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Clean-label Data Poisoning Attack Scheme Based on Data Reconstruction
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Abstract: Artificial intelligence systems rely on large-scale, open training data collection, which creates opportunities for data poisoning
attacks. Attackers can manipulate training data by infiltrating the data supply chain, thus compromising the availability of deep learning
models. Compared to dirty-label data poisoning attacks based on label flipping, clean-label attacks are more stealthy but face greater

challenges in implementation. On the one hand, precise manipulation of sample features is required rather than direct alteration of labels.
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On the other hand, it is necessary to ensure that poisoned samples remain highly visually consistent with the original samples to evade
detection. Although existing clean-label attacks have achieved some success, they are often difficult to implement in practical scenarios due
to loose assumptions, and there remains room for improvement in terms of stealthiness and computational efficiency. To address these
issues, this study proposes a clean-label data poisoning attack scheme for deep learning based on data reconstruction, termed CPDR. In
this scheme, the loss function of the Attention U-Net model, originally designed for image segmentation, is reconstructed and transformed
into a multi-task learning reconstruction model that incorporates reconstruction loss, attack effectiveness loss, and model update consistency
loss. Through data reconstruction, stealthy poisoned samples are generated, and effective poisoning attacks are achieved under a black-box
assumption. Experiments conducted in both centralized and federated learning scenarios, across two datasets and four target models,
demonstrate that CPDR reduces the model’s classification accuracy on target classes with minimal impact on the performance of the main
task. In centralized learning, CPDR achieves an additional reduction of 2.33 and 2.42 percentage points in target class accuracy compared
to VagueGAN and Adversarial Poison, respectively. In federated learning, this advantage further increases to 4.44 and 4.10 percentage
points, respectively. Moreover, the poisoned samples generated by CPDR exhibit minimal visual differences from the original samples,
making them difficult to distinguish and detect, thus achieving a good balance between stealthiness and attack effectiveness.

Key words: data poisoning; poisoning attack; clean-label attack; Al security
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M E R A S AT 5 o RS . I GRAe e M SRR I R B /3K,

( TF F AT A ER )
-
£ %
o : O -
2 .|
=1 [-H& [T & H | =
F 7250 S 41 il - s 2]
/)N J\ h
x, SHHAE | SR — x,
\_‘ HiRF : HiF1 _‘
\\ 1 J
i&@)\
1. Ak 2. IR K 3. EH—EbEk
A
Iz
o %%
B i @—’% i
. i”s‘ #55 P J7In
= i ‘s,~~j'5 / WD e il
: i -
i 117 AN |fow —VLED)
BERFERI BRPASE 3 ES LR
iﬁ’ﬁ)\t |$ﬁu)\ H :
- T L
1
1
( H
-
NI AR
L U-NetE 217 )

B 4 CPDR J7E4H)

WK 5 BT, Attention U-Net B8 fHZmfid s . MRAD4AS . BREOEB AR B UBHUX 4 585 H k. il asid iz
EERE T RFERAE S E S REERHIE,; RS 28 N i s B BB Bk . B 23 (0] 4y 7% 544481 U-Net BERYANR],
Attention U-Net #5475 Bk R E B2 5] NVEE /117145 (attention gate) HLH, F T 7E & gn s 25 F AR AL 23 RFIE I 3 45
e H 5 Moy B A3oRH OC (0 B BERRAE, (RIS G BT R 1S B

RIS A S R 408 3 48,

(1) BHCR B 9D 23 M BRERE AL B x Aok BRI T481E 5 g, —F B AR ¥ (i 1x1 FH
WSS 31— A g5 — 7 )

X =W xx+b,, x € RECHHW: €))
g =W,rg+b, g€ RECeHoW, )
Horp * RSB RRAE, H A W 8% KT Hy W, BIVRFIE P x BET 345 5 RGP R,



(J fup_conv

3 64 128 256 512 1024 512 256 128 64 3
fonvx2 [conv_block] [conv_block] [conv_block [conv_block] %
'
[ conv 3x3 conv 3x3 w, IXI%%\V ReLU (o)) Sigmoid (o,) Resampler
[ Batcthorm f[ BatchJ'Norm }E%m@_’@
([ ReLU ( ReiLU . 1x Hﬁuﬁ
conv_block attention gate @

