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Tensorflow
Single Node 

Multi-GPU: Vanilla

Image source: https://jhui.github.io/2017/03/07/TensorFlow-GPU/ 

https://jhui.github.io/2017/03/07/TensorFlow-GPU/
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hvd.init(): Initialize the framework

hvd.DistributedOptimizer(): Opt.

hvd.size(): no. of GPUs

hvd.local_rank(): index on each GPU

Import the Horovod library for Tensorflow

import horovod.tensorflow as hvd

Horovod initialization

hvd.init()

Modify the learning rate (Optional)

learning_rate = learning_rate*hvd.size()

Define distributed optimizer

opt = tf.train.AdamOptimizer(learning_rate)

opt = hvd.DistributedOptimizer(opt)

Set visible device for each thread before training:

config = tf.ConfigProto().

config.gpu_options.allow_growth = True

config.gpu_options.visible_device_list = \ 
str(hvd.local_rank())

sess = tf.Session(config=config)

Tensorflow
Single Node Multi-GPU: Horovod

https://github.com/uber/horovod 

Inside python scripts

Terminal command

$ mpirun --allow-run-as-root -np [no. of GPUs] -H 
localhost:[no. of GPUs] python [python script]

Functions

https://github.com/uber/horovod
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Keras with 
Multi-GPUs
Vanilla API - single line of code
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Keras with 
Multi-GPUs
Horovod API - 10 lines of code
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PyTorch

● PyTorch supports multi-GPUs 
configuration officially

● Warp your model with 
torch.nn.DataParallel

Multi-GPUs (single-node) - Vanilla

…
model = SOME_MODEL().cuda()
# Modification for multi-gpus
# * device_ids determine the GPUs used for training
# * if not given, default use all GPUs
model = torch.nn.DataParallel (model, 

device_ids=[0,1])

# End modification
…

This single line of code will take care everything for:
● Copy model to different GPUs (Data-Parallel scheme)
● Sample different batch for multi-GPUs
● Gradient averaging
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PyTorch

In order to run the multi-GPUs in Horovod, The 
first step is to import the corresponding 
package
import horovod.torch as hvd

Multi-GPUs (single-node) - Horovod

1. Initial the configuration

hvd.init()

if use_cuda:

# Horovod: pin GPU to local rank.

    torch.cuda.set_device(hvd.local_rank())

2. Create sampler for batch dispatch

train_sampler = torch.utils.data.distributed.DistributedSampler(
    train_dataset, num_replicas=hvd.size(), rank=hvd.rank())

# Do the same thing to test/validation dataset

3. Distributed the models

hvd.broadcast_parameters(model.state_dict(), root_rank=0)
# Horovod: wrap optimizer with DistributedOptimizer.

optimizer = hvd.DistributedOptimizer(optimizer,

                  named_parameters=model.named_parameters())

4. Set the sampler at each epoch start

model.train()
train_sampler.set_epoch(epoch)

5. To invoke training script in terminal (example)

$ mpirun --allow-run-as-root -np 4 python main_multi_horovod.py

Notice, we only need to do testing/validation on a single 
GPU/CPU:

def metric_average(val, name):

tensor = torch.tensor(val)

avg_tensor = hvd.allreduce(tensor, name=name)

return avg_tensor.item()

…

test_loss = metric_average(test_loss, 'avg_loss')

test_accuracy = metric_average(test_accuracy,                  

'avg_accuracy')

…

if hvd.rank() == 0:

    print(test_loss, test_accuracy)



8

PyTorch

Make sure you’ve imported the apex 
distributed module
from apex.parallel import 

DistributedDataParallel as DDP

Apex used command-line argument for 

passing the GPU rank, expose --local_rank  

as API is needed
parser.add_argument("--local_rank", default=0, 

type=int)

Multi-GPUs (single-node) - Apex

1. Initial the configuration

torch.cuda.set_device(args.local_rank)

torch.distributed.init_process_group(backend='nccl',

                                 init_method='env://')

2. Create sampler for batch dispatch (same as in 
horovod section without passing num_replicas and 
rank)
train_sampler = torch.utils.data.distributed.DistributedSampler(

train_dataset)

3. Distributed the models

model = DDP(model)

4. Set the sampler at each epoch start

model.train()
train_sampler.set_epoch(epoch)

5. To invoke training script in terminal (example)

$ python -m torch.distributed.launch --nproc_per_node=4 
main_multi_apex.py
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Mix-Precision 
Training
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Mixed Precision - ICLR 2018

Tensorflow

1. Make an FP16 copy of the weights.
2. Forward propagate using FP16 weights and 

activations.
3. Multiply the resulting loss by the scale factor S
4. Backward propagate using FP16 weights, 

activations, and their gradients.
5. Multiply the weight gradients by 1/S.
6. Optionally process the weight gradients (gradient 

clipping, weight decay, etc.).
7. Update the master copy of weights in FP32.

https://arxiv.org/pdf/1710.03740.pdf


11

1. Make an FP16 copy of the weights.
2. Forward propagate using FP16 weights and 

activations.
3. Multiply the resulting loss by the scale factor S
4. Backward propagate using FP16 weights, 

activations, and their gradients.
5. Multiply the weight gradients by 1/S.
6. Optionally process the weight gradients (gradient 

clipping, weight decay, etc.).
7. Update the master copy of weights in FP32.

Mixed Precision - ICLR 2018

Tensorflow

https://arxiv.org/pdf/1710.03740.pdf
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PyTorch

Make sure import the correct modules in 
Apex
from apex.fp16_utils import FP16_Optimizer

Mixed Precision

1. Wrap the optimizer with apex version

optimizer = FP16_Optimizer(optimizer, static_loss_scale=128.0)

2. Turn model and input to half-precision

model = SOME_MODERL().cuda().half()
input = input.cuda().half()

3. Use optimizer.backward instead of loss.backward

#loss.backward()            # Original
    optimizer.backward(loss)    # Mixed-precision training
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Tensorflow
High Performance 
Data Input Pipeline

TF Record




