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1 INTRODUCTION
Recon�gurability has strong potential to achieve higher per-
formance and energy e�ciency in the post-Moore era. Many
studies show that �eld-programmable gate arrays (FPGAs),
the most practical recon�gurable architecture today, outper-
form their counterparts. In such studies, FPGA designs are
wri�en by experienced hardware engineers using hardware
description language (HDL) such as Verilog and VHDL. Un-
fortunately, developing HDL-based designs is too costly for
high-performance computing and lacks proper abstraction
to express numerical computing algorithms. Now emerging
FPGA high-level synthesis (HLS) technology could open up
an opportunity for so�ware developers. Most notably, FPGA
vendors started supporting OpenCL for FPGA platforms, and
some OpenCL-based codes have been ported to FPGAs. How-
ever, OpenCL o�ers no guarantee for performance portabil-
ity; optimal OpenCL parameters such as global size and local
size are di�erent between platforms [1], which could lead
to unfair comparisons. In successful FPGA demonstrations,
data may be placed in FPGA internal memory to avoid o�-
chip memory accesses, but o�-chip memory accesses are
unavoidable for HPC workloads. In this study, our objec-
tive is two folds: 1) to understand how OpenCL parameters
impact o�-chip memory access performance of the current
generation of OpenCL-FPGA platforms and 2) to �nd e�ec-
tive OpenCL parameters empirically from microbenchmark
results.

2 EXPERIMENTS
We choose two distinct memory access pa�erns to �nd the
optimal OpenCL parameters. �e OpenCL parameters we
consider in this study include global and local size, data type,
single-instruction multiple data (SIMD) size, and the number
of compute units (CUs). Global and local size are common
OpenCL parameters and can be changed by the host code
at runtime. While SIMD size and the number of CUs are
basically �xed for instruction-set architecture such as CPU
and GPU, these parameters on recon�gurable FPGAs can be
changed via OpenCL a�ribute speci�ers, thus expanding the
parameter search space.

�e two microbenchmarks we use are described below.

VectorAdd: performs a single-precision �oating-point vec-
tor add in a data-parallel manner, which yields two loads
and one store. �is regular memory access pa�ern appears
commonly in many HPC workloads. �e size of each vector
is 512M (6GB of memory usage in total).
RandomIndex: iterates a load operation that reads data

from a pre�lled array and uses the read data for the next
load index, which resembles pointer chasing and appears in
irregular algorithms such as breadth-�rst search. �is kernel
is expressed in a hybrid task-parallel (loop) and data-parallel
model. �e number of iterations per work item is determined
by the array size and the global size. �e total memory usage
for this kernel is 6 GB.

2.1 Experimental Setup
Our target platform is the Nallatech 385A acceleration card,
which includes one Altera Arria10 [2] 1150 GX FPGA chip
and two channels of 4GB DDR3L-2133 memory (8GB in
total). �e theoretical DDR3 memory bandwidth limit of the
card is approximately 34GB/s (2133MT/s * 8 bytes * 2). We
use Intel FPGA SDK for OpenCL to compile our OpenCL
benchmark codes. For measuring the FPGA board power
consumption, the Nallatech OpenCL board support pack-
age (BSP) provides memory-mapped device (MMD) library
functions that can be called to monitor the board power con-
sumption in real time. �e idle power of the FPGA board
measured from this tool is approximately 29W.

2.2 Results
For VectorAdd, we set the globe size to be equal to the number
of array elements due to the data-parallel kernel. Finding
the optimal local size is the �rst step. We empirically de-
termine that the local size should be greater than 128; the
performance with local size of 1 is approximately 60 times
slower. Figures 1 and 2 show the impact of SIMD size and the
number of CUs on the performance and energy e�ciency,
respectively. �e larger SIMD size performs be�er because
the compiler can combine memory operations to form wider
load or store requests. More CUs can exploit more memory
bank-level parallelism, but diminishing returns occur at 16
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Figure 1: VectorAdd: Impact of SIMD/CU on Perfor-
mance

CUs. �e combination of SIMD16 and CU4 yields the best
performance.

For RandomIndex, we vary the global size. Since the kernel
requires a loop iteration, the kernel cannot be expressed
by pure data parallelism; the local size is always set to 1.
Figures 3 and 4 illustrate that 128 or more work groups
are required to maximize both the bandwidth utilization
and energy e�ciency. When the number of work items is
small, the generated kernel pipeline will be severely under-
utilized. RandomIndex has no opportunity for SIMDization.
�e only way to improve the bandwidth is to increase the
data access size. Up to ulong8, both the bandwidth utilization
and the energy e�ciency improve linearly compared with
smaller data types. Since the 6GB array size cannot �t into
on-chip local memory and the order of the array element
access is random, each request of the array element may
require a global memory transaction. We also note that the
performance improvement by increasing the number of CUs
for RandomIndex is negligible compared with the VectorAdd
case. �e reason is that all the compute units share the
global memory interconnect. For memory bounded tasks,
more compute units do not increase performance.

3 CONCLUSION
In this study, we design microbenchmarks to understand
how OpenCL parameters impact on o�-chip memory perfor-
mance and measure the bandwidth and energy e�ciency of
two distinct memory access pa�erns on an Arria10-based
board. Finding right global size and local size is the �rst im-
portant step; the single work-item kernel performs poorly on
both VectorAdd and RandomIndex (up to 60x slower than the
best parameters). Our experimental results show that larger
SIMD size and larger data type, which yield wider memory
operations, improve both memory bandwidth utilization and
energy e�ciency. OpenCL FPGAs design can achieve 75%
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Figure 2: VectorAdd: Impact of SIMD/CU on Energy
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Figure 3: RandomIndex: Impact of # of Work Groups
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Figure 4: RandomIndex: Impact of # of Work Groups

(VectorAdd) and 55% (RandomIndex) of the memory band-
width compared to the theoretical peak. We plan to continue
this study, targeting next generation FPGA platforms, and
develop a prediction model to predict both performance and
energy e�ciency.
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