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AdaptiveMix

1. Generate Hard Samples

.
.
shrink
.
.
.
\S
.
.
.
\
\
\
\
AN
\
\
\

Given x;, x; and Feature Extractor F (-)

~ ~ Minimize L4,
= Fx) vi= Flyg) v = F&y)

2. AdaptiveMix Loss O X0 & shrink
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Laga = Z Z D, (AF (x) + (1 — DF(x;), F (%) + o) . Easy samples © Hard samples
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D, (-) computes the L,(L,) distance S



AdaptiveMix on Image Generation

The learning objective of AdaptiveMix based image generation:

minmax E[J(F(x))]-E [J(F(G(2)))] +min E |[L444]

G F,Jx~pr 2Pz F x~pr,pyg

AdaptiveMix Loss Ladazz Z Dy (AF (23)+(1 — X)F(xj), F(2i5)+0),
i

Discriminator is consisting of feature extractor () and classifier head J(-)



AdaptiveMix on Image Generation

FIDs of DCGAN using various learning objectives The proposed method for StyleGAN-V?2

Learning Objective CIFAR-10 CelebA Method AFHQ-Cat-5k | FFHQ (Full)
WGAN [1] ICML’17) 55.96 - FID IS FID IS
HingeGAN [58] ACLR’17) 42 .40 25.57 StyleGAN-V2 [20] (CVPR’20) | 7.737 1.825 | 3.862 5.243
LSGAN [33]1 ICCV’17) 42.01 30.76 StyleGAN-V2 (Re-Impl.) 7924 1.890 | 3.810 5.185
DCGAN [37] (ICLR’16) 38.56 27.02 LC-Reg [43] (CVPR’21) 6.699 1.943 | 3.933 5.312
WGAN-GP [6] (NIPS’ 17) 41.86 70.28 Style GAN-V2 + Ours 4.477 1.972 | 3.623 5.222
Re-implemented WGAN-GP 38.63 70.16 ADA [17] (NIPS’20) 6.053 2.119 | 4.018 5.329
Realness GAN-Obj.1 [47] ICLR’2020) 36.73 - ADA (Re-Impl.) ‘5‘.582 ;.059 3.7 li 5.200
Realness GAN-Obj.2 [47] (ICLR’2020) 34.59 23.51 i‘PD/f }O‘“S , 4'23‘6’ 2"1’22 g-g’;g gg’gz
Realness GAN-Ob;.3 [47] (ICLR’2020) 36.21 i [15] (NIPS72021) : : : :
AdaptiveMix (Ours) 30.85 12.43 APA (Re-Impl.) 4.645 2.093 | 3.752 5.281
P - : APA+Ours 4.148 2.096 | 3.609 5.296
The experimental results on a synthetic data set
Data Samples Std-GAN WGAN MaF-GAN Data Samples Std-GAN WGAN MaF-GAN
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(a) Mixed Gaussian Distributions (b) Mixed Circle Lines



Mix on Image Generation
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AdaptiveMix on Visual Recognition

Image Classification

(1) Given samples and their labels (i, ¥s), (25,¥5) ~ (X, D)

(2) Generate hard samples  Z;; = g(xi, 25, \)  Gij = 9(Yi, ¥, A) (25 = 9(ziy 25, A) = Az + (1 — N)zy)
(3) Input samples to feature extractor  v;, vj, 0;; < F(x;), F(x;), F(Zi;)

(4) Given an orthogonal classifier 7(-)

The learning objective of AdaptiveMix based image classification:

~ ~

Ly = Uijlog(T (F(2i5)))+8i5l09(T (g(vi,v5, A))) + Lada

Image OOD Detection

Given a test sample x,, the probability ¢; that x,is OOD is calculated as:

\fT(th)vZ!)
| F (@)l

Oy = mljn arccos(



AdaptiveMix on Visual Recognition

Robust Image Recognition Clean Image Recognition
Table 11. Accuracy (%) of the proposed AdaptiveMix on varying

Table 7. Accuracy (%) on CIFAR-10 based on WRN-28-10 trained baselines and datasets. Res. stands for resolution of the input.

with the various methods with orthogonal classifier (Orth.).

