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Overview o (Sample Complexity) Under the parameter setting e < 1 o = (nd)'/*, ||p||* = d, there Visualizations

exists a universal constant C' such that for €2,/d/n > C, Where n is the number of labeled

* Use synthetic data to improve the adversarial robustness real data used to construct the intermediate classifier, and additional n synthetic feature ' 4
e Present contrastive-guided diffusion model to generate synthetic data generated with mean vector +cp and pseudo labels, if e
e Shed light on the optimal synthetic distribution for downstream tasks - 2887162 d <
o C \ TL, 2 o :.. < .:..- : ‘.-9'...‘#..
. . theﬂ 3 % 4 a. e S '828.._?.‘_4:-2 S
MOt lvat 10115 —3 (a) Diffusion (b) Contrastive-DP
4 éﬁnal [ CHT robust (féﬁnal )] S 10 .
o |1| achieves the state-of-the-art performance on adversarial robustness on the CIFAR-10 Main Algorithm
dataset by leveraging 100M high-quality synthetic images generated by DDPM |[2].
e DDPM is usually 1000 times slower than GAN |3], which takes more than 99 GPU days Algorithm 1 Generation in Contrasive-guided Diffusion Process (Constrastive-DP)
on a RT'X 4x2080T1 GPU cluster for generatin 100\/[ image data. i oNCE A—
- - - o 1: Xy = {&}, ~ N(0,1) <> .
e Goal: improving the sample efficiency of synthetic data, especially for diffusion model. 2: t=1T
3. while ¢ # 1 do (b) Contrasrive-DP
Theoretical Insights & fori= /I\}N d‘ﬁ
5: z ~ N(0,1) | CIFAR-10 Results
R 6: Choosing ac( ") as the positive pair of w(z)
Linear classifier A . al @i = cu, error achieves minimum v I A.’L‘tz) — )\ : vmiz) gCOntI‘aStiVe(iEy)? (L‘](?Z)’ ) —+ €o (CB§Z), ) S0K 200K ™M
fo(x) = sign(6 x) Iy 2y \\ ettt . (i) ; | clean acc rob acc clean acc rob acc clean acc rob acc
(u,0°D) S| £ O T Q. agg’f L= A (*”’t —VI-—a, Az, ) + VT - Azl” DDIM 84.05%(0.06%)  56.20%(0.15%)  84.86%(0.43%) 57.83%(0.28%)  85.73%(0.51%) 59.85%(0.26%)
S af ”/ Ve Contrastive-DP| 83.66%(0.21%) 56.60%(0.17%) 85.71%(0.18%) 58.24%(0.20%) 86.30%(0.09%) 59.99%(0.23%)
AN 9: t=1—1 DDPM 84.84%(0.37%) 56.30%(0.06%)  85.23%(0.25%) 58.28%(0.09%) 86.86%(0.04%) 59.03%(0.16%)
X Y \% . 10:  end for Contrastive-DP|  84.70%(0.43%)  56.18%(0.10%) 85.61%(0.14%) 58.62%(0.12%)  86.30%(0.10%) 59.74%(0.26%)
¢ oo o —4 .,.""&"‘ZIZZ.‘:.;{.' \.\\ 2 4 11: end while .
O > XN N AN 12: return X, = {a:(()z) Y :
eetenfes & Y s ° (Bom) =0 error achieves — Ablation Study
N(=p,0%1) o® o0 0 o° 1] """""" \\\ rnaxtmuim X Reverse diffusion Process (Generation)
......... _al \\
Learning paradigm: U 200K 1M
clean acc rob acc clean acc rob acc clean acc rob acc
={(X, 1)}, - (fo) DDIM (Separability) 79.93% 49.49% 85.09% 54.90% 84.87% 56.08%
lleam e ( fgﬁnl) Contrastive-DP (Gradient norm) 80.41% 49.47% 84.64% 55.17% 86.36% 57.11%
Some contrastive losses: InfoNCE, HNM, ... Contrastive-DP (Gradient norm-rob) 83.91% 55.23% 84.78% 55.42% 85.93% 57.18%
J— Zyz X; = {(x )} ovaluate emfoNCEm,wp;T):log( o (f @) S @) /7) ) Contrastive-DP (Entropy) 83.66% 53.91% 85.71% 55.79% 86.30% 56.84%
Synthetic Data l teSt i T b - exp (£ (@) f (@) /7)
i--:--:’-----%--} =D Rl Ly g R it S 7T % p(f;))fj())) TRTTEIIL Selected References
i._{_x_i_}_i_:_l_:___i_: generate pseudo-label {Xl ’ y’}’ =] — Oﬁnal  ndn (Zl Yidi T Zl ijj) m< 5 )J"'_‘ (Eannag [exp (HoeZieon)[ - r4B, o fexp (Hoel2) )
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