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1 Introduction

Power has been consistently considered as a top challenge in
HPC. To address the power challenge, power efficient GPU
accelerators become a standard component in mainstream
systems and contribute the majority of compute capacity.
Nevertheless, GPUs are still constrained by limited permissi-
ble power and required to sustain performance growth. In
many situations, there is a need to set a power cap on GPUs.
Nevertheless, in our research we find the default hardware
power capping on GPUs loses performance by up to 35%, in
comparison to the maximum achievable performance.
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Figure 1. Performance of miniFE vs total power cap.

We conduct a set of power capping experiments on a sys-
tem accelerated with an Nvidia Titan XP card, and compare
to the default hardware power capping as shown in Figure 1.
We make the following observations:

e Default hardware power capping underperforms sig-
nificantly compared to maximum achievable, by up to
35%.

e Power allocation across GPU SMs and global memory
determines the resulting performance. The optimal
power allocation outperforms a poor one by over 40%.

e There exists a certain power P! beyond which the
maximum acheivable performance stops growing. For
example, P1°! = 190 Watts for miniFE with the studied
data size.

Detailed analysis indicates that the default power capping
uses the same strategy for power allocation between GPU
SMs and global memory. Specifically, the allocated memory
power allows memory to run at the highest speed, no matter
what is the imposed total power cap or what is the running
application or kernel. Such obliviousness results in inferior
performance and yet full power utilization.

Closing the performance gap and determining P.%  are
critical to addressing the power challenge in GPU computing.

Simply adopting strategies from CPUs is problematic due to
different architectures and performance and power dynamics.
In this work, we take a data-driven approach and perform
in-depth analysis of the impacts of power allocations and
present an application-aware power allocation strategy to
quickly identify optimal allocations in power capped GPU
computing. Our main contribution includes:

e We reveal that the default hardware power capping
on GPUs loses significant performance.

e We identify the power and performance dynamics un-
der different SM-memory power allocations.

e We explore an application-aware heuristic power cap-
ping algorithm that delivers near-optimal performance
with lightweight profiling.

2 Dynamics of SM-Memory Power
Allocations

The miniFE example not only highlights the power cap has a
decisive impact on achievable performance, but also reveals
the importance of cross-component power allocation. Un-
derstanding the impacts of power caps and identifying the
patterns help us better understand the power problems and
quickly identify the optimal power allocations in HPC.

2.1 The Effects of Power Caps

Figure 2 shows the overall results for DGEMM and STREAM.
The curve is perf,,,, vs. Pcyp, and the data points with the
same total power budget are performance from different
processor-memory power allocations.

For DGEMM, as the total power cap Py increases, the
achievable max performance perf,,,, increases monoton-
ically. The perf,,,, ~ P.qp curve consists of several seg-
ments, each approximately in a piece-wise linear relation.
The growth rate gradually decreases, indicating diminishing
return from increased power cap. It is expected that perfor-
mance would further increase if the architecture included
more hardware and consumed more power.

For STREAM, the perf,,,, ~ Pcqp curve is different. While
performance increases with small power caps, it flattens once
Peqp exceeds P2 . This indicates that STREAM is unable to
use more power than DGEMM. Such observations comply
with the fact that DGEMM is compute intensive and has
a larger power demand and benefits significantly from the
range of SM performance states.
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Figure 2. Upper performance bound vs. with power cap.

2.2 Categorization of Power Allocation Scenarios

As performance differs significantly, depending on how the
power cap is distributed across processors and memory, it
is necessary to identify the optimal allocation. To gain in-
sights, we conduct extensive experiments where we vary
the processor-memory distribution under various power
caps. From experimental results we find that the impacts
of power allocations fall into three categories. To be consis-
tent with the aforementioned simplified cross-component
power coordination problem, we explicitly note Psys, Prem,
Pcap = Psm + Prem-

For a given total power cap P45, when more power is
allocated to the global memory, applications present three
trends:

1. Compute intensive (CI): performance is largely con-
stant or decreases, regardless of the value of P.qp. The
performance curves are dispersed and diverge as mem-
ory power allocation increases.

2. Memory intensive (CI): performance increases mono-
tonically at a large rate, and the performance curves
under different P4, overlap when memory power al-
location is small. Performance continues to increase
at the same rate if P, is large, but begin to decreases
if Pegp is small.

3. Applications in between (BT): performance increases
monotonically but at a small rate if P, is large, in-
creases then decreases otherwise. The performance
curves are clustered at small memory power caps and
diverge as memory power allocation increases.

3 An Application-Aware Heuristic Method

Identifying max achievable performance for a given power
cap involves extensive profiling, not applicable for online use.
We design a heuristic application-aware algorithm, which
only needs two runs to obtain two parameters. Figure 4
shows the evaluation results. Our heuristic method can achieve
aperformance which is 97% of the max value obtained through
brute force profiling.

4 Conclusion

We find that the hardware power capping loses significant
performance, and explore application-aware power capping
to balance power across SM and memory to meet demands
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Figure 3. Performance trends as memory power allocation
increases under various total power caps.
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Figure 4. Evaluation of our heuristic method.

from application. Our proposed heuristics can deliver near-

optimal performance with lightweight profiling. In the future,

we will evaluate the findings on multiple generations of

GPUs, and develop methodology to more accurately pinpoint

Po! and optimal allocations.
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