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Abstract In response to the pressing need for effective detection of various malicious attacks on networks, a plethora of
intrusion detection systems have been developed by researchers. However, in the face of new types of attacks such as ze-
ro-day attacks, it is difficult for existing detection systems to obtain sufficient attack samples and train them adequately in
a short period of time, which leads to a significant decrease in recognition accuracy and network system security. To solve
the above problems, this paper proposes a meta-learning and feature-enhanced network intrusion detection model MCIDS
(Meta-CLIP based Intrusion Detection System), which is designed to mimic the ability of security experts to use me-
ta-knowledge for learning and detecting unknown intrusion traffic, and to use only a small number of samples to solve the
new intrusion detection task. The model first converts network traffic data into grey-scale maps to be passed into a CLIP
image encoder for feature enhancement to improve the representation of network traffic features in a high-dimensional
vector space. Subsequently, its generated high-dimensional vectors are converted into 2D data to be passed into the task
pool. On this basis, the model base learner updates local parameters on the task support set and the meta-learner updates
global parameters on the task query set. In each training cycle, MCIDS decides whether to expand the number of parame-
ters by examining how much the linear combination of global parameters deviates from its projection in the subspace to
ensure that the optimal initialised parameter set can cover all detection tasks. Finally, the model is meta-updated with gra-
dient steps obtained from a small amount of novel attack data, which produces good detection results on this task. The
constructed MCIDS achieves good detection results on both UNSW-NB15 and CSE-CIC-IDS2018 datasets, and the mean
detection accuracy is improved by 2.93%, 4.74%, and 16.07% compared to MAML+CNN, Meta-SGD, and Unsupervised
Kitsune models, respectively.
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Figure 1 Malicious attacker committing an intrusion

PRI, BT /NP A PRI M 2 o 11 19 2 A 42
I a8 Ay A 2% 213 1) 22 2 AT 1) B BRI 9 5 ) 2o
AR, INFEAS A 3] e e e, SR LA
TG 2 K SBAEOR AR o IMEAR 22 S T . 0% 3] B AE
T NRAEBAT SE R AN RS D0 B M I e AR AT 2
2 HERLRAUESSIRE ) o LA 2 ME 255 b
Uk, Ao ST R R g A8 A A B I 2 A
W MR GOBT IR AR S5, RIS e it o) ISRE 31T
TR AE A Y 26 7% (1) 22 4 UK C AT T A 2 09Tt
JE o TEOTHURAA AT, Ni 5P HROE T —Fh it A He

AL i fEE, FIHIXFEE T DU IEAE 78
()8 Be T HL A HEIT P I B RA, A R FH o2
207, DA BTG Y 2R AR A, A L R A%
T BRI M by SO IR T, S T AR 1 B
R AT IR AN A, Gong 2R —Fh B 1E NS
LR RS MetaSense, HR A 022 I AR B 269114k
A INFEARATSS, LN H As ARG
FL S S s B RS R s AT IR VR4l R B,
MetaSense A3 A AL 2 7 11 E S5 e 1 A% 2 )
Jrid e 18%, 1 H H bR B 5 1 5& Y. I [A] 42K
KUk o 7E N 2% NAZ 43K, Sirinam ZEPHEH T —Fhr
I8 Fe ar By, Hoff H =M LT N IRIMEAR
2o WA, HBGE TR S AN RBEiaE R
ui, PRI AR OB RN I 5 56 BE EG s A AN D S B 1 &%
LR, #Re R ERIMER, LIS v 5 B8 AL
XA () Bk 5 B8 AAH 4 R 1 e AT M 2 4
LU Xu ST Y T R4 N AR A I 45
[¥] FC-Net JG2% S 858 FC-Net FLH2 MR 4f I &= 5 dfs
rheag o) LT I U B A RIS I R . AR SRS NS
(P28 MR, 8 I /D I RE ARSI L B 2 2 ) i
Ho fH FC-Net { n] sEHUN & 1) =73 AT 55, HELL
1T RN A7 AE 2 T B RD 2K 2 3 24T 45 » Finn 2517
e 025 2 51 MAML 1] DUAE/NEEAS P4 0 it
Yoy AL TSR S5 . Lu ZEBR L T - Fp L T
MAML  Fl5 A28 Y 265 (R0 ) N AR AL A28, A8
R FL BRI R R A 46 kg AR VR 5 AT I S RN BE,
TRATSSRAFAERFAE R AN 78 40 (R 1) /. Ry Ao DA i)
L, AR SCHRE T R T 0 SRR 1 5 1 Y 4% AN AR
FrIASEAY P56, BEALES CLIP XA R IR K 1
B 11 A 7 W = T (1 S 1 DU i
MAML [ BEAROH  B R A R AT 702 ) 2%,
L g R 28 AR AT AR T MCIDS . A SC LA =
FLOTERAT R .

