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Abstract
GPU clusters for training deep learning (DL) models are
commonly shared by multiple jobs for efficient utiliza-
tion of GPUs. Existing cloud resource managers such as
Mesos [2], YARN [6], and Borg [7] are widely used for
GPU clusters as well, they employ static resource alloca-
tion, which often makes it challenging to minimize aver-
age job completion time (JCT) and makespan – they do
not re-distribute GPUs of a running job for a newly sub-
mitted job. In contrast to static allocation that inherently
prioritizes first-coming jobs, dynamic allocation contin-
uously adjusts the share of all jobs to optimize overall
cluster utilization. Dynamic re-adjustment of resource is
especially critical for distributed DL jobs whose training
throughput often does not increase linearly as the number
of distributed resources. Fine-grained adjustment would
redistribute the resources to the jobs that can better uti-
lize than others, which ends up improving the JCT and
makespan of all jobs. A recent DL job scheduler like
Optimus [4] corroborates that dynamic resource alloca-
tion greatly helps optimize average JCT and makespan.

However, switching from static to dynamic resource
allocation presents a new challenge. It requires each
job (user application) to describe how to parallelize their
training according to the dynamically-changing set of re-
sources as they lose or gain GPUs. Unfortunately, this
makes user application much more complex and diffi-
cult to optimize because it should carefully consider the
capacity of hardware resources and their configuration.
For instance, the network topology of allocated GPUs
(e.g. all connected via PCIe, P2P connected via NVLink,
part of them are in another machine connected via Eth-
ernet, etc) has a large impact on where to update each
parameter and how to aggregate gradients from GPUs
and re-distribute the updated parameters. An optimal de-
cision often requires online measurements to figure out
a good load balancing scheme across parallel devices,
which should be repeated whenever the resource man-
ager makes a new allocation decision for the job. It will
be even more complicated if we take heterogeneous re-
sources into consideration as a new lineup of GPU comes
out almost once every year. Existing auto-parallelization
frameworks such as Horovod [5], Parallax [3], and Pad-
dlePaddle [1] cannot salvage the situation as they assume
a fixed and homogeneous set of devices on a specific net-
work topology.

In this work, we propose an efficient design of DL
training system that separates dynamic resource man-
agement from user applications. Instead, each user de-
clares training of a DL model as a data-flow graph and
submits it to a system framework, then the system dy-
namically decides resource share of each model and per-
forms parallelized training automatically. Such a de-
sign not only frees users from complex parallelization
and optimization but also lets the system handle these
challenges much efficiently using two key designs as fol-
lows. First, we present an accurate performance predic-
tion model of a DL job with an arbitrarily given net-
working topology available in the cluster. This predic-
tion model lets the resource manager make a more accu-
rate decision with awareness of the inefficiency from the
network topology, that helps it optimize overall cluster
throughput. When a new job is submitted, our prediction
model performs offline inspection of every data trans-
action required for synchronization and estimates their
expected finishing time to calculate overall synchroniza-
tion overhead of the model with the given network topol-
ogy. For more accurate and faster estimation, the sys-
tem collects data transaction performance from online
execution history across multiple jobs over various inter-
GPU links to be used in future estimations. This system-
side estimation is more accurate and efficient than user-
side approach because it utilizes every information col-
lected from earlier job executions. Second, we design
a new auto-parallelization framework specialized for dy-
namic and heterogeneous resource allocation. While ex-
isting frameworks suffer from large restarting overhead
to change the set of devices to use, our framework per-
forms it efficiently during runtime without restarting the
training. It also efficiently utilizes parallel heterogeneous
devices via 1) careful decision of the device to update
each parameter considering data transaction and param-
eter updating throughput and 2) online load balancing of
the batch size to be processed on different GPUs by set-
ting back-propagation over those GPUs to be finished at
the same time that maximizes GPU utilization. Our eval-
uations show that our auto-parallelization shows similar
or even better throughput comparing with manually par-
allelized training code written by experts while reducing
lines of code of user applications as well.
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