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Optimizing Deep Learning Methods for Image Segmentation
with Distributed Training
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Introduction

Deep learning methods, primarily
convolutional neural networks (CNNSs),
have proven very effective at image
classification. CNNs are able to learn
complex patterns to identify anatomical
structures with high accuracy from
medical images. Development of auto-
segmentation networks is important to
reduce the inherent time requirements
and variability of manual segmentation.
However, current research is impeded
by the computational time required to
train and tune the CNNSs.

initialize workers (nodes)
setup model and import data

for each epoch {

broadcast variable states to all workers

create ImageDataGenerator(batch_size = n)

while ImageDataGenerator is not empty {

on each worker:

get batch from ImageDataGenerator
train worker on batch

}

average gradients across workers

update model

}

Fig. 1: Modified CNN training routine. The ImageDataGenerator
Class from Keras controls the process of distributing unique
batches to each node. The source code for the CNN with
optimizations can be found at
https://github.com/gpauloski/livermask.

Results

Increasing the effective batch size by
providing each node a unique batch to
process reduced the average time per
epoch to process all of the training data
as seen in figure 2. Time per epoch
using 8 KNL nodes is comparable to the
P5000, and with 16 nodes, the time per
epoch improved by 60% over the GPU.

To understand the impact of averaging
gradients across the nodes, we plotted
the training loss over time in figure 3.
Performance gains are again clear

THE UNIVERSITY OF TEXAS

MD Anderson
CancerCenter

Making Cancer History’

Validation Dice Score During Training

0.35

= s e ]
0.3

0.25
0.2
0.15

0.1

Validation Dice Score

0.05

0 5 10 15 20 25 30

Training Hours

1 node 2 nodes 4 nodes

8 nodes 16 nodes P5000

Fig. 4: Increasing variability at higher node counts is due to the
validation being done independently on each node before the
allreduce step.

moving from 1 node up to 8 nodes. At 16
nodes, performance decreases in the
early stages of training. Furthermore, 32
nodes performed substantially worse
indicating the performance loss from
gradient communication between nodes
became greater than the performance
gain from increased batch size.

compensated for by scaling the learning
rate by the node count, however,
convergence issues were still present.

Training a CNN requires significant
floating point operations given their
approximated 0 (n®°) time-complexity?.
While graphics processing units (GPUS)
are highly optimized for floating point
operations, they have limited RAM
capacities and performance scaling
beyond a few GPUs. High performance
computing environments such as the
Stampede2 supercomputer at the Texas
Advanced Computing Center allow
researchers to execute programs across

After processing a batch, each node will
update its gradients. To communicate
gradients between nodes, we used the
Horovod Distributed Learning
Framework which implements a
wrapper for the CNN optimizer=.
Horovod averages gradients across

Conclusions

Distributed learning using multiple CPU
nodes with allreduce and then updates nodes in high performance computing
the gradients globally. Figure 1 outlines environments scales well at low node
the modified training routine for o I N L ), counts. As CNNs used in research
distributed learning. become larger and more complex, the
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to segment liver lesions from CT scans.
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To outperform GPUs, further work needs
to be done to understand the balance
between the positive and negative
Impacts of increase batch size.
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Fig. 3: Training loss over time. Performance improve as node
count increases up to 8/16 nodes which perform on par with
the P5000. Beyond 16 nodes, performance decreases, and in
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substantially due to the available RAM
on each node. This results in a higher

effective batch size and decreases the
number of steps needed per epoch to

process all the training data.

2266 1240 760 7.00 6.83 5.42

Table 1: Hours required to reach training losses on -0.75 and -
0.76. 16 nodes performs worse than 8 nodes until later in
training. 32 nodes was excluded because it failed to converge.