(1) R T IETFI Sk CLIP [P f ey i 4 s At
B, S5m0 A Sk T T I 4 3 A AR AE AR
R, 37K T AR S U 5 2000 A v 48 B2 AR A0k 1)
A 2 e, e TR SRR

(2) Mg TIT XB-MAML S0 N2 A G
SO R, ok B NS 2 IS B E A S
B () vp 2 ) &, REAN )46 A 1n) B AR AT 55 4>
AT G, SCHLE 55 5 2 (M N AR A AT 2543
fin, H4o T RBAY Rz AL R

(3) MG TRFESE s AN G AR SR, R
A28 NAZ R T MCIDS, fi#oR 7 K650 2 Zexfk DL
HR A /> 1 O B AR EAT 78 23 YN 5 LU TR 35 A AT



WETEW S JET o0 D) FIRFAE S8 5 1) Y 265 N AR RG4S 75
S IR, R T 6 NSRRI MR 2
2 FMAxIE

2.1 BRI AR

il 7 B D (P PR T R e, R 4 B AT A R A
LR H 2, P48 28 i) 22 AR A5 Uk Ok,
2 NAR RN F2 A 28 1Ay 19 8% B0t Rl AR 1977 700 71
BLFB o ARPRA I AR, AR R ZR ekl 53 0 FE
T INAZ KT I 36T HLAS 22 3T (ARSI A 56
TR BEZE ST I NR AL S5
2.1.1 EFHRIFHANRREN

TG NI R geal i R G vk 7 ik
AN DX 285w TRV AE S W AT N o X IR VR sk 4y BT
28 A AT A I S B, (B s I NS
HOM A, BLIE RGBSR, AT S5 25 O B X
SRR (K14 T R F T BRI g AR o Eskin®Ut 4
A e > TR IR A R s, B T — b
ST IR A B (R I 7 i, ReE MR AR A AT
P S B Thottan A1 Jil O H s FH 45 0t
5 A R A M P 4 SRR R . ek
U T AR E D= (OB S (3 G ) S @ P = A YR ¥ I K
NERAFRAE, I 45 A% 58 (R G TR A 0 2 0F
AT o BRI, ST GE v ARSI v 04 v R AE A
PG BTN LA B R e BT vt o A AL IR, JF
H T BeAF AR = R
2.1.2 ETHEFEIHARLN

TP ZE TN RE I R S 5 LA 24
SR N T TR0 9 24 e e A i R AT R RO A
REAE CbRiE M 25 w5 BT, 33—
AT W28 3 R I AL 2 ST B, 43 4 DL Hip
R | PR SERPARIT | 3B ] YRR Ak A AT b AL
AR 25 DU W 7 s o MO T4 AR 7 A A 215 )
()53 Ai s BAT AR AR e M ) &, $R A C4.5
YRR 7R A B B4 2l 8. Wang 1P Y
TR SRR R A A A IO I8 B [N
2R RS, HAE KDD-cup 1999 #4114 vk
WRIEB] T 97.86%. (HIET ML 2% > I AAZ AL
R GEATAE N 2 K008 10 32 PP ik RS AR 7 AR
FIRL R IT RS 2% 31 6 ) 22 55k i o TC IR B BN 1
94 5% 0 A ) T R e BOHE v 1) R . Mirsky 501
A Bl w25 o 2 W 2 Sk U i A =X, ] S
T BAE LR I R 48 Bty . Fu 25050 5 i /N Py
A7 Bk A P (PR 1 A e AN G VR AL, A I
WAL A, I T IR BLAE I R R
iRl R (ERAE T SR (e DO WAk = I N e

