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Abstract—The problem of deepening memory hierarchy to-  hundreds of gigabytes. As a result, although various types of
wards exascale is becoming serious for applications such as those stencil-based applications have been demonstrated successfully
based on stencil kernels, as it is difficult to satisfy both high on GPU clusters, their problem sizes have been limited to fit

memory bandwidth and capacity requirements simultaneously.  ithin the GPU device memory, and have not utilized the large
This is evident even today, where problem sizes of stencil-based capacity host DRAM at all [1], [2], [3], [4], [5].

applications on GPU supercomputers are limited by aggregated

capacity of GPU device memory. There have been locality This problem in the capacity can be conceptually mit-
improvement techniques such as temporal blocking to enhance jgated algorithmically withlocality improvementiechniques
performance, but integrating those techniques into existing stencil a1 can effectively utilize the memory hierarchy by reducing
applications results requires substantially higher programming the bandwidth requirements. We have demonstrated that stencil

cost, especially for complex applications and as a result are tati iov both hiah f dl
not typically utilized. We alleviate this problem with a run-time computations can enjoy bo Igher performance and larger

GPU-MPI process oversubscription library we call HHRT that ~ Problem size with such an approach[€], [7]. To enlarge the
automates data movement across the memory hierarchy, and Problem sizes of stencil kernels, we place the problem in the
a systematic methodology to convert and optimize the code to host memory, whose size is much larger than the device, as
accommodate temporal blocking. The proposed methodology has shown in the architectural sketch of a GPU computing node in
shown to significantly eases the adaptation of real applications, Figure 1. Here, naive usage of the host memory would result
such as the whole-city airflow simulator embodying more than i disastrous performance, since they are accessible from GPU
12,000 lines of code; with careful tuning, we successfully maintain  oreg only via PCI-Express bus (hereafter PCl-e), which is
]E’p to 850{" perfoqumance e‘(’je”.w'th problems whose fodmp”'rt 'S" 10x to 30x slower than bandwidth of device memory. Instead,
o ime et han SPU device oy capacy. and sl © e apply a localty improvement techmique callatnporal
blocking which has been proposed mainly for cache locality
improvement[8], [9], [10], to this hierarchy. This approach
was shown to work well to effectively enlarge the problem
One of the most serious problems in the exascale er&ize beyond device memory capacity in toy programs such
is the deepening memory hierarchy, as the exascale archis a 7-point stencil; however, it is still not clear whether the
tectures will be composed of limited amount of upper-tierapproach will be easily applicable to real-world simulation
high bandwidth memory and hierarchies of larger capacityapplications, which typically consist of thousands lines of
but decreasingly lower bandwidth memory underneath. While€ode, and embody complex structures including sophisticated
such an architecture would be fine for compute-intensivdooundary conditions and inter-node communication.
applications, it would become a significant obstacle for scaling
bandwidth-intensive applications such as weather simulatio

organ simulation in medical applications, and various disaste

management applications such as earthquakes and tsunani] %%r;\r;:argi?ﬁul(;?izsnlgunl?cnz;i%unssly:)% ggb\'vs%rlirgggdv&gg’ We
Although finer-grained meshes to achieve higher resolutiof] e pp ) _Super puters.
will require significant increase in memory capacity of upper_conS|der two large-scale stencil-based simulation applications

; : ; P les, namely the whole-city turbulent airflow simu-
tier high-bandwidth memory to maintain performance, suc S examples, :
increase will be slower than the performance growth of th ation based on advanced Lattice Boltzmann Method[4], and