K5 EEREH
(2) FHEE S ERFEJE I 119345 St AT AN, B2 2R rE AR e f5 45 B3 2 7 h R o

g =ReLU(x" + Upsample(g’)) 3)
B JE A —AN 1x1 A o K S S SO TE (R = W B, B4 Sigmoid W& REUA—1k:
a = Sigmoid(y xq+by) 4)

BRI 3K o BP9 77 SR 508, 2o i A\ BORPAIE P o 2 T o7 B £ B
(3) VA A5 [T R ) A0S g B 4 R DB T8 BRI, A5 B35 D 0 I 5 R AE, -5 RS aS R AT

G

|

X=a0x ()

BER ) % B0 B GG U-Net JF R BRI Bet th, A0 24 T 78 A M BE RO Be R AE B B30 T — ki = AL
T ] e PR A 2 42 U0 B R AE I BE IR B A &5 SR 1) 25 (D409, & AL BRAT S5 AE S I B A T, B R T2
P E A B AT 5% v B 0T B XS RRAE A 3R R 77, 4] 0 % DX ek ) s

PRI bR 25 BEAFE AR AR BT 55 P20 o, DR 0t 35 35 0 DR IR JZ R AIE A% 7 N RB AR AR B AL
23], [FIE 556 T0 R REME 4. b4k, Attention U-Net 158 [ 45 ¥ 5% 22 JROBEREAE I HE B8 1058, Refis Soail 52 2
Yy sc T AL R I B A AL i) MG i A, 3R R AR I B 1. 4% b, Attention U-Net B2 KR IR H & & 1F i
PR TE L R TEAGRE A A B, AR SOk F AR N SR AR R, DLAR B o B IR R AR

AR KT attention gate FIRC I AT T W BLIGAE, FLAAR SR, B Attention U-Net ¥ 4% 71 &% Ji5 %1 attention gate Y]
Hr A ) R o, WG O RO B S IER N EE x b, MEFHLR. E 6 fiw, B 6(a) £ E
BRI SR, R RS THNREAME R A A AR 2 2= 00 X3 (B 2 810 X)), i Se 57 2 X 3 (1 5
;MR IR RORBUR, B T2 P — SRR SO |, 0 R R A AR IR SR L, T
EFPTETN BB R RS AU 0, 7 R (A B A8 B RS2 R A 5L

TER MR, EEBIR A R AR RIE AR R AR R AR FEATEAR 3 25 () B — 3k, A B R Re AW



KX AT HBERL PR EMBERELETER 9

i R PR ASAE TR 2 R0 2 8] P R A2 07 ) S5 R P SRR I i A2 M 17D TR 2 R AL SR IS, I SR A 2 A 437 2K bR
HARR I TEARHELR. 58 3.2.2 TR IR R RHE SR IR 2EAT 4.
: !

-e N

(a) B E 4L (b) LT A+ T RS

Bl 6 Attention gate fij /R =
322 WRIZFHAEFREAE:

AFTHA2H CPDR J5 %K FH IR ERHE SR RS, R HAEHR REUH & H /E. H 8T &8 12 K THFIEREL
BB FE, 9000 32 53 0 b o IR AR 4 DA R B B 2 ) 2 T B BY B TG 2 ST ) 5 5. IRy R E s h B —
5 SR A8, (ELE BG AR 5 T A7 SR A7 S PR WF 038 0 71, sk KR R )1 5 1) 26 A o £ ) 4 A5 70 LA 1
JiC & 187 50 1) 22 2 BN AL 3 23k, RO RT S /NEEAR G 4328, HUBCRAR TR O 1T B E T o0 5 S SR ROR I RHE B2 X
A5 I U BA TR 2R A6 AR 28 00 29 L 4% 1 ik ELVZ A I B TR TR AR AR SR AL AR 7). DRI, AR SR PR A P 5 T 28 I 4% (1
AESRECT 2, B 22 25 B Jm — A el J2 140 % HH VR A AR TR R ARFAE