271

S AN
2.1.3 ETHRE¥IPARKEN

T T URE 27 2] IO NAR A WU 2 300 T % 2 o 2 9 24
S 2% R AR I 2 AR S R . FE TR
2PN TC TN T E A EARE, K
iy 28] v ) T 2 Ak T D s 5 - HH v SRR AR R
TRe KRR T %2 RN THATRAAESE IR OA,
P TR MRCR AR . Gao R FhIE TIF
A & P 2 I N AR A A2, A FH G M S A AR
HEAT FO0UI 25 LA 355 Bl 14 88 i B A AR () v YRR AIE - Xiao
AL LISHEL PR TR AU ) 4% (Convolutional Neur-
al Network, CNN)[FJPIZE NIZA MY CNN-IDS, 1
THRFIE PR AR BRTUARFAE, N CNN A 3 2
T BT AR I . Ma S50 — AN F2E ot 3t
) 2% 801 X ) A K A0 A7, 9 2% 1) 9 265 N AR Al g vk,
TR R Ay D BB A2 R A, fE NSL-KDD %{
AP UNSW-NBIS ¥ sE Y EA7 2t i 1R
PEREFIUERGZE o LA BRI FE 2% 2T 1 N AR A I A 284
HAREUS T AR RO, (FAR KRR B AR T 2t
RS, AEs b BA BB R R
22 nEIEE

JCAF )] A4y A T R R T AL R PR
T3 e BT FE B v e 2 o) B B REAE n) AR
71N, KB S IR A S e i 7 A 48 DAy ) R ) R 1
. Vinyals S0P H T IEFA0AZAE B LT
TC 194 8% A5 700 06 5 A A N ) ot 1) B 25 28 AT R R L
B.  Oreshkin S AT 454 Rt 10 85 185 58 7 9%,
FRYE AN R AR 55 AT B RF AR SR, B3 N 2 o) B Y
i R AL, IR EAR A2 A RE T o JE T I Tk
YA Finn 2 UVER (0 45 0 8 O (K 76 2 3T 5k
(model-agnostic meta-learning, MAML). HllZ:H#x
ANt ARG DM SR, g
ANTRME 25 B Rk A3 e AR, BRI A S
6, WA RS 2FAE 55 1, Reig B 22
e HRT ZE0HE S T MAML H (1
AR, HErA TAERZ KHEET MAML 0%
>]%0%% . Antoniou 25PYE 5 MAML g MEA R . it
A ORI ) 28 5 AL UK T ) A, i HB T eI it
ORI AR L AL SICH R T bR LV iff e T e ) B 2
MAMLA+, Meta-SGD* &l F-BHHLBR B B (1)
JCAE )L, AR Aot ) i R, BN g A
BRI, IR ) SLHR T )RR 2
h SEIURIFH 22 NPT AR AT R AT 4545 75 3 B %) H 1,
Jiang Z BRI MUSML 5IN T T2, 3T
HCRE A A SO 2 45 8 AE 55, I IR 2R 24T T



272 Journal of Cyber Security 15 JF\V% 42441, 2026 1 H, H 114, 11

HHr. Lee Al Yoon® % MUSML 5 270 & LA
BRI ) B, R XB-MAML k. Sk £A
AT S LA RF THISHA S, B PIEH S5
YE R ZE A 2 ) & AEd A AT 55 B, &
MU S FARIEAT 55 3 A AT LA G, 472400
HE ) B JCVRE S5 AR5 0 A, ALK O N5 2 )
i, YRS MPIRL, EEEHTMYIGN S, LA
ZANERZHEE F I T B RUR .
2.3 MERE4FAEEET AR