. ; ._tendritic solidification simulation based on the phase-field
processig poer of Who CPUs, el resticed by Seviiratnofs) e latr of wiich was awarded he ACM Gordor
' ' ‘Bell Prize in 2011. Although both are written with MPI and
In fact, we already suffer from this problem especially CUDA[11] and demonstrate almost linear scaling and petaflops
on heterogeneous systems equipped with accelerators suphkrformance by utilizing thousands of GPUs of TSUBAMEZ2.5
as GPUs or Xeon Phi processors. On such systems, whilgetascale supercomputer, nonetheless they are mutually very
processing speed and memory bandwidth are high (aroundifferent in terms of the underlying numerical algorithms. Both
1~2TFlops and 258300 GB/s per accelerator circa 2015), assume the high bandwidth of the GPU device memory to
memory capacity per accelerator is limited to only severabchieve high performance, and as a result their problem sizes
gigabytes, while the host CPUs embody slower DRAMs areare limited by the aggregated capacity of device memory of the
equipped with much higher capacity, being tens or everGPUs used; moreover, both are well over thousands of lines

I. INTRODUCTION

The goal of this work is to devise a systematic methodology
achieve high performance, large problem sizes, and low



Il. BACKGROUND
5PU car A. Memory Hierarchy of GPU Machines
CGOF::S We first give a brief overview of memory hierarchy of
‘ GPU-based machines. Here we focus on NVIDIA GPUs, but
128 it would be applicable to other accelerated architectures such
1.5m8 as AMD FireStream and Intel Xeon Phi. In such architectures,
. 2506G8/s the host CPU memory has large capacity, ranging from several
CPU Dev. mem 10s to 100s of GigaBytes (GB for short), while the bandwidth
ik sl Zg;:press is limited to 50~100 GB/s. By contrast, accelerator CPUs such
as GPUs embody significantly higher bandwidth, currently
’7 ;';é;r;‘fgm;é‘é ranging at 200 300 GB/s, while their capacity would be limited
; to 4 to 16 GB. Moreover the bandwidth of the accelerators

‘ is expected to be elevated significantly to TeraByte (TB)/s
Interconnect range due to the adoption of 3D memory packaging such as
to other nodes HBM and HMC, but the capacity increase will be limited.
In order to overcome the capacity limitations, the CPU host
memory is usually regarded as a lower-tier memory in the
Fig. 1. Memory hierarchy of a GPGPU computing node. This illustrates theoverall memory hierarchy. Also, currently the transfer speed
simplified architecture of a node of TSUBAME2.5 supercomputer we used irhetyeen the memory tiers is restricted to PCl-e bandwidth
our evaluation. of 8~16 GBIs; although there are future developments to
overcome this limitation, nonetheless efficient transfer of data
between the tiers will remain a problem irrespective. For our
. . . TSUBAME2.5, the GPU memory bandwidth is 250GB/s and
of code, and thus incorporating temporal blocking would bethe capacity is 6 GB, for CPU they are 51.2GB/s and-8é
extremely cumbersome and error-prone. GB respectively, and CPU-GPU bandwidth is 8 GB/s.

In order to minimize the code refactoring costs of suchB. Stencil Computation
real applications to incorporate temporal blocking, we utilize
a run-time library for GPUs calledlybrid Hierarchical Run-
time (HHRT)that allows effective co-management of GPU
device memory and host memory[12]. The current HHRT
library is a wrapper library of MPI and CUDA, its func-
tionality includes virtualization of device memory capacity

and automated memorv swapping between the hierarchies tﬁ/ the surrounding points in a fixed ‘stencil structireand
y pping ; tus was named so. Since the update can be computed entirely
memory. HHRT allows the users to effectively refactor the,

S ; in parallel, it is highly parallelizable, but typically is memory
code_ by dlstlngu_lshlng (1) the code ch_ange that is real%ound due to the requirements of reading many data points to
required for locality improvement of algorithm from (2) other