DR AT EE R B AR AR B R R R A 5 2R A RS, TR PR B — 28 A B A ) 1 AR R AR B R
Papyan Z& A\ P*V1 Rangamani 25 A\ "7 (R 7F 70 #1038 B, 75 7 5 128 I 2 1 45 00 0 SR BE, T T Rl — O O REAR IR I2 4
AiE2x B AR S SR 20 oty (BPSPIRRAE), B8 O 2 B A b 23 BIO, & ) T — PR <55 A1 B ali T
i (simplex equiangular tight frame, ETF)” XS R JUA S5 44 1% — 4516 1 B 43 AT 55 A A [RI R0 RE AR 1~ 38 R AE
REREAE %SG AL R A PHEREAE. BRI, A SO R R R AR IR P S8 R AE AR SR SRR AE, T T HE B Kk i i 5
5 E R AR (R % 7 19,

i i B R AR XS T H AR R RS R A, T T T B ARHIE ZE R AR A, %5 RS B RK PR PR A Re % W]
S5 IAREAE [ 58 B0 T S K 2 55, 3 A 1 B 2R (DR SRR AIE 90 A 250, LA W 7T (W0 FaceNet™), Prototypical
Networks" ") 1E52 T HCAE 55 4EARRAE 2 18] b R 200, AR SOR P K B PR B8 /R A RFE 22 57 FE R A6 .

AFTLL ResNet-18 A M, {8 FH 22k 73 25Kk Tl 25 ResNet-18 A%} Cifarl0 i BEATRFIESRIR. an&] 7
B, N R RE AR SE I RR IR BE 15 22 5 225, T AR SZAR MBS 2 RN BT 2, 30E T Fodde B v SR (1 & B 45
I, CPDR 77 4R Bk 83K T S5 AR A 28 X 48 A5 70 70 SR AE R IS (RRARB ER 8 SR b AT LA %, A%
%K EfficientNet-BO Fil ResNet-50 15 7Y), DL FI P IRFAE A AARFE, DARK [GRE 2545 S A [R1 2450 2 (A VR 24
IEZE S, FIRFFAE ALY B B SR MR AR L R IS 5 AR R i B, 51 3 @R AR 2R HE R 7 ) S 2R

1.00
airplane o0.00 [CEEEEEIREE airplane B AUEERCL S 082
automobile 8 automobile 7 0.95
bird bird
cat 6 cat | 0.90
deer RECHEE deer |082 078
dog [EECCEE 4 dog fais 085
frog frog 071 073
-0.80
horse [ 5 horse
ship 3 ship 077 081 0.71 [@ 2075
truck 77 0 truck 079 ‘;Eﬁﬁ; 0.73
oD & S . oD & S :
\‘b& 60\\0 & & F o “@%vé\%a %Q\Q \&c\k’ \q;\\@ 6&\@ & X E s fé&x\o‘%e gy& \@&
S S
N N ,
* (a) BRIRHE 25 i (b) RILAHARE

K 7 Cifarl0 FIEE S IRANRHEIEE R
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3.2.3 ke Hstit

TE IR B AR R S5 6 5 IR SRR SR IS (1 2 A B, AR — B R SR G R BRI, R RE A R AR il A
HATERA LR 54k,

Attention U-Net #5844 F T & #4800 BT %, Hoam o SR BUGUR ST — SO ME S 20 8] B2 vl & —
AN TCEPUEIEFEITE 0 B 1 Z MBI RE, H¥ gt —20 Oy RS 0 301 MR RE, 0 R B FH AL B AL A
TERNTE HB S, 1 RN IZAR T AL B ST R 8 v AR (iR B, B R 225245 5 HIBT, Attention U-Net JiG
FI30 5% R BUONIE R — 038 X T 5% (binary cross entropy loss, BCE Loss), RIS SAME R 4 B0 N — 25
FALSS (HIWNZG R E T8 R ), AT FIE TR, BRR R T:

1 N
Luce = = > lilog() + (1 =y log(1 =) ©)
i=1

Ho,y, 25 i MERWEIRE, 9, 25 i MERWTAIAREE, N 2GR S5

Bb b, H FH B35k R BUE A B TR (Dice Loss), FLA 4 40 F1 H 1 BUE 5 R385 5 B SE ) R AR ES 1)
FERE, BRBRIF:

21XnY|

CXI+1Y]
o, X R ESE RIS BT S PR RBE, Y RS 0 B TS NERRE, XNy MERRZHL
E PN ES6

1E CPDR Jj %1, Attention U-Net 5 B4y R4 AR, 4145 H A & A28k, Fofi B 08 SO T2 e 34
B, Bl PRk R BN B OE T, T BT FT A R BR 2. CPDR J R % 0 AT 55 R AL FEAR AR A, RO B i 3
FEI G — DRI IEE AR B AR AR I R R E @B, ARG A, B T L LR &1 2B —,
R, R AR B RIRTHE N, AR AR R B L SR W R IE AR AR 28—, A A . B R
515 B AR ERRAE R A%, A1 H ARAR Y 2% ) 1) 6 15 1) Rp0E - 2o LS5, 0 T 3¢ ol L e 52 320 S A0 A I 7 At 3 ik
PR AR R IR, 50 =, ST — S0, RO S e, B 308 T BARE L B AR A BB 5 1 5 Kot 2 507 %
3 22 S, DA G A b B R IR S5 A I PR R SR SR g DRI, N IRIIN S R 3 K AR, ASCE T
—ANELE 3 A I AR R BB LA Attention U-Net BERY () JFUUR 5 25 8. BBk, 2 S LB B LT 3
TR AL

