E
ey 21OFY CNLP(xIoioN2)) 7IE, RNNLSTM, B2AEE 27215 B NEMESYS, wasp, ojxiey TS AOIE M SOL M =8 A58 A% S U
(i s/EEe - 2 AlBA0| Mg Pl FRAHY DAY 5 S T T ot A A TS e
7|ghy 2020 = ClEUS ot 29T ALef OfA N oK & &2 8y (Interpretability)0| & O{ &l
-Eyd S Eol HEQT Al ! (State Machine) ==
LLM 7|5t o|0| 25 2 51 g3t sros rms AHE SES| 23 0|3 9l vo|n| - _
5MICH 2020 St i - GPT-4 & LLME &-&%t Xt5=t L= S Al9| £tZt(Hallucination) 27
" = |_C Eol_.l E[:ﬂgg}__g_ —E—AQ EEJ_,JI:OE Ij_l_gg _ o = = O - o '1Ifot = I Al — 1 ) TT
(LLM % Sto[=a] ~ T e Ol = EE WECHOIREC EATS S HOIE LS R g uixi(Fuzzen o1 A4, 2] (Semantios) U S HE - Sl seas £ 3 o o
E) six| A N EETEE] (Fuzzing) & =5 =W HI== Azt 240/ of2ig
-Ho|H2| 7|E At Al FES AT S0|2a|E Hay o Z2+H ol g

[7] Wang, Y. et al. (2024). Deep learning for unknown protocol reverse engineering: Challenges and opportunities. IEEE Network.

[8] Bossert, G., Guih'ery, F., and Hiet, G. (2014). Netzob: Inference of reverse-engineered communication protocols. IEEE Security and Privacy.

[9] Ghimire, A. et al. (2025). A survey on application of ai on reverse engineering for software analysis and security. IEEE Access

[10] Wei, X., Dai, H., Wang, Y., Shi, T., Sun, B., and Sun, J. (2026). A deep learning framework for industrial control protocol reverse engineering with multi-view attention and contrastive feature enhancement. Engineering Letters, 34(3):993—1000.
[11] Chen, L. et al. (2025). Transre: Transfer learning based protocol reverse engineering using self-attention. Journal of Network and Computer Applications

[12] Meng, X. et al. (2024). Protocolgpt: Prompting large language models for network protocol understanding. In Proceedings of the 33rd USENIX Security Symposium.
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| Related Work

o M AT HA[ZE MO E RIS 2 2R E MHE AX[X] GE1 BHE HX|(Edge)Ol| A 2 OIO|HE 24510 X|H AlZtS
256t X RS 71=0| A 2ZES0 §2 SE(SDF)2| €4 |42 A2[FH 1 US.

o« J2{L} SIX| ClHiO| A= A XpR I H 22| 7 Ol @ MetHo| B2 RAHR 7|& BEe{d RES BEXE & glof, 3= &4
= X210t HA D20 el AitEE FJEHE o2 Z0|= MY Z &l (Lightweighting)7F 2 & [14].
[ i [ " N S R N R R R R R R R 1
: : l l
I 1 | |
1 A—— 1 L ( ) f ) !
1 I : :
1 1

I ! - 5 !
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' . ' I HH I
i Cloud Server @ Edge Device ! - Model ehtmeisht Model !
! St ALk XHA HietEl Xhd /o 22 : : (Transformer, LSTM) Design (Proposed 1D-CNN) :
I High Latency (X|H) Real-Time (& A|Z}) ] : !
: I : [ 10M+ Params ] [ < 1M Params ] :
' I I J \ J 1
] ] ] -
I I 1 I
1 I : :
e Paradigm Shift in Manufacturing —===—=—===== ; R Necessity of Model Compression s===———————- |

[14] Park, J., Kim, D.-W., and Lee, J. (2024). Calanet: Cheap all-layer aggregation for human activity recognition. In Advances in Neural Information Processing Systems (NeurIPS).
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| Related Work
A NAY M HEAED 25