- . .~ compute just the data of a single point. Various optimization
auxiliary functions that can be offloaded tO.HHR.T’ allowing strategies such as spatial caching ad double buffering are
the user programmer to focus on (1). While this approacll;‘:)

has been applied to a simple 7-point stencil benchmark[12 yg%?gafgf I;)ty ?ﬁetﬂéﬂcé?ii?jéoggmylggs significantly boost
we have extended our methodology to cover above real plexity.
world applications, requiring further optimizations and feature  Figure 2 (a) shows a simple example of a 7-point stencil
extensions to the HHRT runtime. program using MPI and CUDA, where the data are confined
within the GPU device memory for highest efficiency. By
) ) . ) contrast, Figure 2 (b) shows the case when data is larger than
By applying temporal blocking with the aid of HHRT, py device memory; here, the overall grid is partitioned into

experiments on the TSUBAME2.5 supercomputer equippedypgrids (or subdomaints), and they are proactively swapped
with NVIDIA K20X GPUs, shows that the airflow simulation ¢4, the computation to proceed. We observe that, not only

with 4x larger problem size than device memory achievespere is the MPI communication, but we must perform two

85% of performance compared to smaller problems confinegspy-GPU transfers for every subgrid per each step, leading
within the GPU, being significantly faster than CPU-only im- 5 gignificant slowdown due to slow CPU memory as well as
plementation, while code refactoring was relatively simple withayen slower CPU-GPU transfer bandwidth.

small amount of code change. Similar result was achieved with
the dendrite simulation, achieving 74% of performance for a
problem beyond device memory capacity. These demonstrate’
that with the proposed methodologies and techniques real- Temporal blocking is a locality-improving technique for
world bandwidth-intensive applications can enjoy higher perstencil computations[8]. Here, we subdivide the grid into
formance and larger problem size, with moderate programmingmall subgrids as before, but advance the timesteps of each
costs, without significant increase in high-bandwidth memorysubgrid multiple times independent of others. This improves
capacity increase, but rather with deep memory hierarchy afe locality of stencil computations considerably—although
today towards exascale. used for CPUs in the context of improving the cache hit

Stencil computation is a very typical kernel that appears
in solvers for various HPC applications such as CFD. The
simulation domain is partitioned into regular-sized grids, and
repeated computation is performed to update the value of each
point in the grid. The value of a point is determined locally

Temporal Blocking
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Fig. 2. (a) Stencil with MPI+CUDA, (b) Large Scale Stencil Algorithm

Fig. 3. Large Scale Temporal Blocking Algorithm. (a) Hand-coded Imple-

ratio, we have applied the technique effectively to GPU-basefentaton. (b) An implementation Combined with HHRT

computation to reduce the traffic of GPU-CPU communication
significantly [6], [7].

Figure 3 (a) shows the improved a|gorithm that app”es thedn CUDA and MPI, to that on HHRT. Instead of |ett|ng each
temporal blocking technique to a GPU-based stencil prograntIPl process occupy a GPU, we let several MPI processes
We observe that there is a temporal loop inside the loop thathare a GPU. HHRT virtualizes and allows multiple CUDA-
enumerates over the subgrids. If we have be the temporal MPI processes to share GPUs and utilize memory space
width of the temporal blocking (also called themporal larger than the device memory, by appropriately swapping
blocking facto), and we advance the timestépt times for ~ the processes in-out on demand, usually at the time of MPI
the whole application, since each subgrid will computémes ~ communication. For details, readers are referred to [12].
in the inner temporal loop, the exterior temporal loop will

enumerateNt/k times. Compared to Figure 2(b), we have  There are various uses of HHRT, but in particular when
reduced the number of GPU-CPU transfer to 1h& times,  applied to temporal blocking, it largely automates the memory
despite that the amount of transferred data remains constap rarchy management. Although it does not automate the
(entire inner sub region + halo region). As such, the amounfemporal blocking itself, our previous work showed that the
of data transferred during the application run is reducetffo  program can be significantly simplified as seen in Figure 3
of the original program. (b) compared to Figure 3 (a) [12]. The programmer essentially

