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Abstract: With the increasing severity of cyber threats, the detection and classification of malicious code has become
particularly critical. Traditional analysis methods rely on manual feature extraction, which is time-consuming and difficult
to keep up with the rapid mutation of malicious code. In contrast, deep learning techniques show great potential for mali-
cious code classification. However, model complexity and resource consumption are still challenges for practical deploy-
ment. In this study, we propose the TriCh-LKRepNet (Triple-Channel Large Kernel Reparameterisation Network), which fo-
cuses on lightweight design and aims to ensure detection performance while reducing computation and memory require-
ments. Through the proposed three-channel mapping technique, the multi-dimensional information of malicious code is ef-
fectively converted into image channels, which enhances the differentiation of features. An efficient deep learning architec-
ture is designed by combining the advantages of convolutional neural networks (CNN) and Transformer, and the connection
paths are optimized by a reparameterization technique to reduce the memory consumption and enhance the operation effi-
ciency. In addition, the introduced linear training time over-parameterization and large convolutional kernel techniques fur-
ther reduce the number of parameters and computational burden of the model. It is experimentally demonstrated that TriCh-

LKRepNet improves the malicious code classification accuracy while realizing the model’ s lightweight, which shows better
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performance and wider application potential than existing techniques, especially in resource-constrained environments

where real-time detection is required, providing an effective solution.
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SCHiK[40] Kaggle RNN+Word2Vec+skip-gram 97.80 — —
SCHR[25] Kaggle CFG+LSTM 87.80 — 84.20
SCHR[26] Kaggle GCN+CFG 99.25 99.23 99.34 99.31
SCHk[27] Kaggle CFG+Graph+transformer 92.70 — 90.10
SCHR[17] Kaggle One-class SVM 92.00 — —
SCHR[41] Kaggle PCA+KNN 96.60 — —
SRR Kaggle Mcs-ResNet 97.21 — — —
SCHRI21] Kaggle Gray 97.49 — — —
AR Kaggle RGB+ LKRepNet 99.47 99.45 99.47 99.49
SCHRI38] DataCon Gray+CNN 96.80 96.42 96.26 97.38
SCHK[42] DataCon e 96.99 94.05 — 92.19
AL DataCon RGB+ LKRepNet 97.51 97.52 97.51 97.50
3.3.2 BBSHENGERR *7 BAEARBRERBEGR T FH kL

TR 22 B AU A EME B9 RSF DL Ak 4% WARSE | Acc/% Pr/% Re/% F\/% SR
PR 2 B S MR Y PEE . AR LA Kaggle 50 32x32 83.74 | 8375 | 83.74 | 83.76 0.28
BB EL U S B R 22 AT T RE AN B S2 I AT 64x64 9536 | 9539 | 9536 | 95.34 0.31

Hﬂ ﬂ: CNN ':F‘élii;}%)%ﬂg BE%’J ,%EAIET% E@Rﬂ“ﬂ‘é‘ 128%128 98.52 98.52 98.51 98.51 0.42
TR . 8 T W5 E 4 LKRepNet B[94 AR 256x256 | 99.47 | 99.45 | 99.47 | 99.49 0.57
o RSO ROE AR R B R R Ay 2 [ P | P [ ] R |
JOSF(32%32,64%64 , 128x128 ,256x256 11 512x512) , If: RS AEMRUBILKBER Hf7 %
TE Kaggle £04in 48 L4717 M. SCe 4 sk 7 s, e zs Acc Pr Re F|
[ 25 TR 4% ST DA 3232 34111 5] 256%256 , #5 AU (14) E Ty % Adagrade 97.12 97.13 97.12 97.11
M 83.74% $E T+ 2 99.47%. SR, 24 EE N gk — 21 Adamax 97.28 97.29 97.28 97.28
JE] 512x5 12 B, A SR e 28 99.129% , 53X e WIS Adam 2851 %852 %851 9851
BT A IR . BEAb B PR R A Midw | 72 | D | W2 | WD
WSRO AR, SEGT S e ey e A8 | B | A8 9
VRN SE . 20 [ A RS T S S 0 2 Adam W 99.47 99.45 99.47 99.49