« Bitstream= 04 1E T+ EE A|AE A= 8 =Y
193 SYSE BINoE £ 4 U8
L EBHI|E 23 AFBRW)OIL B ET] 7| ABASTMO] THE XIBH QI R E X SIS 3R Yo, B Mg 5
S KoM I Eg £ 0402 IO 4 QI 1K BAE AABID-CNN)O| HAIZHEAS 9I3H Cforo] & 4 9 [13].
e () — (N
1035355131, *x} x1a| X|=H x|
01111101003 x-lal I:Il-Al
01001010100 =P — - SoEiz
| 01101001101 HI-l
01010001101
Tk o (T — €
N J . J -ﬁh...u_ﬁ
AMAE M= Faly b= 1y EEp

2AIZHA2] 29

[13] Fawaz, H. 1., Forestier, G., Weber, J., [doumghar, L., and Muller, P.-A. (2019). Deep learning for time series classification: a review. Data mining and knowledge discovery,
33(4):917-963.
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| Related Work

Common Drawback of Conventional Methods
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| Proposed Framework

Notation and Definition

- 1A gdE AEYAD-CNN)2 HEAE RO O|A|H Sl AAH I H &2 =517 sl =5 AitES =5, o] up7dof
M AL k|= S HlA(Tensor)2t TEH0[E 7|2 S0 Cot Hatot Hol= HERXA #X= OsH & ot EH 7(Hhel.
« 59| At XRO oA E ==0H7| flo AA =l M AlEs EAl(All-Layer Aggregatlon) AL S= FA =257 /6], 58 ©2
Al F=2H &5 TH 27 2E E50 0|2= HO|H S 82| =2 #7|#S Of2fet 20| Fe[3t% 3.
Symbol Name of Symbol Explain
WP (k) Convo(lgs,le‘;gﬁi)Kemel AZBO| Stdts TE J1EA B, S5 F0] B E(SwryParity) HEHE A7fdshs et
K Kernel Size YO 7| (2 =20Me d5E =S ZEH5| fI8 225 £E= 78 AE)
S Stride ZHIIHEAEZR QE Ola¢ M of #Of| AT = 744 (£210|F 7t
Cr_1 Input Channels O ASU - 1)0lM HEL2 ET Yo xHE M=
bV Bias (H %) S Yol 53 342 MU -S| 8l CBiRIE St THs T A3t
Ug, OF Batch Mean & Variance ot P M S floll #AY OfL| B X|(Mini-batch) LHOI| A A AtEl EXZHE 0| B af B4t
v, B Scale & Shift Parameters BrtetE 2o dejel e S FRMNF7| sl ST LtZ stgkle 24 () R OlsB) HE
€ Epsilon 27100 £|l= A= YX|5H7| fIoh 240 ol F= OfF 22 SA44(HE %t &)
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| Proposed Framework

Notation and Definition

Symbol Name of Symbol Explain
L; Sequence Length AR ASOAN =HE ET WO AZt= 20| (Of|: Block 12 64, Block 2= 32, Block 32 16)
F(l) Feature Value at Time ¢t A2t S5 (Sequence) 42| £ AT O EXSt= 7HH X Ol £ T (Feature)2| AZF2t 2
i Summation over Time AlZh =0 A HM X HRE & XFMK| Q| Z&E SYUSE SHLE gt At
® Concatenation Operator 2t E50M Y=E ME CHE 1A HE S S At Eﬁ'f 0]0f 2 0f(Concat) StLt2| 2| HIE 2 Agst= it
g®,g@ g®  Block-wise GAP Vectors 22} 0| A ®(Block 1), & ZHE|(Block 2), 71 Al (Block 3) | HE 245310 Zn Q= 228 Q0f H
Cy1, Cy, C3 Channel Sizes 2t B = MY = HetE 2T HE Q| L0|= 0|52 2H(16+32+64 = 112 Xt)0| &
We, by FC Weight & Bias X T HE(vyyy)E 10832 TH| S AR AHd(Mapping)st?| I8t &7 7(2| &4 ntato|
N, 14ss Number of Classes T ROt AL o= S8 HH[2| T /M= (2 HF0M= A, & S 10702] 7He FHI, Nygss = 10)
exp(z) Exponential Function Al B (Logit) 7H2| XtO| & FCHtst, O] 8 02 Lt 2 Y& HSHSLT| ot XA A== X| = &
B Mini-batch Size DOl 3F MO HEHE Xa|stl &t55H= H0|HH EAER A =29 5 37
Vb k Ground Truth Label A EE 2 (-3t R Ao FHEQ FHH| S22 /Kol 1, HH K= 02| 242 7HE)
6 Model Parameters @ XH(Loss)E E0|7| ?/3H Adam Optimizer0l 2|8 X|£XH o2 YOOI EE|= ZH| MA| 7HE5A| Egt
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| Proposed Framework