HArdE T MmN RS T R4
(PRSI 25 SR, ARATY AR A7 23 28 5 v v R MO
AEZH A 10 T 0 338 5 1Y) 26 9t 8 4 AE A v 4 1) 1 225 (1)
P27 e 3 m N AT R e R TR 277 . Weid
2 SV Stk /N R AS - 2 50 0 R A0 2 S /0N 16 1) 2
P T IETRFEIG SR FE-MTDM A AZ R AR A
HARYE = 0 A1 Al K-means S350 R 4G B4 AE F
TR, 13 BIRIFRE, B 5 6 I 4 R 1k A 5 %%
MEREATHE RN SR, MRS Y 258 i o 24 A K 2R A0
EEBM ORI R, O KRS T
TR 2k PR 55 A5 288 RS 28 48 i B340 AR A1 A 2 A58 21
AR . CLIPPPE 2021 4F 1 Open AT #2 H 176 K
BLEARE 5 B PG E G K. R0 E
FEE SO LE2E S, i 4 L5k UG SCAS G Ek (1) i
N, SEILAE s 45 E 25 1) A 5l e G S SOk
Z AR eI . FLA v ke s 5 R SCAS [ g ) CLIP
BT R R RS e ) H st mr, B AW
FLAE S PR St B 25 SR B vy A 20 v 4 AR AIE R 7R T
J7. Shen 25BNt S TE AL CLIP 14 K14 4
2% 1T LUK S AR A PERE . Li 268Dy Ak
AV RRAE 22 T P2 2 1) 8, 48 T 56T CLIP Ak
BEGR A AR K IN R 48, 0 oL 5 RS R I 2L A e
A A3 5 RS T IFEARRFIE R IE 71, 0 i R
PEFEAR TN FEARRFIEBEAT AL BE, SRR T T ALY
BOR, $EE T RERNER R . 2SR, T
TN R 1T CLIP UG i it 25 5 T He B UG s 4R E 1)
AL, AR 2 1 A A P 3 AT R R 1 i,
{HUL BB TR AN SRR i v 5 Y 1) 7 V5 22 T
FEDFEACTE B R IR ARSI S FH 25

3 ETE ISR N R

BRI NP =R 2 W (22 WN C2 el EXZ ]
EERr LS TR RN APl T R vie o I ( B/ Rl IR 1
BRI INFEAR G DL 1 BRI B A 55 14 25 ST v X,
NN RSRBE TR IR T 5. BT IuE ST
AR YNGR A Top ROk Fi T P2 > 4T

55, A% AR GEAE 0 H IR B WL B R AL, Be
IR . HAT, J05 SIE M 4% 22 i i
R AT O 20 A T Se WP R oY, A S
WU A L, A1 B2 Ak B8 7 95 Ak A A F A
FR3 I ) AR T A Y Sk
31 MATFEIFELRINR

BT o0 NG IR & 718 I 2545 21
AN R RIS H, AR AL A T R N
RV ARSI, WA 2D 5 I SR 15 21 (1 A ok
SRR 2 55 T IA 3 5 4 1R AV e

AT (1 P9 3% 7 e AR ARG I 2R 9830 5 >R I o
iAo KL E B RGB —liE BRI 7%, FFA
FAEFPHZ M 2% (Convolutional Neural Networks, CNN)
KA EUGHFAE, LASBLR R 738 2T CNN 7R K]
BIFSUR L LE (1) BRI B, AR SORE P2 A
Bl A — de IR RGBS T +% CNN R
(AR, S [ 25 3 e UG AR A AT AR B . T
1o P 255 A R IE R U A R 45, CNIN RERS A R Al 2
FIX LG AL B R AT . VLS 15 A
Ui 28] CSE-CIC-IDS2018 Hdfa 4 Al Kl 2 JgoR
TRLBEACAL B ()12 09 28 B R A A AR

em n

Brute Force-Web DoS attacks-GoldenEye

Brute Force-X L Injection

Infilteration

DDoS attacks-LOIC-HTTP attacks-Slowloris

2 CSE-CIC-IDS2018 W& 5B HHEAK
Figure 2 Sample of CSE-CIC-IDS2018 network
traffic

AT MAML SEA S N AR Rl R, I 2k
s LIS R s, BAR AT S5 BEAR55
MRAAESS . Horp, BTSSR AL, 75
FET I S AN R A R ) o R v, 9 28 U o
s vy DL A [l s A SRR A AN RS, IR
FEANT 55 AR B S B SR e BB AN R 1) SCRE SR A2 i)
R LU o BRI GRHELL 53 1y AR PR AR ER, N J2 1
RPN BES: 245, AMERER PR R TG 2] s o Hey:
2148 T 25 R AT 55 SCRFSE B R AL,



