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GENERATIVE ADVERSARIAL NETWORKS

• Generative modelling: 

• To learn the characteristics of a dataset and encode into a probabilistic model

• Sampling the probabilistic model allows generation of similar data

• GAN:

• Use an auxiliary Discriminator network as a “loss function”

• Generator wants to maximize score and Discriminator wants to minimize score

https://mc.ai/learning-generative-adversar ial-networks-gans/

Score
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STYLEGAN2

• Tensorflow - approx. 6000 lines of code 

• Progressive growing of GANs (Karras et al. 2018)

• Progressive growing allows to tackle low frequency errors first

• Linear cross-fading during resolution transition

• An effective mode collapse avoidance mechanism (Karras et al. 2018)

• Compute std dev over images in a minibatch

• Average over features and pixels

• Append scalars a feature

• A style-based Generator architecture (Karras et al. 2019)

• Mapping network (MLP) + Synthesis network

• The mapping network and affine transformations to draw styles from a learned distribution

• Synthesis network to construct the image
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MULTI-NODE STYLEGAN2
Motivation

• Standard implementation 

• Single process, NCCL allreduce GPU Direct P2P

• python run_training.py --num-gpus=8 --config=config-e --dataset=ffhq --mirror-augment=true --total-kimg=10000

• for gpu in range(num_gpus):
with tf.device('/gpu:%d' % gpu):

do things

• Multi-node implementation via Horovod 

• One MPI process per GPU

• horovodrun –n 8 python run_training.py --num-gpus=1 --config=config-e --dataset=ffhq --mirror-augment=true --total-kimg=10000

• hvd.init()
os.environ['CUDA_VISIBLE_DEVICES'] = str(hvd.local_rank())

for gpu in range(num_gpus): # num_gpus is now 1!
with tf.device('/gpu:%d' % gpu):

do things

if hvd.rank() == 0:
do something

Configuration Resolution Total kimg 1 GPU 2 GPUs 4 GPUs 8 GPUs GPU mem

config-f 1024×1024 25000 69d 23h 36d 4h 18d 14h 9d 18h 13.3 GB



6

MULTI-NODE STYLEGAN2
Data Sharding

• Training dataset is split into partitions

• Progressive growing uses multiple TFRecords files

nloppi sa 1078000 Sep 9 04:06 fewthumbs-r02.tfrecords
nloppi sa 2717000 Sep 9 04:06 fewthumbs-r03.tfrecords
nloppi sa 9053000 Sep  9 04:05 fewthumbs-r04.tfrecords
nloppi sa 34397000 Sep 9 04:06 fewthumbs-r05.tfrecords
nloppi sa 135773000 Sep  9 04:06 fewthumbs-r06.tfrecords
nloppi sa 541354000 Sep  9 04:06 fewthumbs-r07.tfrecords
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MULTI-NODE STYLEGAN2
Seeding

• A lot of GAN functionalities are based on random 
number generators that require a seed, e.g.
latent vectors

• Multi-node StyleGAN2 is process parallel, 
perturbing the manual seed is necessary.

• Because of this, initial states differ between 
ranks

• Need to broadcast from root before trainining
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MULTI-NODE STYLEGAN2
Communication

• In distributed training gradients are averaged 
across ranks

• Previously 

all_grads = nccl_ops.all_sum([grad_0, grad_1 …])

• Now 

len(self._devices) = 1
all_grads = hvd.all_reduce(grad)-

+
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MULTI-NODE STYLEGAN2
Metrics

• Frechet inception (50k) score :

• Feed 50k fakes and reals through pretrained 
convolutional neural network

• Get the activations from last layer 

• Compute mean and covariance across the 50k 
samples of these activations

• Compute the Frechet distance between mean 
and fake statistics

• 50k reals taken from the entire dataset, not from 
a shard.

• All processes can generate fakes and feed them 
through the inception network

• All_gather before computation of mean and 
covariance
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VALIDATION
On Puhti-AI

• 4 x NVIDIA Tesla V100 nodes

• StyleGAN2 config-f 

• FFHQ set 256x256

• Effective batch size = 32

• nvcr.io/nvidia/tensorflow:20.08-tf1-py3
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PERFORMANCE BENCHMARKS
On NVIDIA Selene

• DGX-A100 nodes

• StyleGAN2 config-f 

• FFHQ set 256x256

• Default batch_size = 64

• nvcr.io/nvidia/tensorflow:20.08-tf1-py3

• export OMPI_MCA_pml=ucx

• export OMPI_MCA_btl=^openib

• export HOROVOD_CACHE_CAPACITY=0
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MULTI-NODE SCALING TESTS
Strong scaling

• Effective batch size constant 64
(per gpu: 8, 4, 2 )

• 63 % parallel efficiency (2.5x speed-up by 
quadrupling GPUs)
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MULTI-NODE SCALING TESTS
Weak scaling

• Effective batch size increases: 64, 128, 256, 512
(per gpu: 8)

• Approx 98% parallel efficiency
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SUMMARY

• We implemented multi-node training capability into StyleGAN2 via Horovod

• We demonstrated that the new implementation does not compromise the performance on a single node. 

• We demonstrated that multi-node training does not compromise the accuracy of StyleGAN2 for a constant effective batch size. 

• In a weak scaling sense (effective batch size constant), the implementation achieves 63% parallel efficiency up to 32 GPUs. 

• In a strong scaling sense (batch size * the number of nodes), the implementation achieves 98% parallel efficiency up to 64 GPUs.
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STYLEGAN2 FEATURES
Style-based Generator Architecture (Karras et al. 2019)

• Map the input to an intermediate latent space W using an MLP

• This  controls the generator through adaptive instance normalization

• AdaIN normalizes each channel to zero mean and unit variance, and 
then applies scales and biases based on the style

• Input only through styles! No latent input to the first conv layer

• The mapping network and affine transformations are a way to draw 
samples for each style from a learned distribution

• The synthesis network is a way to generate a novel image based on a 
collection of styles. 