It is fairly simple to rewrite the program in Figure 2(b) to its CONVerts the program to f’itempora' blocked GPLJ.+MPI Process
y Simp prog g (b) by merely adding an inner temporal loop with the halo

temporal blocked version in Figure 3 (a) for toy program, how-, | . .
ever, for real applications that involve thousands or even ten§icréased in width to the temporal blocking factoras if the
of thousands of lines of code, embodying multiple Comp|exprocess still occupies the entire GPU device memory; such a

stencils with varying boundary conditions and sophisticated":c?nve_rs'On was found to be relatively simple, even for real_ ap-
communication patterns, such a rewrite would be overwhelmplications we have seen so far. All the complexities associated

ing in the programming cost. In order to ease such a rewriteWith memory management, especially transfer between device

we utilize the HHRT runtime that allows virtualization of GPU énd_ host memory, are automatically handled by the HHRT
device memory in a way such that transfer management j&ntime.
largely hidden from the programmer.
However, although the conversion was simple for a toy,
D. HHRT 7- and 9-point stencil programs with no boundary conditions,
whether HHRT is ubiquitously applicable to (a) significantly
HHRT (Hybrid Hierarchical Runtime)[12] is a runtime that reduce the programming burden for real stencil-based appli-
virtualizes the application GPU+MPI processes, and multications, and (b) whether we can attain performance levels of
plexes them by supporting automated memory swaps betweeapper-tier high-bandwidth memory while growing the problem
the tiers of the memory hierarchy, in order to reduce thesize beyond their size, up to the capacity of lower-tier memory,
cost of programming by eliminating the user-managed memorpad not been investigated. Moreover, it has not been shown
transfers. The current version of HHRT supports code writterwhether such programs, which are typically weak-scaling
with CUDA and MPI to automate the GPU-CPU memory applications that could scale to machines with thousands of
swaps, but will be extended to support other inter-tier transfer&6PUs such as ORNL Titan or Tokyo Tech. TSUBAME2,
as well as other processor types such as Intel Xeon Phéxhibiting petaflops of performance, would scale similarly with
Figure 4 compares the typical execution model of application$lHRT-based temporal blocking.
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Fig. 5. Visualization of the Whole-City Airflow Simulation (by Courtesy of
Takayuki Aoki)
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B. Dendritic Solidification Simulation based on the Phase-

Fig. 4. Execution model on typical MPI+CUDA and execution model on Field Method

HHRT library. . . . .. g . .
y Our second simulation is the dendritic solidification sim-

ulation presented in [5], which was awarded the 2011 ACM

I11. TARGET STENCIL APPLICATIONS Gordon Bell Prize. The simulation of microstructure of mate-
] ] o rials is required to use finer-grained grids as well as coverage

We next describe our target stencil applications. Bothof significant physical size in order to properly understand
currently scale to petaflop(s) on TSUBAME2.5 using overtheir mechanical properties. In order to fulfill the requirements,
4,000 GPUs, provided that the entire dataset is confined tghe particular simulation uses the phase-field method, which is
be within GPU device memory. known as the most powerful method to simulate the micro-
scale dendritic growth during solidification (Figure 6).
A. Whole-City LES-LBM Turbulant-Flow Airflow Simulation Numerically, the simulation is also based on stencil com-

Our first application is the whole-city turbulent flow airflow putation on a 3-D array as is with the whole-city simulation,
simulation presented in [4]. Numerically it is a massively but the underlying stencil computation is very different. The
parallel LBM (Lattice-Boltzmann Method) — LES (Large-Eddy followings are the detailed characteristics of the dendrite
Simulation) utilizing the coherent structured SGS model tosimulation.
effectively handle turbulent flows. Th®km x 10km x 500m
region of central Tokyo had been digitized, including the ter-
rain and all the constructions such as the roads and buildings.
The spatial resolution of the simulation is 1 meterjor 101!
degrees of freedom, allowing accurate simulation of flows
along the roads and rivers, as well as turbulent flows around e The simulation calls a single GPU kernel written in
the skyscrapers (Figure 5). CUDA per iteration. The kernel is highly optimized
and consists of around 270 lines of code.