Overview

- AEZ|Y EMNE E| A= HEAEES 128Bit0OHC} Sliding Window Z R 2 MY W20 72 15 &85 A E
U LU E 8o XI9X ELZ ==
- EECNNBlockO| A =5 EF BS = W HI0 T EL HEE =510, 0|2 Sl 0| = GH|OM &S = W&

O|x| = A||:|=|o|-

e —
Input Tensor

Frame 1 (11-bit) Frame 2
1 x 128
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010 1 01 0 0 1 1/ 1 0 01 1/ 00 1 0 0 01
(RS-232) '
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16 x 1
16 x 64
-~
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1 1
| 1
1 1
| 1
1 1
| 1
1 1
| 1
1 1
| 1
1 1
| 1
1 1
I S I
I Conv GAP C t\ 112 x 1 | Classifier (F -
nca
! Window at ¢ (L = 128) ’ Block2 |+ | (coneat) 112 x 1 | Classifier (FC) Softmax |
1 32x1 () 10 Classes 1
I o 32 x 32 I
1 1
| 1
1 1
| 1
1 1
| 1
1 1
| 1
1 1
| 1
1 1
| 1
1 1

[OlOllOOlOlJ'

Y
—
Conv

Input Tensor (X;) Block 3 |——» GAP

Bx1x128 64 x 1
€ R&XX 64 x 16

o101, 1,001 0|1]|--
< (Mini-batch)

Sequence Length (L = 128) S

Feature Extraction All-Layer Aggregation

----------------------------- Overall Procedure =----=-=-=-====—————-—ommm -
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| Proposed Framework

Neural Network for Protocol Classification

* Sliding Window &A= HE HLM0| 7ts5oh 1A 2d & MET S Sl HAI e 2 EHE 5
E X (Start, Parity, End Bit 5)2 3AZ0 M= HA|E EZ(SECS-II |

« RN SOl M R0= OAH/AANY EE0] 25+ S 20122

—

I A(All Layer Aggregation) M7 LI5S M350 HH|E AT

Ci—1 K-
(1 -1 l
ZZW J(k) - H (s + k) + b)) 2% =Wje Vagg+bre (k=1.2.... Nugss)
! HStEl £ HE|S 2HF A H B (FC Layen)Of

142 E-“S'S“UD “CNN) SEIS SO HIESET 9IS T smA 2 m 2eao Ot T3 B4 (Logits) AHS

£2H0| SotDf H0|E{S] FAM 0l E DL £ 55
O _ LN g0 o = — o)
l — k= Nc ass

o) = g 2 P S exp(z)
AZE| 7t HZO| EX W D7 MK O 22 HI A I E B A(Softmax) &2t 248 HE35H0]
=3 S Mesil I x| = - S RH|O| £ 0|5 &8 BX B2
—  EYGAP) At X g3slo] maj0|E| 7}t £ X3t El JEHO S2oS=HE X EF
1XHR QO HER @t '
1 2 | 3 C1+C2+C3) Skl
Vagg — [g( ) @g( ) g( )] R( 12 +es LCE ——_; ; ybkl‘)g ybk
MNE CIE HZEE)0 M MAME Z+2to| Qof HIE S N N
i CI= A DA AEZI A SEAE HALS
SN e (S Sy T L SRR Sasen cuure du
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| Experimental Settings