B E IR Lecon, EK B IR TR IEM G 15 IE AR REE & B — 3 vIRiZ B bx, A0
TR EEBE Fp MAAFEAR x ML TEEFEAR £ = Frx) MR FEITTIRZE (mean squared error, MSE) /£ H & 45
%, Bl

@)

LDicc =

Lieeon= Ix=Fr@)ll3 ®)
AR RN RO BEACREATEAR R O ) 58, 8 X AR AR 25 o A S A SE AL R 0.

HUGRBRRORIK Ly, 280K B B R B AR IR Z R %, A LTI —Fh 48 Triplet Loss 4
Xt BE R AL S HEAT B AL, Triplet Loss /& %2 21 b & I B AR s 4L, % T I 2R BB (embedding
model), ‘& I 2 H B iR AS- IEAEA- GRS = 04 2 18] AROAR R S, Ao 2R A R A 2 [ v 2 > 381050 ) 428 B 9 1)
IRAZR, H =040 M REA S A 22 4. BAEA TS S, 2 [ 58 9l il (0 LERE AR GLRE AR, 53 530 A2 A5 P AR il B2 HL
& Fg TS H AR (IE28) ARGIA (5138) T BEA IR R RFIESE, 10N fo M free. FEVIZRE AR YIS,

FEMFAEA & BIREHRHE Fr(R), G =T0H (Fe(R), frees froo)» LR AT (9) PAb H B
Lyy=max(0,d(Fe(8), fro,)~d(Fe(3), feg)+margin) ©)

Ferh, d(-, ) FORFRAE ) & A A BK B S, margin 2, T4 H AR5 SR AR AE 25 18] b i) e/ N TR 24
PR AR TR R AL B L0 ) B R PR D B S PR R A KT margin I, ZBURIUA BEN 0, WIS A BE A
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SRR SR, R EEENR, ZSHIERGE R 5 R AR EHE S (E2200) SRS 851 A %,
AR T B I S S U s A TR T U, S E 0.5-1.0 1]

AR I LA B FR A B AR AR BOVR IR AR AIE 17 B SE A H AR S RHE A £, [RIIN IZE 25 SR A6 SR TRFAE )
1B frogs AT 5243 SRR PRSI0 SO0 A L T3 75 1R 22 S5 46 0 B 85 (W 20 9 U5 2, Triplet Loss [FAHXS FE S ARFE7E
DEACL A o [ I 25 P& 52T H AR 287 5 <t 1 SR 28 A7 1), A def P2 S S P i 5 - g, T B8 A Akt s B e
FEA IR 2R AL £2, 1 SR M ROR.

B e AR BB — BUE IR Lypgare, A RAH T B ARIIR IR 2% 21 375 58, 15 A8 BRI A< A0 B85 077 ) 5 4
JRIAE TR B 77 1R i 2, LA I v e IR 55 2 1) M A TR 5 SR, AT — AP 4R m B BRI . AR 22 21 3 5,
FEFIBAAEA & IR T A AR Y I 15 B A 53T W) A il R 0
Lg%, W)

ow®
o, W FORAE A RN BHL, Ly 24 BT R BRH, o 25 ST 3B, L, W T Bl 1 &, R SRR
ARIVE TR, A 5575 10 7] BLER AR 0L gropai(, w)/ow'™. TiX F RS 5515, g k55 25 S H a4 i 2
57 Rk A RSB S H, ARA LA R S0 7w R RS SR AR 4 R, AT DUE
A R () TR TR ). BRI, R A AR ey 3 AN R Uy 1) R n] BRI 4 RS (1 I TR ), RIATRA AR
G JR RS S — Bk PR, AT SR — B AR K W] LR R O
aLglobal (%, WO))

ow®

G EPTIR, ZRE TR BB Liccon~ Lag M Lupdare 1X 3 #70 (P21 5 B Lypgae, N XA HEER),
Wili# w5 BRI AR 3 A AR, CL IR BEAUAREAFEAL 0 L XE A0 . IR R RRAE A 2E A, B2 FLREmi i)
A1 S 5 4 SR AR R S R O [l . 3K R AT AR A — N MR PR 22 AT 9% 2 3T I, TR B B R B O
THRESE LA F) H AR 18] 11, B