The simulation expresses the phase figld&and the
concentrationc as pairs of 3-dimensional arrays
for double buffering. It additionally uses three 3-
dimensional arrays.

LBM is a naturally stencil-based computation, but its
stencil is significantly complex, as 19 or 27-directional ve- e It employs sophisticated GPU-CPU as well as MPI
locities of the virtual particles are expressed as lattice data. communication strategies to hide the MPI communi-
More concretely, the airflow simulation embodies the following cation latency.
characteristics, which makes the rewrite more difficult than a

toy benchmark: The code size of the dendrite simulation is 4,684 lines of

C+CUDA+MPI code.

e This simulation requires a pair of 19 or 27 three-
dimentional arrays for double buffering, and additional IV. TEMPORAL BLOCKING OF REAL-WORLD
16 three-dimentional arrays for physical values. APPLICATIONS USINGHHRT

e The 7-point stencil only has one kernel function, = We now describe the general methodology we have devised
whereas the whole-city simulation embodies six ker-to apply HHRT to implement temporal blocking on real-world
nels that are computed in sequence. stencil application codes. The basic strategy is fundamentally

, ) ) i . the same as toy programs, in that the application kernels in

e The 7-point stencil has a simple fixed (Dirichlet) Figure 2(a) are converted to HHRT-enabled code as seen in
boundary condition on all axis, whereas the whole-Figyre 3(b), and executed on top of the HHRT runtime, but
city simulation has a periodic boundary condition on fyrther optimizations are performed to achieve performance
the X-axis, and Neumann boundary condition on thegjose to that of device memory only execution. In order to
Y- and Z-axis. discuss programming costs, we show the number of changed

There are various other factors involved, and as a resuunes of code step by step for both applications in Tables |.

the code size of the airflow simulation is 12,155 lines of Ihttp:/icloc.sourceforge.net




1) The exterior single temporal loop was made into a
double nested loop according to the temporal block-
ing width £ (we call each of double loops "outer”
one and "inner” one).

2)  MPI communication was moved to reside in-between
the outer and inner temporal loops, and made to
exchangek steps worth of halo region all at once.

3) The loop that enumerated over the stencil elements
spatially was modified to decrease the loop interval
by one step on both the loop start and end so that the
halo size would appropriately increase by one step.

4) Computation of the Neumann boundary condition
was left to remain within the inner temporal loop;

Fig. 6. Visualization of the Dendritic Solidification Simulation (by Courtesy

of Takayuki Aoki) for periodic boundary condition, the required MPI
communication was moved to be between the inner
TABLEI.  THE NUMBER OF CHANGED LINES OF SIMULATION CODE. and outer temporal loops in the same manner to above

The Airflow Simulation

(The original code consists of 12,155 lines) By contrast, we did not have to modify the code of the

_ modified | added numerical algorithm itself within the loop body at all, which
Enabling HHRT 0 16 of course is usually the most dominating part and quite error
Temporal blocking 104 32 . . Ze . .
Comm. opt. 216 288 prone in their modifications. Code motion was only necessary
Annotation 0 9 for MPI communication in steps 3 and 4 above. As shown in
Tables I, the amount of source code change was only 139 lines
- ThelDegdrite Simulatfion ines) out of the 12,000 total for the whole-city simulation, and 118
The original code consists of 5,295 lines : : :
modified - added out of 5,000 for the dendrite simulation.
Enabling HHRT 0 5
Temporal b_Iocking 50 68
Annotation 0 15 C. Optimizing MPI communication with HHRT Swaps

Although temporal blocking was incorporated, we next
. conduct a series of simple set of optimizations in a systematic
A. HHRT Enabling of the Code manner to improve performance, aided by HHRT optimization