Dataset

- = A5 flol BE=A| FH] 10500 CHet HA[X] 7|5 MESIZCH, 0|5 EHE & 50,00070 22| A|2[E HIEAE
g HolH s =515,

« 2 TH|0 CHBH A SECS 7|Ekof Tt AlLtE|Z(TH 7], 7ts, & E, AT ©E 5)5 7185t HAIX| & 4-d5t == of
Fen, z[tiet o2 SF HMXEE 21 F THAZE = UA=F HE5IRA=.

S 2 2 ZH| &7 (Equipment Type) o|o|E{ 2= H| &
Class 0 =& ZH| (Photolithography Stepper) 5,000 7 10%
Class 1 A1 2t ZHH| (Dry Etcher) 5,000 7H 10%
Class 2 2tst7| &E5 A ZH| (CVD, Chemical Vapor Deposition) 5,000 7H 10%
Class 3 =2|7| 43 % &H| (PVD, Physical Vapor Deposition) 5,000 7H 10%
Class 4 O] 2 =¢ ZH| (lon Implanter) 5,000 7H 10%
Class 5 st J| A Aot ZH| (CMP, Chemical Mechanical Polishing) 5,000 7H 10%
Class 6 M ZH| (Wet Cleaning Station) 5,000 7H 10%
Class 7 24 XA &H| (PR Asher / Stripper) 5,000 7 10%
Class 8 E 2 ZH| (Track / Coater & Developer) 5,000 7H 10%
Class 9 A& U AAL EH| (Metrology & Inspection) 5,000 7 10%

Al 5103 A THel 378 2H| 50,000 7H 100%
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| Experimental Settings

Hyperparameter Settings

TE Hyperparameter AH™Z (Value) A 5! H| 1 (Description)
Input Sequence Length (L) 128 HAIHEAEZ £2f0|Y /=2 A7
Conv Block 1 Kernel Size (K1) 7 OAAE EX =8 1D 2H 37] (E8 N 2: 64)
Conv Block 2 Kernel Size (K2) 5 St U =8 1D BH 37| (58 K 2: 128)
HEfAFZ _
Conv Block 3 Kernel Size (K3) 5 HAIA AR -2 =8 1D 2H 37| (29 M 'E: 256)
Stride (s) 1 DeEgddEs A 2 Ols EX
Activation Function RelLU 2hda Aol vy 2tdet et
Optimizer Adam BALSHG | 7|8 7S K| 2| Aot Y 2[E
Learning Rate (a) 0.001 BHEO| &x7| &5 E (Learning Rate)

Loss Function

1%
rl>
%
oz

Batch Size (B)

Epochs
Dropout Rate

Cross-Entropy Loss
128

15
0.1

It BHOverfitting) 2 XIS Q|3 A9 I £ H|ZHA S} H| S




| Experimental Settings

Evaluation Measures

A8 A 0| Aot
(Inference Latency)dt 2

1052] Bt X “HI &2 HolHE

-

Aot} M2tstn Ot ™Mo 2
]

=5t 5-4 WAt H3(5-Fold CV)% THS

AAE NX|(Edge) ZHE M 2] HA[ZH
2 nj2toly =5 573010

— —

Actual Position

(P)

Actual Negative

(N)
FN

Predict / Actual

Predict Positive TP

=T (Accuracy)

TP+ TN

TP+TN+ FP+FN

False Negative (2 &
True Position (3 &) ° (=)

(P)

Predict Negative
(N)

FN

TP
False Negative (2 &) B

True Position (2 &)

H?iE (Recall)
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23t W+ (F1-Score)
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| Experimental Results

Comparison to Conventional Methods

_I_

o XNOtS= ™ AZ EAH 7|8 ID-CNN REH 2 C}E SejlA Z2EE AlAHY M 99.88%2] H=HE 2 0.9982] F1-ScoreS

280 7| E Hlu €a2|FS2 HE8 5= I3/ J=I6H™AE.

