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ABSTRACT
We consider the problem of how to reduce the cost of communication that is required for the parallel training of a neural network. The
state-of-the-art method, Bulk Synchronous Parallel Stochastic Gradient Descent (BSP-SGD), requires many collective communication
operations, like broadcasts of parameters or reductions for partial
gradient aggregations, which for large messages quickly dominates
overall execution time and limits parallel scalability. To address this
problem, we develop a new technique for collective operations, referred to as Linear Pipelining (LP). It is tuned to the message sizes
that arise in BSP-SGD, and works effectively on multi-GPU systems.
Theoretically, the cost of LP is invariant to P, where P is the number
of GPUs, while the cost of the more conventional Minimum Spanning Tree (MST) scales like O(log P). LP also demonstrates up to 2x
higher bandwidth than Bidirectional Exchange (BE) techniques that
are widely adopted by current MPI implementations. We apply these
collectives to BSP-SGD, showing that the proposed implementations
reduce communication bottlenecks in practice while preserving the
attractive convergence properties of BSP-SGD.
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INTRODUCTION

Scaling up neural networks with respect to parameter sizes, training sets, or both has drastically improved the state-of-the-art performance in several domains ranging from scene understanding,
speech recognition, even to playing Go against professional players.
Although training a large network saturated with nonlinearities is
extremely time-consuming, the benefits brought forth by large-scale
models has sparked a surge of interest in parallelizing training on
multi-GPUs. The parallelization of SGD demands synchronizations
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to exchange gradients and parameters per iteration, and this introduces significant communication overhead. Previous studies have
focused on trading the SGD convergence rate for fast gradient updates, such as stale or asynchronous SGD, 1-bit compressed gradient,
etc. However, these methods are rarely adopted by Deep Learning
frameworks as they depend on the balance between the enhanced
iteration throughput and the decelerated convergence rate. Since
BSP retains the convergence properties of SGD, its optimization
should be of interest.
The gradient aggregations and parameter exchanges in BSP SGD
are typical operations of communication collectives [4]. Messages
in the large-scale neural networks training are dense, long, and fixedlength, while the performance of collective algorithms is drastically
sensitive to these attributes. Besides, the processing speed is several
orders of magnitude faster than the network unidirectional transmission rate. These prioritize the utilization of network bandwidth in
the collective design. However, we have seen sub-optimal collective
algorithms, e.g. MST and BE, widely adopted by the deep learning community [1] [12] [9]. MST is only suitable for the latency
dominant case such as frequent short message exchanges, while the
bandwidth term of BE can be further improved [19].
In this paper, we introduce new Linear Pipeline based collectives for multiGPU training. The collectives demonstrate O(loд(P))
speedups over MST collectives and up to 2x speedups over BE
based ones; the bounds only hold in training large neural networks.
In particular, the theoretical analysis and the implementation yield
an interesting insight that the cost of our design is invariant to GPU
numbers, i.e., the cost of collective operations on 2 GPUs is similar
to 20 GPUs. The design explores message granularity to maximize
simultaneous bidirectional data exchanges. In specific, it divides a
message into fine-grained blocks as the basic communication element. A GPU sends a block (via DMA 1) while receiving (via DMA
2) a new block from a neighbor. The copies are asynchronously
launched on two GPU streams, and numerical operations further
overlap data copies. As a result, our method yields a highly efficient
pipeline over which messages for neural network training may be
exchanged.
The proposed collective design achieves 2.3x to 360.55x speedups
over Open MPI alternatives on 6 GPUs. In training GoogLeNet, we
set up the same BSP SGD implementation with different underlying
collectives. Our design demonstrates up to 1.7x convergence speedup
over MST based Caffe.

