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Introduction
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Method
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(a) Discrimination of real and fakel! (b) Encoding into latent spacel2 3.4] (c) Distillation of generator feature
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Visualization of three types of GAN representations
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« Squeeze-and-span representations from GAN generator

« GAN distillation optimization
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« Squeeze-and-span representations from GAN generator

« GAN distillation optimization
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« Squeeze-and-span representations from GAN generator

« GAN distillation optimization
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The network may degenerate to
output constant.
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« Squeeze-and-span representations from GAN generator

« GAN distillation optimization
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« Squeeze-and-span representations from GAN generator
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Domain gap between real
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« Squeeze-and-span representations from GAN generator

« GAN distillation optimization
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Representation distillation significantly outperforms

discriminator and encoding

Knowledge Source Transter Method Domain CIFARIO CIFAR100
L. Direct use (single feature) Syn. & Real 63.81 30.11
Discriminator , | o |
Direct use (multi-feature) Syn. & Real 77.58 51.63
Encoding Syn. 57.15 32.19
Encoding Syn. & Real 50.27 28.43
Latent variable Vanilla distillation (w/ aug) Syn. 84.84 53.26
Squeeze Syn. 86.99 58.56
Squeeze and span Syn. & Real 90.95 66.17
Vanilla distillation (w/ aug) Syn. 84.48 52.77
Generator feature Squeeze Syn. 87.67 57.35
Squeeze and span Syn. & Real 92.54 67.87




Experiments

Squeeze and Span yields better results
compared to SSL methods in linear classification

Pretrain Data ~ Methods CIFAR10  CIFARI100  STLIO  ImageNetl00  ImageNet
Real SimSiam [10] 90.94 62.44 71.30 - —
VICReg [3] 89.20 63.31 74.43 - -
SimSiam [10] 85.11 47.89 73.38 — —
Syn VICReg [3] 84.68 52.84 70.80 - -
Squeeze (Ours) 87.67 57.35 73.35 — —
SimSiam [10] 90.88 62.68 71.70 - -
Real & Syn VICReg [3] 90.46 65.22 75.05 46.42 47.32
Sq & Sp (Ours) 92.54 67.87 76.83 53.32 47.80




Experiments

Better transferability in linear classification, object detection,
surface normal estimation and semantic segmentation

Pre-training Data Method Aircraft Caltech101 Cars CIFAR10 CIFAR100 DTD Flowers Food Pets SUN397 VOC2007 | Avg.
ImageNet100 VICReg 23.96 60.29 15.27  80.28 57.11 4595 60.26 33.40 38.41 29.53 49.07 | 44.86
(Syn.&Real) Sq&Sp (Ours) | 23.88 63.59 15.30 84.37 61.28 49.36 63.41 37.80 43.28 33.04 55.64 |48.26
ImageNet VICReg 32.39 79.49 2237  90.09 70.67  58.88 79.97 50.55 59.47 45.76 68.74 | 59.85
(Syn.&Real) Sq&Sp (Ours) | 33.85 80.65  25.71 90.14 70.81  61.75 80.09 50.84 61.01 46.34 68.30 | 60.86

.. VOC Detection NYUv2 Surface Normal Estimation ADE Semantic Segmentation
Pre-training Data Method
APt AP5S01T AP751 | Mean| Median] 11.25°1 22.5°1 30°1 | MeanloU{  Accuracy
ImageNet100 VICReg 3375 61.73 31.77 34.62 29.70 20.90 39.77 50.40 0.3008 73.19
(Syn.&Real) Sq&Sp (Ours) | 41.10  69.07 42.54 33.09 27.47 22.90 4271 53.47 0.2993 73.25
ImageNet VICReg 46.69  75.78 49.07 33.86 28.42 22.08 41.35 52.15 0.3263 74.85
(Syn.&Real) Sq&Sp (Ours) | 48.98  77.50 52.85 33.39 28.30 22.27 41.65 52.26 0.3299 75.22




Experiments

For more results and discussion, please read our paper.

] ] Impact of generator quality
Discrepancy of representation

08 1 —>*— Squeeze and span
Methods Pretrain Data CIFAF_UO CIFASIO' STL_IE —*— VICReg on mixture
(x107%)  (x107°) (x107%) —~ 66 ——- VICReg on real
S
| Syn 3.44 5.89 5.39 s | "
VICReg [3] >
Real & Syn 3.74 16.8 11.4 = o4
Squeeze (Ours) Syn 4.79 1.24 9.82 = o ]
Sq & Sp (Ours) Real & Syn 0.45 0.25 3.71
4ill3 5I.I22I 7.|[19I | 11103 2[IJIA?8 | 4Ill.71 o 87I51
FID (log-scale)
Ablation Study .
Impact of generator architecture
Lrp A Ty Lyx Loy Span | Top-1 Acc .
- ) _ Generation Squeeze
a v 74.20 GAN architectures Type Sources
b Y ; 94.48 FID Top-1 Acc
y . 10.00 StyleGAN2-ADA Unconditional ~ GitHub repo, model 2.92 87.67
¢ ' AutoGAN Unconditional ~ GitHub repo, model 12.42 76.28
d v v oV v 79.10 _ . .. ]
StyleGAN2-ADA Conditional GitHub repo, model 2.42 88.90
A A A 81.67 StyleGAN-XL (StyleGAN3)  Conditional  GitHub repo, model 1.85 84.97
[ v v v v v v 92.54 BigGAN-DiffAugment-cr Conditional GitHub repo, model 8.49 86.41




Future Work

Learning representations with stronger generalization and
transferability with more powerful GANS.
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https://github.com/yangyul2/squeeze-and-span
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