FIII

+  Eoh DEMEOH 5 02M =22 = ZE3 510l FE XA MZEE 41.6ms2 THRA|ZA S 2 M, At2I0| XohEl O
AEf OIX| SHAOME E4I X|O1 gl MAIZHHEAER 2M0| JH58S SIS,
Model Acc (%) Prec Recall F1 Score Params (M) Latency (ms)
Proposed 99.88 0.998 0.998 0.998 0.2M 41.6
MLP 87.42 0.881 0.987 0.865 5.2M 85.2
LSTM 94.15 0.942 0.941 0.941 1.8M 142.7

Std 1D-CNN  96.80 0.970 0.968 0.967 0.9M 2.4
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| Experimental Results

In-depth Analysis

e 2 YL |D-Grad-CAM 7|BIo] MAMX EME EBf 212
S0 AZSS EHFZCEMN, Held BEol 4 =

HI r

o
. E3 I HSHE UK 01590 SHUME HAIZ FH| A0 Jh5B2 SeIA LSRN, B2IH SIE T 2R 7
F

=l ] S H| A0 =t OIA|
—_ O Ol O AL O —_
Al Bt M| 2H|of 2t Xt=3t 5l SDF dEfA =45 flot 2748 7|8 7|25 HAl
T T T T T Tt Actiation |
- 1 : Frame 1 (11-bit) Frame 2 Frame 3 igh Activation |
: :| Raw Bits :
1 8 C I _ o 1 0 1 90 1 ¢ 0 1 1 1 0 0 1 1 0 0 1 0 0 0 1/0/2/1/1 /0 0 0 011

: Lip_crad—cay = ReLU Z ag Ay where af = — Y : j (BS22) 1
1 ’ VA 7 (9Ak(t) I I Conv Block 1 . :
! k 1 (Low-teven) BB iEN B N !

1) I
| > ¢ L A} E"EHﬁ ||Conv Block 3 I
L 2w ojE A ] (righieva L[] HEEN Nl i
| > AlZES elEa ¥ |
I > yc ZefA ¢cs0fl TS YA| o= M i 1. Conv Block10| M= 11bit2 L+ 0f A= Frame2| A%t & &2 0 :
L > Ay kET 2 o ¥ B ast =0 S N ]
L A B8 I O|= RS-232 A& &419| Framing 112! 2| Start bit, Parity bit, End l
| 0 . oixm} OIALS E3) TSR 7|27 ¥ bitS 2| |IXIE st QlAIst S S 20|gtLC, :
! Aty -1 EEED = 1 2. Conv Block30|AM= 52| HIO|H bit 7+7t= 7IEX|EH O H1 I
| > Z: 57 Mol ®H Zo| ¥ GI&HOl HEf 2 B ote|0of A& L CL :
| P oSSR IR IS I HERI S| 207t ZojFof et ROl =8 HHO0| o/, of l
R = I HFO|E7} Z3E|0f BHEO{LY & SECS-Il Z2EE0| =2| X HA|X| !
| > ReLU: 2’43} 3t ¥ Lf2<S Aldstn 9l o|o|tL| L}, !
| > Lip—graa-cam’ %|& 1D-Grad-CAM S| EHY ! : S o/t A2 b o |
1 Sl & ' 1D Grad-CAM= 0| &%t A|2|E HIEAE =S
e ———————— 1D-Grad-CAM 838 4] cmmmmmmee e d e = o= o o= -

2t 3l (Activation) 3| E A|Ztst AT}
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| Conclusion

Conclusion

= A+= S8 S SE7F Bt gl AHAl Bt N 2H| S5 AKX 2E0|M HA[UCE XtE AE5HT| 2[5 Z2EZ HEAERS A
AG M=z =2 7t dEstE Yo 2 FRS= 2| dHIAE MetHStRa
71E A Al 22 S0| OtAH O SO0 7Stz Sl gt 251 A 2 X|H 22X E SHESt AL Mot RH2 HEAEERS EXHE
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