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lan Goodfellow @goodfellow_ian - Jan 15 N
4.5 years of GAN progress on face generation. arxiv.org/abs/1406.2661
arxiv.org/abs/1511.06434 andv.org/abs/1606.07536 arxiv.org/abs/1710.10196
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.I Spectral Normalization GAN
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.I Spectral Normalization GAN
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.I Spectral Normalization GAN
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.I Self-Attention GAN
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.I Self-Attention GAN
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.I Self-Attention GAN

NG =Lkl
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figh 1 S -
SINERAPUSE], "L

m Self-Attention Generative Adversarial Network(SAGAN) 2 —/AME & ks, K
U B 7 (attention-driven, long-range dependency modeling ).

B G GANTEA B 7 HF R AT, B TR M i feature mapH R —4
/NGB . TISAGANZSE T BT HIRHE i (all feature locations).

B EIIZEHER T 61T —1k (spectral normalization ) R4 T+ 45558 (training

dynamics).
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.I Self-Attention GAN
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Figure 2: The proposed self-attention mechanism. The & denotes matrix multiplication. The softmax
operation is performed on each row.
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.I Self-Attention GAN
AP R s

Model Inception Score FID
AC-GAN [31] 28.5 /
SNGAN-projection [17] 36.8 27.62%
SAGAN 52.52 18.65

Table 2: Comparison of the proposed SAGAN with state-of-the-art GAN models [[19}[17] for class
conditional image generation on ImageNet. FID of SNGAN-projection is calculated from officially
released weights.
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“B BigGAN

K Batch Size

Batch | Ch. | Param (M) | Shared | Hier. | Ortho. | Itr x10° FID IS

256 64 81.5 SA-GAN Baseline 1000 18.65 52.52
512 64 81.5 X X X 1000 15.30 58.77(£1.18)
1024 | 64 81.5 X X X 1000 14.88 63.03(£1.42)
2048 | 64 81.5 X X X 732 12.39 76.85(+£3.83)
2048 | 96 173.5 X X X 205(£18) | 9.54(£0.62) | 92.98(£4.2T)
2048 | 96 160.6 F, X X 185(£11) | 9.18(+0.13) | 94.94{+1.32)
2048 | 96 1583 7 F X 152(£7) B.73(£0.45) | 98.76(£2.84)
2048 | 96 1583 ¥, ¥, v 165(£13) | R.51(£0.32) | 99.31(%2.10)
2048 | 64 71.3 S v * 37T1(£T) | 10.48(£0.10) | 86.90{%£0.61)

Table 1: Fréchet Inception Distance (FID, lower is better) and Inception Score (IS, higher is better)
for ablations of our proposed modifications. Batch is batch size, Param is total number of param-
eters, Ch. is the channel multiplier representing the number of units in each layer, Shared is using
shared embeddings, Hier. 1s using a hierarchical latent space, Ortho. 1s Orthogonal Regularization,
and Itr either indicates that the setting is stable to 10 iterations, or that it collapses at the given

iteration. Other than rows 1-4, results are computed across 8 different random initializations,

¥ -KBatch Size AT AR HE G R &



.l BigGAN
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(b)

Figure 15: (a) A typical architectural layout for G; details are in the following tables. (b) A Residual
Block in G. ¢ 1s concatenated with a chunk of z and projected to the BatchNorm gains and biases.
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“E BigGAN

BT

Figure 2: (a) The effects of increasing truncation. From left to right, threshold=2, 1.5, 1, 0.5, 0.04,
(b) Saturation artifacts from applying truncation to a poorly conditioned model.
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Paper: Large Scale GAN Training for High Fidelity Natural Image Synthesis
https://www.paperweekly.site/papers/2366



THANKS