PR Al BT IR ) RRFAIE G 58 P 14 286 A A AR Y

Hol i v H AR REMESS T, BRI Ly (fy), %
WD RATRR R N R BT R S50 6]
0/ =0—av,Lr (f) (1
Hrp, 0 ARRSE, a NI/ E,
VoLr (fo) MR LRI Ly (fy) VA3 2] 18k
FETI.
JC ) BRI IR AE I AR R 28 6] AEANFAE
55 T, Bl A BAS 2400 K o AR AT B B2 R B AL 42
A6, VS REAYIR T 24, Sl
GFIZ AR RIE N, BAR TS nR Q)R
‘9:9_/37V92Z~p(7)£z (fe;) (2)
Hrh, BTG ERNIEE %, p(T) HREAES 50
T AN 7] W9 2% 3t B s A v, B0 10 40 A 22 R
K, AU EE FRAN BT 2 0ol DA S K T 45 16 7
Wio NSEHLIGSE ST APz ALRE 3, e TR0
a2 2 M1 2 HOR 7 o5 T 2 (44501
Ao AT P23 UL i N AR A I 2R S8 PR3 AR SNt i 1)
BEJ), ARSCAETC ) kRl E5IN T XB-MAML #
R sl R R e I S B NATIE R E 2 e
LA A, DUSEIUBIALZ A RE ) 1358 . FIaa S 4L
AE XS 0=1(6,,6,,...0,} , Hh N ZRWI6h
RGN ES RN . BT b BRE & M 45
P RALSS T, W, AR BSOS A S AT
AbFE, K T 54T B0 R AE R AH s A8 A\ 3] Softmax bR
b R etk 216 2R BOR B A RN AR 1T ) 46
6", WG inr.

0, =1 ij'ﬁj 3)
pa

Horp, &, RoRAEARS5 T, 1o j NS RO AT &R A

GRS WIS 6 He ML S B MR T e I
S AT BT o BEAT 0 S BN, AL A
T8 2K 0 i 23 55 7 0 0 95% 2 DL 2 1 2
IEACME . Sl i e 21 58, B Q)43 B pE 4 R
GUBH O . MRS H 0" (T 2510 V WY
RN O, o AT BRI ST 45 53 A8
I, B EE N M KI5 . XB-MAML
HUE AL S5 0" HIXE T 6, 1A B R A S 1 7

YRS HECRE A, BAam=(4)r.
)

2
proj
Pl @
9*

2

273

M e BRI, R R 250 HAR R E 125 A
PR ZE R ROK, R Y i e S 8] e A 2
DLAE 55 AR S5 Rk o JE T, M e AR 2N UINZR SN
PPRRE I ORI, BRI i 2 H0as 1) vh 56 1) £ B AN
B, B BRI god RE, i RS H A
JAR, e RFME ECH) K TH— AR e 12
i ECH —1) NFEPE v a8 b B n— ANk 2, ik
I B AE ¢ I, BRI In— MG RS

IR IO ST I AN AR A I T V2 B AR AR I B
%1 FR:

H¥E1 T Io NN T VE

BN BRI BRI 0 p(T), BMES
R CHE S MIEMEQ |, A% a, T
MR L, VIS S EES O, Rk
HEE e, WA H .

W BRI SE 6

1 RANDOMLY INITIALIZE 6"

2 WHILE NOT DONE DO

3 SAMPLE BATCH OF TASKS 7, ~ p(T)

4 FORALL 7; DO

5 CONVERT SI R Q, INTO IMAGE
6 Y0
kﬂ@ﬁH—{u,wH
N
7 @,Soﬂnmx{—ﬁT(ﬁ,ﬁ
i 77) j=1
8 0 =12 %0,
j=1

9 0 =0"-av . Lr (f,)
10 END FOR
11 FORj=1:NDO
12 EVALUATE £, ;
13 INITIALIZE £, ; =0
14 FOR ALL 7: DO
15 ’C’total,j = ’C(QI > 01*) + ’Creg,j
16 %:%_ﬂN&ZZwQOJ
17 END FOR

18 INITIALIZE count=0,E(H)=0

19 CONSTRUCT SUBSPACE
V=span{6,,6,,...,0y}

20 FORALL 7, DO

21 6,

. . *
) pro “PTOjECtION ;" onto subspace V’




