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Challenge: Large-Scale GAN Training Asynchronous Training
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- Model size is rather small => Data parallelism suffices o
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- Dynamically adjust the prefetch buffer size Fig. 2: Asymmetric optimization. Evaluation
- Moderate the impact of network jittering
- Hardware-aware layout transformation Ty g 1. BigGAN end-to-end training: reduced from 15 days to 14 hours.
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import paragan as pg S , Q. gi ////
class Generator: . ) E? ////
def model f£n(latent var, y): - In charge of hyper-parameter tuning s e e
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Fig. 10: Weak scaling on BigGAN (128x128)

scale mgr = pg.ScalingManager (config=cfq, ° Implements several popular GAN backbones

bs=2048, num_workers=128) . . .
- Easily extensible to other architectures

g = Generator()

d = Discriminator () Limitation & Future Work

gan = pg.Estimator (g, d) ) .
c. Evaluation metrics

¥ train

for step in cfg.max_steps: . Standardized evaluation metrics

scale_mgr.train(gan)

1. More GAN architectures shall be evaluated.
2. Scale on larger clusters made of GPU
+ Inception Score (I5) 3. Adapt to stable diffusion models

- Frechet Inceptions Distance(FID),

# evaluate
scale_mgr.eval (metric="£fid’)

Fig. 5: ParaGAN example.
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