Ligta=A1 Leccont+ A2 Lo+ A3 Lypgate (12)

FEZALSS 5 2, SFHETAS [FE 55 0 R — B SR ). s e v m] 3 e I 5 S W58 2 Bl ], B2 ME 5518
Z2 R NN R L. W SR HE LA S, BT LAk — 2248 PCGrad. Uncertainty Weighting 55 % fig ik, iX 68 fig
SCRE BB 3T B AR S5 IR B b SR BN SE I, AT )25 T BEA E LB THINZR AR
3.3 WEHRIE

FESE 3.2 5, ASCHORETI S5 . RFAE SR IR K B OB THIZ 3 N7 IR 4 T CPDR 75 R DR, A5
Kt — 0 YW Bt 3 R LR R S & DL 25 R A REAS IR R B 2k, CPDR 7 58 5 A0 &5 F AU BE A fhil) 2% A4 75
Bl A T ZR AL ORI # A R T R 200 A ROREAR TR Z R IE AL 7 2851 B, I 5 ZAE IR EE 1 45 H 1R
FEREAT BEALFE AR 25
BUE 1 BT HER RS A L R

N B BAREE Dy = {(x v} MR Fo; FRACIRANES Fr; 2 RHERISH W, w'); 225K n; 51255 M BGH
S A, b, A5 HEAAFE RN by FF R KAB S I margin, BRI G T,
fth: BACFEARLE D,

1L WAL E Y P 2406

2.Dy«— {x;| x; € Dyy and y; = A}

3. foos < AVg(Fg(x)) | y; = B).repeat(b, 1) // $EHLH b5 HIRFAE i
4. frog — Avg(Fg(x;) | x; € D,j).repeat(b, 1) // FEEUFE LG HIRHAE 1) &
5wl — w ) Bl & R 2

D) _ o)
Wae =W

(10)

Lypgue = 1 = Cosine_Similarity (— ,w — b (11)
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6.FOR ¢, €(1,2,..., T) DO
7. FOR mini_batch{(x;, y)}ic1,2,.... ) € D4 DO

8. /(1) BEFEAR

9. X < mini_batchi{x;}ic(1, 2, b

10. & Frlx) // 15 FH B AR Y A0 o B A A

11. 11 Q) FKHE

12, Lieeon < Ilx— &I} / TR EEHIE

13. fo — Fp(®) / SR @EFE AR R RHIE

14, Ly = max(0, d(fi, frow) — d(for foeg) + margin) /| T HBLEERRAR K

D
Lo (5, W) 1/ A 1 5 7 1)

ow®
16, Awgigpa — W — w1/ THELAJRBR I 1E 5 ST 7 17
17. Lypdare < 1 — Cosine_Similarity(Awgigpat, AWago) // T SRR B — S P ok
18. Liotal = A1Lsecon + oL + sLupaare /) W HEFETIR
19. 11 3) ZHE
2. 0 0-n ) B R RS %
21. END FOR
22. END FOR
23.// (4) FAUREAE R
24. num_poi < |Dyy X poi_rate /] KHF [l 7€ LA 1E HFEAR

25. mini_batch{(x;, )} ic1, 2,..., num_poiy < Random_Sample(D 4, num_poi)

15. A"Vatk — -

26. x mini_batCh {xi}ie(l, 2,..., num_poi)

27. Xpo < Fr(x) //FEALFEA A

28. Dy, «— {x; | x; € Xpois | € (1, 2,...., num_poi)}
29. RETURN D,

(1) WA Taki BT PR T2 B R A (1 B R e U8 0, FF M MR S o 0 17 23
A BOREAHI R ER T4 D, BJS, B R SRS Fy JEE0E BRI B h A SRR B TR R AL P 4, o 31
Frow JEAG R E IR 09 TR A b AR 1 RO LA P B, P B IS S RO Rz S, (0 P R RE R 7 v A
KA A I T,