FA TR HF 256%256 1AM AY (1 g A EMERT .
TERBE S 2] b oAb & 08T SRR R AL S 2L
B . TR S50 H Y, AR SO0 — 2875 4325
1F 55 b 30 H 8 00 B 4k 7 Adagrade . Adamax , Adam .
Nadam .RAdam Fil Adam W #EA7XF L5280 . K8 KW, R
FH Adam W BRI ZE VR 32 ORG A58 158 F, 5380

Dy AL F A AR . L, FRATTEERE Adam WAER
LKRepNet BRI I Ak .
3.3.3 LKRepNet 454 fi4R & K58

LKRepNet % 2% 7 Patch Embedding J2 #1 FFN P 4>
BEEDIA T KRG, E L 45 R E RGP R
AN T 0 R B B B L R SR KA
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RO F AW PR . AT 36T Kaggle 504 H E17
TH RSS2 5l F KA S FUE 2B AR F R B,
RM 271 24 /i B Be i F RepMixer-FFN B, SA 7R X4 /i
[ B FH Self Attention-FFN B, AR5 B 75 He i A
T2 3x3 AL, FEN Al 1x1 1. 228 A
VATV AN T AR FEN 2 T 737 KIEZEBRL. 52
B 4E AN 9 i
F9 AHEWHMIR

Stages - .
Variant ZHARIM | Ace/% | R E /ms
1 2 3 4
Vi RM | RM | RM | RM 5.39 97.12 54
v, RM | RM | RM SA 7.94 98.22 65
Vv, RM | RM SA SA 8.12 99.32 138
v, RM | RM | RM | RM 6.03 98.25 58
Vs RM | RM | RM SA 7.82 99.47 61

HOBE RIS 2 Vi 5 VARAE, BB R/ IN N T 3%, HAEH#E
R 1A 0.15% Wt o RIS EE RN T 5.6 f5. V,HV,
K 32% , Ik BIAHIT ERH 28 0 [R] I , HEFRERE LE V, 5 12%.
BRI S, KA%EFUE LKRepNet M2 4L T 1.25% WK
PETt. SCI LR TR R RAT KL Sl A
I IHL R BE T 4, IR 255 RS HE R B2 110 /NS o
H it — LB UE 2 3 S A LA R G AN KA A BN 1)
2% SRAERE 1 1Y 1Y s AR i i 259 Rl T vE RS BR
LKRepNet #7 T AN 44, 43 A7 20 415 X T 5 A~ 19 2% 14 4
JH . ¥ LKRepNet [ P9 A~ 542 73 SRR A% 45 AR R 21
8, 50 IR S 03 S A5 A R B B IR I ER 3 . fRIE
HAWSEORAE I RSB S50 45 4L L3R 10.
#10 TLKRepNet M RIS A W

IX14332 | BN | MDCA 32 Accl% JHEHTH B /ms
88.14(11.33 ]) 205
N 90.26(9.21 | ) 184
N 95.13(4.34 ] ) 141
N N 95.29(4.18 |) 59
N N N 99.47 61

1 10 AT, 76 R4 & AT — 4L B, B SR AH H
LKRepNet TP T 11.33% , {H i B 5 3 K MR 42 5 . 7EAY
it FH— 2R ERA 2R AH L LKRepNet t#5 A [7) B2 B
(T B, A 30 A N i v, 25 SRR B &2 ) S A A e
HEIG in W0 25 i RAEBE 7, 32 i B A SFUNERR R . 7E5 ]
AREBRUS , LKRepNet A LU J5 46 W 25 Efff R 42 =5 T
4.18% , HAESL R FE JL-F-AH ), R BT 51 A KA A BT
HEFERT B TR BT IR TR 35 5

4 REE5RE
TET Yo 397 760500 25 2 AL () P A8 AL RN 2 b L IS GG

= B i ME LA I . A SCH T — R A 4 i ke Jr
%, M0 JE T RGB 4wl 55 1 0% 5 AR R 99T A 3 AN
LKRepNet IR Z M4 4546 T CNNs Fll Transformer
MRS, IR T EHESEALPLH . IR 45 R R, 483
J7 AT AR T T W R A ARG DN AR A RIS B ) 3 2 e
Bt A MO ETERI S 2 2R 55 ERBL A HE
32 R T U R BCHs 00 Jo 2 VB , DA R TR B o ) R B 1
SR . AR TARKR R EAEH SR AN 258 TR A B AR, BF
SR RE T IRRE BRI LNEX PR & .
I S ) ARG ) 7 s AR AR A A S A A
M .
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