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1 POSTER SUMMARY
Large HPC machines of today and of tomorrow are susceptible to
irregular performance. Factors like chip manufacturing differences,
heat management and network congestion combine to result in
varying execution time for the same code and input sets [4–6].
These issues are independent of the regularity of a problem - even an
applicationwith evenworkload distributionwould face performance
variation under the stated circumstances. As a result, tightly coupled
synchronous applications suffer large efficiency losses when the
whole application is forced to wait for the slowest parallel workers.
This significantly hinders the efforts to achieve efficient utilisation
of petascale and exascale machines.

Asynchronous, or chaotic [3], algorithms offer a partial solution.
In these algorithms, usually iterative convergent in nature, fast
workers are not forced to synchronise with slow ones. Instead they
continue computing updates, and moving towards the solution,
using the latest data available to them, which may have become
stale (i.e. it is a number of iterations out of date compared to the most
recent data). While this allows for high computational efficiency,
the convergence rate of asynchronous algorithms tends to be lower.
Thus the problem of performance variability can be seen to translate
into one of progress variability.
To address this problem, we are using the unique properties of

asynchronous algorithms to develop load balancing strategies for
iterative asynchronous algorithms in both shared and distributed
memory settings. The method, called Progressive Load Balancing
(PLB), works by recognising the fact that an asynchronous algo-
rithm by definition allows some staleness without breaking down.
Thus load can be balanced over time, as opposed to balancing instan-
taneously. Problem subdomains are periodically moved between
workers to increase or decrease their load. This leads to varying
update rates for each subdomain, which can be controlled to esta-
bilsh a dynamic bound on the progress variation within the system
(see Figure 1). Doing load balancing in this way allows for greater
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Fig. 1. An example of progressive load balancing. Problem subdomains
(represented by one coloured line each) are being moved between slow and
fast running threads to ensure an overall even progress towards the solution.
Load balancing in this style is only possible with asynchronous algorithms.
This picture is drawn using data from a real experiment.

computational efficiency and less frequent balancing. In addition,
good balance can be achieved using coarser problem subdivision
which reduces the number of communication links required.

We test PLB using Jacobi’s algorithm in its asynchronous variant.
In the shared memory setting we are able to reduce data staleness
while maintaining a high iteration rate in comparison to synchro-
nous and semi-synchronous (staleness tolerated up to a set limit)
counterparts [7]. To further test the method, we want to evaluate
the case of faulty hardware. System noise, and thus performance
variability, is unpredictable. In our experiments, we therefore sim-
ulate the situation of noise being generated by a slow processing
core. Under these circumstances PLB shows a clear advantage, by
redistributing the effect of the noise across available cores, thus
avoiding any significant slowdown. In terms of time to solution this
results in a 5%–25% speedup over other synchronisation times (this
is with 19% noise added to one core).

To go beyond shared memory we add a separate balancing layer
that deals with cross-node data movement; the extended scheme is
called Distributed Progressive Load Balancing (DPLB). PLB is still
running on each node, but now we also periodically query the aver-
age progress of nodes. Given this information, problem subdomains
are sent from nodes that are falling behind to nodes that are run-
ning ahead. Again, exploiting the available slack in asynchronous
algorithms makes this method efficient. We observe a reduction in
global progress imbalance of 1.08x–4.05x and a reduction in time to
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solution variability of 1.11x–2.89x on 15 nodes with up to half of
them running with a 40% slowdown.

Performance variability is a serious performance issue facingmod-
ern HPC machines. Asynchronous algorithms have great promise
to solve this issue. However, we argue that, to fully exploit their
advantages, load balancing is still required. We present a solution
specific to asynchronous algorithms and show that it can deal with
a large amount of performance variation and results in better per-
formance overall. Currently we are working towards evaluating
PLB and DPLB on other asynchronous algorithms, for example
asynchronous stochastic gradient descent.
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