() BRI ERE TR AT, I T 0 4 MUREAR T4 D, R 52 foHtR R b 35 A4
B RO, B S IR A x N B Y Fr R DL O ST SR 2. SR, HRAR SR A S A
EA 158, RIS A . Ha R AR R RO T — SOk

C AR Lyoon: B TR AR 15 JBUARE A2 ] 10 25 5, (0P T R A 5 A RE AR (R R 877 R 25 B2,
R I T A REALSE b 5 AR AT, W (R Wb

« BRI Ly 06590 T R ACH EL T TS R AR 0 DR SR (SRR, DA o A oy 25 BUAE N IE SRR,
VI S R A AR R T 57 B AE AR Triplet 522, T AR SR A 0 TR 2RI (RS

o BT — SR Lpgue: I A S2H (0L 200 R 2 A BE A Y11 25 10 A T 05 1 5 4 T 3 S 07 0 0
S0, B 5 R LR 2 R KA O 27 51 e, 78 2 ST R B A

SEAHR Lo B IBCRAN_EI 3 U A5, S A6 R v T AT 2 0 384T 3017

(3) AL REAR A 7E AR 2052 R, ot 0 — 2 H MK A FOREAR TS B HLTRE, 2Bt
IR i T R K B R AR AT, 2 R I B LR A D,
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(4) BARS A B): AR A SR SRR, Sk & T B A s B . R A, B A A S 5 H AR
TUYIN Gk, H 75 AU A 0 T AR A S (R 2 B TR )1 Rt SRS R )1 5 2 3 ol T Tl s Ak 60 °F &5 (W1 Amazon
Mechanical Turk) Y5 K4, Sy 2 m] LAy 25 e 3 s vr ik 32 A2 B AL REA SR D, W SRAE ALY 238 i o8 =5
B PO (ST RARIE A ] AL AR ER SR AR, SO mT LA 2 38 s R A A B3, 5 D, TR
EIRHEL. ORI SR R A A Sh B R TE (st ety P EAR e 1), ety DU I 7 R AR
R AZ B, 1 D, $R S H BT, DR SR AR R, ASCA R H BARSEEL. MR 22 20 v, 4
A ANNT [ E . BGh BB NS 575, B D, kA CIARMBER, JR 255 A i R K 25
L ARRIAT. R BRI 0, MRS SCHR [12] BB TL, AR A2 213 5, Bl s i R AR R AR o E A B s,
PRUONFEAT R T LR H 4 JR B 2R 1 ST ANARUE, Ul 2 (U AE e J LA 5025 B AT AR B (O RCR. TRk, SR AU A ] o5
SR UG AR 7 BB, RVSGE 2 AR I 2 B Bl R 2 507 IEW AT I ZR M, Frigtpe A & sg B m, ot
FAEVN R 5 Ja T L AT BT L.

4 SZIGSTER

AFTIE L SEIE T CPDR J7 AT SR A AT, 500 U A FoAh 7 R AT b, K St o R R W, 7R4E
32 S 3 SR 24 31 3 e, 1277 SR HRRE S BR R AN AT 2 S s ) 1 B s
4.1 LWKE

AL T RS s AT, 1% RS S IE % Intel(R) Xeon(R) Platinum 8474C CPU Fl RTX 4090D (24 GB)
GPU, 1 ] Ubuntu 22.04 #4E 24 PyTorch 2.1.2 (CUDA 11.8) HEZE. 4 SE36 {4 | FashionMNIST 1 Cifar10 74
AN HEROE &R /TE A7 70 000 5K 28x28 HIKFEEIME, J5# A7 60 000 7k 32x32 () RGB B 4. Hirk
R LeNet-5. Mini-VGG. MobileNet-v2 1 ResNet-18 X 4 Fft HA A Byl 32 1 (R AY . R S0k & 56
7 CPDR “E SR BRAURE A AL 5 R T, AR B LR, Bl JS A 280 LB B8 0 VA e Am, o il fE 4R R 0 5]
FICIR S ST IRBT N B VP4, AR WA HL BT 2. M8 5% B SR 2 BOR #585 LU AR L0 AR B S 3830 2 VE AR T 1.
AT7 R SEIARAS R WL https://github.com/CPDR2026/CPDR.