As a first step, we link the HHRT runtime, thereby allowing features. On monitoring the actual execution of the HHRT-
the aggregate memory usage of all the processes to exceed #eabled temporal blocking whole-city simulation code on
device memory size. Without HHRT, the programmer dividesTSUBAMEZ2.5, we experienced three times more HHRT swaps
up the original array implementing the grid into sub-regions than anticipated, resulting in significant overhead. A similar
and exp||c|t|y code the CPU-GPU memory transfer that overJSSUG has been observe_d Wlth the dendrite SimL_JIqtion. This
laps with computation, requiring considerable restructuring ofvas due to the communication structure of the original code:
the loop in the kernels as seen in Figure 2(b), also consideringfHRT conducts swaps between the virtual processes when
inter-node MPI communication. With HHRT this becomes MPI blocking communication is called. The whole-city airflow

unnecessary, as the transfers will be automatically handled bsimulation requires communication of the halo region with 26
the HHRT runtime. other processes out of the 27 directions in the LBM lattice,

and as the lattices are decomposed three-dimensionally, three
MPI blocking communications are conducted in X-, Y-, and Z-
directions in sequence. This results in five HHRT swaps (three
Not all stencil computations are subject to locality improve-swap outs and two swap ins) per each temporal loop instead
ment via temporal blocking and thus subject to HHRT opti-of once, resulting in significant PCl-e transfer overhead.
mization; it is only possible when the value of pointin the
lattice can be updated in the next temporal step by using onIY
the values of the locally surrounding points (i.e. stencil) drf or
the previous timestep. When an algorithm requires some glob

operation per timestep, e.g., the Conjugate Gradient methd X X ! . e
in which a global dot product must be computed for eac unctions. During execution of such code regions, skipping

timestep, temporal blocking optimization is not possible. In HRT swaps is harmless since data on device memory are

our examples, code reviews were conducted for the kernels &1t dtoutched by thebkernel tflunctflton. HH.FiT IW'" cease tc:I
both the whole-city airflow simulation and dendrite simulation, €ONAUCt swap-in subsequently aftér a virtual process calls

: ; it H_setDevMode (HHDEV_NOTUSED) Then, when the
2?:' ;ggﬂgag]gt in both cases temporal blocking OIC’t'm'Zat'o'"é;rocess callsiH_setDevMode (HHDEV NORMAL)HHRT

executes immediate swap-in, and subsequently the process

We then hand-converted the codes from Figure 2(a) tas allowed to call GPU kernels again. The changes re-
Figure 3(b); as we quantitatively assess later, in terms of thquired for the dendrite simulation was adding only two
number of lines in the code changes were fairly localized andHH_setDevMode calls, which is indicated in the ‘Annota-
small. More explicitly, the following changes were made: tion’ field in Table I.

B. Temporal Blocking Feasibility Check and Implementation

To alleviate this problem, we took different approaches
the two applications. For the dendrite simulation, we
Qdded HHRT API call$iH_setDevMode to specify the code