FGSM PGDE  PGD 16 CW.i00  CW.100 Dataset Architecture Res. | Baseline | Ours
CIFAR10 (8255 (41255) (4255) (c=0.01) (c=0.05) CIFAR-10 | WRN-28-10 [53] 322 96.11 96.80
. . . CIFAR-100 | WRN-28-10 [53] 322 80.82 82.02
Baseline 38.03 0.92 0.28 11.1 0.39 9
Mixup [54] 60.17 3.97 1.16 30.32 736 T-ImageNet | PreActResNet-18 [9] 64 , 57.23 60.59
Orth. + Mixup 4480 399 266 7112 4947 ImageNet | ResNet-50 [8] 1287 | 67.38 | 68.69
M.-Mixup [44] 5932 7.97 2.97 51.47 .12 .
Orth. + M-Mixup | 3876 577 438  69.08  53.98 OOD Detection
Ours 74.18 32.12 22.12 81.39 74.72 Table 12. OOD detection on various OOD sets, where TIN-C,
TIN-R, LSUN-C, and LSUN-R refer to the OOD set of Tiny
ImageNet-Crop, Tiny ImageNet-Resize, LSUN-Crop, and LSUN-
Resize, respectively. All values are F1 score (1), 1 stands for the
Table 8.  Accuracy (%) on CIFAR-100 and Tiny-ImageNet result reproduced by the open-source code.
against various adversarial attacks based on WRN-28-10 [53] and
PreActResNet-18 [?] respectively. ID Dataset CIFARI0
OOD Dataset TIN-C TIN-R LSUN-C LSUN-R
Dataset Method | FOSM PGD-8 PGD-16 CW-100 CW-100 Methods using MC sampling
(8/255) (4/255) (4/255) (c=0.01) (c=0.05) 1DS [52] (CVPR’21) ‘ 0.930 0.936 0.962 0.961
Baseline 11.71  0.79 0.42 4.42 0.23 Methods which adopt OOD samples for validation and fine-tuning
C-100 Mixup [54] | 27.34 0.28 0.11 4.83 0.28 ODIN [26] (ICLR’18) 0.902 0926 0.894 0.937
M.-Mixup [44]| 29.73 1.19 0.49 10.75 0.77 Mahalanobis [24] (NIPS’18) | 0.985 0.969  0.985 0.975
Ours 2428 822 740 42.02  26.18 Soft. Pred. [10] (ICLR’17) | 0.803 0.807 0.794  0.815
Baseline 426 081 060 2792 752 Counterfactual [36] (ECCV’18)| 0.636 0.635 0.650  0.648
T-ImageNet | VIXUP [4] | 4.23 098 =077 29.13 1541 CROSR [49] (CVPR’19) | 0.733 0.763 0.714  0.731
M.-Mixup [44]} 3.04  0.82  0.59  29.69  16.86 OLTR [32] (CVPR’19) 0.860 0.852 0.877  0.877
Ours 7.10 466 498 3593 34.22 1DS w/o MC 1 [52] 0.890 0.886 0.897  0.907
1DS w/o MC 1 +Ours 0922 0911 0.934  0.937




Conclusion

1. We propose a novel module, namely AdaptiveMix, to improve the training of GANs. Our
AdaptiveMix is simple yet effective and plug-and-play, which is helpful for GANs to generate high-
quality images.

2. We show that GANs can be stably and efficiently trained by shrinking regions of training data in
image representation supported by the discriminator.

3. We show our AdaptiveMix can be applied to not only image generation, but also OOD and robust
image classification tasks. Extensive experiments show that our AdaptiveMix consistently boosts the
performance of baselines for four different tasks (e.g., OOD) on seven widely-used datasets.
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