547 %5 4 W) S I Vol.47 No.4
2026 4 H Journal on Communications April 2026

E TS EE RGNS A

‘ﬂ;ﬁ’% 1,2,3, {1‘1»\1%7!61’2, E}ﬁg\%lg, iy"ﬁ 1,2, E}%%‘ 1,2, I%JFEI%)TZS
LSRN RV AR E SHEOR2EBE, S0 BEFH 550025 2. BEMIAE BT 22 5 K BE R R R (1 8 R0 s, 53 BEFH 550025,
3PN R ZE R 515 B TR0, 50 S2FH 550025)

O OIS T R BT e TR IR RS, LRk & RSO B e B R R, 3R T 2
B ()€ [N PUBIHESE PTAP . ZHEZRAE S 50 0] P A6 Bt F ARSI, SRR B T i Th R P & (K i /N5
BRI, JFLOZIE AR NG 1T EAS I A S vt 5, 8 G v T 48 10 ik A S s A2 R SR THAS I e . e 4h,
PTAP F 12 B 45 7 1) 5 3 U AR 3 SR B0, £ R B AR RF EAESS MERE AT RN M 95 )5 11208, I
) 2 = iR SR UG S I — AR AT . AERR T A\ A 8] RPE A () A Bl A Ak A B LA 11 R ] el
ERSEIG R, PTAP XS ) H AR AR B A5 BT 99%, (235 BRAK TR INTFAY, JR7E & Fhdodi AL o (R FFAR
R RE .

KRR RPN S, HLER I RIRSS: RIS JE I

hESES: TN92

MRAFRESS: A

DOI:10.11959/j.issn.1000—436x.2026076

Backdoor detection and defense method via parameter-space
targeted adversarial perturbations

Tian Youliang"*?, Jin Kunlong'?, Shi Lujia'?, Wang Shuai'?, Zuo Jianshuo'?, Xiang Axin*’

1. College of Computer Science and Technology, Guizhou University, Guiyang 550025, China
2. Guizhou Provincial Key Laboratory of Cryptography and Blockchain Technology, Guiyang 550025, China
3. College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China

Abstract: To address the reliance of existing backdoor defenses on salient and separable backdoor features, as well as
their high trigger inversion cost, a parameter-space targeted adversarial perturbation (PTAP) framework was proposed.
For each candidate target class in the parameter space, the minimum parameter perturbation was required to achieve a
predefined success rate, and this quantity was used as the test statistic for backdoor anomaly detection, thereby avoiding
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