274 Journal of Cyber Security 15 JF\V% 42441, 2026 1 H, H 114, 11

2

‘ ei* — 9i,proj
22 £= —
Jo
2
23 E(H): Average ¢
24 END FOR

25 IF E(H)>E(H -1) THEN
26  count = count +1

27 ELSE

28 count =0

29 ENDIF

30 IF count > c then

31 ADD INITIAL MODEL
32 ENDIF

3.2 WK EF IR

¥ 2 U 10 B0l e o 5 ) AR A 2R G U
ke Stk el 2R S R AR O E Y PR I S MM 17
WOFEAMO T vk B B ZE TR AR, BARAT—
ST RO, ARAE b 35 25 RH 20 Do) 28 3 it 5 BT, A
FERSAS T BORZESS SR IRIE . DAL, 3800 M 2% i i b
LA e ¢ [i) 222 T PR 37 A i v A 28R 1 SR
B AR TE S DA B Sl g, ©
AT R U - TINS5 1A 185 5 25 KR 2R I o K
AESRIRTH AR REAR AR . AL, AR T CLIP
(10 P 5 2t it g 5 190 2% U o PRI AR s 1A T 1t 2D R AR
SEIOMIMG 5, Al P2 OCHE X R AE, 97 RAS R b 2800
R MR AE v 2 PR I 1 R R P R B, DA e

1 |- T T T T T T T

MR . CLIP 2 T-5k 2= W 4% (Residual Network,
ResNet) IR 5 #6 4: #%(Vision Transformer, ViT)?**)
TN A -G i &, 2 SRR 2 8 ] LUy
74 ResNet-50+ ResNet-101. ResNet-50x4, ResNet-50%
16.ResNet-50x64 Al ViT - B/32. ViT-B/16. ViT-L/14.
ViT-L/14@336px. AT CLIP 5 g i 350 i
UF B PR VAT-L/ 14@336px 1F Sy 09 264 30 5 A4 1)
o HE S 5 o

HARFRIER Rl 3 pow, BADEA A
JSL 06 W 2 i AR T BB A N CLIP gt ds, 19 2I4ESE
A 768 YERIr) o, B H FLE A 1 24 %24 (1) — 4 o)
fe N SRR P AT e >

|

|

| !

i > i > I >
| II. El 4 St 2

| i

| |

k|

| Ay 24
In L 1 L L

3 HEIESRIRIZE
Figure 3 Flow chart of feature enhancement

3.3 ETFaFEIIN4FEEEANRIE MR
®it

FEF T2 ) FRRAE 18 53 1R AR AS 0 A Y LA
PR 4 s

e e,

| : | PRI
| 12453 : * I |
| | | 0 2 ERE|
| CLIP | |Tooica” V| LA 13 CNNI(Ad) —> —(f)> > |
—> I 3144 [ L e X } & R A
I T Ay e S 22 Py RN T "
| | | o ArifisE > 3x3 CNN(64) — , SEAE |
| VAR | T £ » e |
= [ | R | LV FEA B | i |
¥ [ BEES e T |
——————— |
L A ———— 2 0, |
L I e, SJ&%mﬁEE 0, o !
g o, = )
L —» > P s 4:7 0, 1> A\ i
AL i R |
I .| | AR | o (R S i ] |
1 " | e e e e o |

4 ETuFEIMEFEEEMNRENEEREE
Figure 4 Flowchart of intrusion detection model based on meta-learning and feature enhancement

AL A FH T 2 ST HE B SEBIL/INFE AR B 258 N AR
KR, IG5 NFRRIER st bss R B =y Ve 2. it 7
filey XB-MAML 52 FI T 25K 2 006 1 5 B 7R
CLIP [ AR R R MCIDS, HARRAE A 4

BT o TG, MCIDS K5 19 4% 3t 8 H50 40 4 Ay A 1 P50
Wi Je A N CLIP EUE Gt 2% o Bl fi5oFs MG Gt 2% 4t
(1) 768 YERFAE In E ALl 28x28 [ 4l . 2onl
PR TR 5, BERKS BT O e AT 45, 58



PR Al BT IR ) RRFAIE G 58 P 14 286 A A AR Y

P e BARTE BLRI 3 I ZRAT 55 B0 AR 25 AN AT
5, BTSSRI SRR R A 4 . 7E It
St b, B 2E S IRAE VN GAT 55 SCFEAR Bb AT 3,
T RS A T02% S B AR I AT 25 A 1) 2 1 Al
b, WHAARSE BAINGEIRE S, BT
WEAT 55 EREATIONE, WBA iz hEe ), Bk
PhE . ERAING R F, MCIDS %8575k 1
20~32 ATUFRATES AT HE S B A T A v
R B AR FE PUE R T KESH R, DLORIERE
RURT S5 A AT 25 0 A, SR BRIz ABE ) o SER
wOE IR G, 192t a RvIate 24007,
SRR Gk I NRT S5 N MCIDS, 5%
U RitEE