42 BUHEEXRE

Kl 8 F1E 9 43 B~ T CPDR J5 5&4E FashionMNIST Fl Cifarl0 $54E A4 B 2 b BEAR IR0 5 201 5T
REG, Rt 3 HEGREMMREAST, 4L E — AN i N 1SR A TE R AR B 0 R R e A, 7E
AR, AR R AR DR R AN FE AR R IGO0 T, W NFEA TR AR 2 e 75, (%0 HH 1) S AR AR e i Th iR =
YRR 5K W], CPDR 7 EEA SR MFEATEERE 1, BRI TR LA & I IE 5 A A Bt B B AR AR, A
DR B R, X LB AR A R KR T 4800 (0 PR BB, S 35 S5 R e 7R R I, X SR A B 3l LT TG ik e A R %%
B, H 2 DA A R 2 1 4 .

Me A, BATIE 7R T oAt g2 5 S 46 I FEARE AL 90 AR & 10 Frow, B 10(a) 72 3 Fi2E T GAN KI5k
FEARA T 22, B 10(b) JUI2 3 Aok TR I R 04 7 28, 7w (R RE AR 351 B A 28 Uy 22 0f BRI SCJRSE (B RUR 51
HBHA <, MEH SRR E IR Eh S 80, SR I, A3 CPDR 77 R 16 5 SRR, A2 i S b BEAS AL 5E 5
BHET AR R T AR Y, R RERINES ).

EARE R IR, N IRIE SRR, 236 H R AT SRR (5 TR AR RE A ) 5 VR B A AE S el ) 2K m e . EL AR T
T, VAN [F) 20 TR AR ARAE S5 ) BR PR 28, 308 B AE 23 18] p e 323 1) B AR R NEAT e el T 30 SR A7 7E B
BE5F, T FashionMNIST $#84E, i FH 7512504 42 R HUIZR 1Y EfficientNet-BO 15 $2 BUR EFRAE; 1 % T
Cifar10 FE4E, WK A2 5054 L B 251 ResNet-50 BRI BEATHAE IR B 11 JBS 1 950 4 1025 51 (A 0
PE BT B, B AR T AN B A R 2 I R E 7 ) HR AT R AR

Ja, NWEBAE T ZIIPATE, KRR T 4 P J7 1L Cifarl0 B84 1A AR 100 DEEALFEAR FE


https://github.com/CPDR2026/CPDR
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i, Wi 2 TR, Hrh Bullseye Polytope 7 %€ U s B ARE Ho it S0 45 HH I TH 3 (PR 10 MREARZ 7 min), A
FFENFINEI. 3 2 v, F T4l B 5 ROHTE T TR G AL, (0 AR AR R BT 8 2, 4300
FE LA BB U230 h, 78 7 BB H & S FEA R R B . Bullseye Polytope 75 3T L iR AL £ ik, it
SHE NS 2% Adversarial Poison!"™ (DL ik AdvPoison) WE I B RAREFE T MR B m 1 AERRCR. 2T
GAN 77 ZRIA ST R BARFEAE B3 Bl a], (2 RN — Wk, 2 5 BN Al SeEl Z R 2 b REA il 4. o,
VagueGAN 7E I ZRIF SIS, 1H H 125 a8 45 44 1 5, A= iidt FE SE R AR SCi¥) CPDR J7 R ME I 2Rl BB AT

95, L2 R AT it T BB SEHIRIRE S22, W T VagueGAN,
NEAT
|G

FIRIERITIT] |

THiL# (T-shirt/top) #1542 94 %2 (shirt) #4 (shirt) %BZ%%’%%T‘%Z (T-shirt/top)
m m E E u L] . . ; i ’P‘ .’*
4 . 1 i | 80
KA (trousers) iR FEAIEAME (dress) JEACHE (dress) iR MK (trouser)
tee f N tee | o - & % 1A
u { &= - ‘ 4.
£4Z (pullover) #1773 N KA (coat) KA (coat) HiR I NEHZ (pullover)
UCHE (sandal) #1729 25 NIZ 38 (sneaker) J&EN#E (sneaker) #1750 25 N TETEE (sandal)
513 (bag) Bk F NS (shirt) R (horse) 1 1% 432N TS AL (bag)

K 8 CPDR 7E FashionMNIST 4 pR L RE A

HENEX % SSEEA0

“KHL (airplane) #¢i% 7> 29T (ship) VU2 (automobile) B2 Ky R4 (truck) .
SreSeaBBssEE
. e G| )
i (ship) #7215 43258 K AL (airplane) R (truck) #1250 Z IR D (automobile)
| ‘H‘ s \a A N “
e Y, "’o & \ 4 B : 1
- lye \ ! .
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