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Intrusion Detection System Based on Contrastive Learning
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Algorithm 1 Transform Network Traffic to I

Input: T= {t,t,, ...

with F features.

Output: X = {x;,%,, ...
1: fort; in T do

-}

,tx}. t; € RF represents the i-th network traffic sample

,Xp}. X;represents the image generated from t;.

2: t;= Normalize(t;)-255,vi € {12, .., N}

3: end for

4: T'= {t1,t3, ., ty}.

LR C:,k e Correlation(tjf,t,’c), Ce ]RF"F,Vj,k e{1,...F}

G Rank all features based on total correlation strength:
©ORG)=ZE, (Gl ¥ € (12, F)

7. Sort all features by R(j) in descending order:
*  RankedFeatures = {f, f5, ..., fr}

8: LayoutPositions = SpiralPositions(F)

9: forifrom 1toF do
10: P(f;) = LayoutPositions[i]

11: end for

12: fort; inT 'do

13: x; = Image(t;, P))

14: end for

15: Return The set of images X = {x,,x,, ..., x,}
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Network Traffic
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