4 LIEE

ARFERT LI IAEE . B AR A SR RS
B 4 AT T AT PR o
4.1 SRIGINE

KT 26 LE Ubuntu 20.04 #4245 Lt
17, 1#if§ NVIDIA A100-PCIE-40GB,Intel(R) Xeon(R)
Gold 6326 CPU @ 2.90GHz,377G W AE. SZUFREL A
Python 3.9, CUDA 11.1, PyTorch 1.9.0.
42 BEEE

S SR FH 199 8 N AR A 0 Ak i A8 PR N AR A
WEHIEE, 45 UNSW-NBI15PUHI CSE-CIC-IDS
20181 UNSW-NBI15 & 1 i # UK K2 9 2% 47
SERE RN 100 GB R IR M4 R A . 1% 50
PR T 9 PGl 2R, A 254 JT4pEAR, (1
FEREAGAFAERE AR A P47 )8, Begin JRFEAS m1iA
221 Ji%, T Worms KFEAMNA 174 4. CSE-CIC-
IDS2018 2 F I 2= KT8 A 2 A AT LR 0 252 K 9 9% 22
SWFFRTIBE A BETH ) M 28 Bl 4, B AE o dT .
DR APEAS NAZ KL R eSS B E fd 7
FARRI Bt 5, 15 BB s, L4 1600
T4 REAREIE . {H CSE-CIC-IDS2018 WMAFAE KA
e, A 17%75 A TREAREL S MR IR o B0 2801
ANSPA 1) R, 62 20 BT LAAT R B AR A T /b
FEAAE BT 10 N AR RS U 26

AT T LIRS T AH [ N AR AS DA 7R A () 4
4 E(PERE, Sarhan Z5POVERS 2 AN 4% B AR 45
P ARMERFTE£E NetFlow V2. £ 5256 563F, K 1%
AERFAE S YN S5 A 28 EL AT 5 R P D B AR ik A A 7Y
BN EMERE . WA S ISR F R AR A AL B S
(1 9 255 B N AR AT EH R B o [RIINE, ARG/ EAR I
GRIGE, SIO R DA B AR AR AT RAE AL B, RERR A

275

HRMFEHLILE 600 ZFEA, AL 600 45 M RIEAT
BEH LI KRR AbPH . SIS Vinyals 252242 tH MAML
IR 52565 %6, B N-way K-shot /MEARS,
N-way fUREE N AR A E, K-shot R FIE
AR K SRANFIREAR, DLUPAL R0 2 4
HRFIFEAR I KR T o
43 RESHIZE

FFILE 1Shot A1 SShot Kk 415 T Il 2Rk 7 4 Pl
5 7R, DNAERR S 59 R Y GRAT 55 A8 D VRE A 20 R145 2K b
HofE . IS ATAn, W —BARAE T, K (K, A
ST FE Ay, VERREER S, BURMEEN . A, BERTE
HI 5000 JCIEAC T BIBCR ST W2, 78 10000 4M%kAR
JAWILUG T R85, 20000 YRAENY L4k SR LT 508,
DRI, A S S0 R AR S 6 & R 20000 7K.

100 3.5
g 3.0
80 B
—ACC (IDS2018_3Way5Shot) [ 2 ..
S0l I ACC (IDS2018_3Way1Shot) =
5 | ~-ACC (NBI5_2Way5Shot) 2.0 &
& - ACC (NB15 2Way1Shot) i
2 a0l | ~+Loss (IDS2018_3WaySShot) 1.5 ¥
=~ ' -=-Loss (IDS2018_3Way1Shot) =
4 -+-Loss (NB15_2Way5Shot) 1.0
ol 1 -+ Loss (NBI5 2Way1Shot)
LA s by [05
0 T ;:—-:T-'C:J:E;:’;. e :;::: ::;;‘I-‘ b;—-ll — :: = 'f"ii

0 10000 20000 30000 40000 50000 600000'0
Epoch
5 IR E AN EH AN 1 RE AR
Figure 5 Influence of data Settings and iteration
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