gion where the virtual process never calls the GPU kernel



On the other hand, we found the same approach wa€enter, Tokyo Institute of Technology. Each node of TSUB-
inapplicable to the whole-city simulation, since it uses GPUAME2.5 facilitates two Intel Xeon 5670 2.93GHz (6 cores)
kernel functions in the boundary communication part to re-CPUs with 54GB or 96GB of DDR3-1333 memory, and
order the boundary data on device memory. MPI blockingthree NVIDIA Tesla K20X GPUs, each with 6GB, 250GB/s
communications and GPU kernel functions for X-, Y-, and GDDR5 memory. The nodes are interconnected with a dual-rail
Z- directions are interleaved. Instead, we modified the MPInfiniband QDRx4 supporting 80Gbits/s injection bandwidth.
communication so that 26 non-blocking MPI sends and rein our experiments, we utilized 1 GPU per node, with a 96GB
ceives are issued at once, whose completion is determined mpde for single host experiments, and 54GB nodes for multi-
one MPI_Waitall() . Although there are 52 non-blocking node experiments. The software environment is SUSE Linux
communications issued, this resulted in significantly fastedl sp3, gcc 4.3.4, OpenMPI 1.6.5, and CUDA 6.5.
execution as we benchmark later. In practice, the amount of
required code modifications were 904 lines, which is muchg. Evaluation on a Single GPU
bigger that the temporal blocking itself, due to the fact that ) _ )
the original three-dimensional communication code was fairly Ve first conduct a single-node, single-GPU performance
complex. In practice the modification was simple, despite théihalysis by comparing the four versions of the two stencil
fairly large number of lines, as it was systematic and also closeiPplication programs:
to the ‘native’ behavior of the algorithm. Nonetheless, as a
possible improvement, we could combikigi_setDevMode
API and re-ordering of the GPU kernel functions and MPI
commugications, which would significantly reduce the code e HH: The HHRT-enabled version of ORG
change

ORG: the original program that does not use HHRT
nor temporal blocking

e +TB: Temporal Blocking added to HH

D. Minimizing Memory Space of HHRT Swap e +TB+Opt: MPI streamlining/optimization added to
By default HHRT swaps all the GPU data in device +TB (only for the whole city simulation)

memory onto host memory. However, not all data need to e +TB(+Opt)+Anno: HH_madvise and/or

be transferred; thus we can optimize the overall CPU-GPU HH_devSetMode optimization added to reduce

memory tier communication time by reducing its amount. CPU-GPU transfer

For this purpose, HHRT has an ARHH_madvise that ) ]
allows designation of data not to be swapped infout. More Figures 7 and 8 show the performance of the two simu-
concretelyHH_madvise takes the pointer to the array, data lation applications for each of the program instances above,
size, and transfer state as arguments, allowing switching on/o¥@rying the problem sizes, tuned to optimal temporal blocking
of the transfer at swap time by specifyittHMADV_NORMAL factors and partitioning. As the K20X GPU device memory
/ HHMADV_CANDISCARDBs the state argument, the latter Size is limited, ORG cannot execute problem sizes beyond
designation allowing HHRT not to transfer the data. While6GB, whereas HH can execute problem sizes up to approx-
HH_devSetMode described above specifies ‘when’ HHRT imately 48GB. However, this is at the cost of significant

can skip swapping in/ouH_madvise specifies ‘which data’ Performance degradation; compared with ORG, it exhibits only
should be swapped in/out. 5% performance in the whole-city simulation and 1.5% in the

) ) _dendrite simulation. This is due to the occurrence of HHRT
A S|mple _observatlon for general double-buffered sten_cnswap per every timestep. By contrast, the +TB or the temporal
computation is that, only one buffer needs value preservatiorpiocked version shows 4.9 times (in the whole-city simulation)
and thus the other does not need to be swapped out. In reallsggeedup over HH, or approximately 27% of ORG. Since +TB
applications, however, such an optimization does not result in ggnducts 3 swaps per timestep whereas the +TB+Opt only once
performance gain. Instead, such applications typically embodys described earlier, we observe another 2.4 times speedup,
multiple arrays that are used temporally and do not need tgeaching to 64% of ORG. We also observe +TB of the den-
be carried over to the next timestep. Since HHRT swap occurgrite simulation suffers from swap costs. Finally by reducing
only at the point of blocking MPI communication, at which ynnecessary PCl-e traffic during HHRT swap with the HHRT
time the interior computation of a sub grid is already completedydyvice mechanism, +TB+Opt+Anno demonstrates additional
for that time step, we have an opportunity of significanty 4 times speedup, to achieve 85% of ORG performance when
savings if we can identify many such arrays. For both theye use problem size of 16GB. The final version of the dendrite

WhOle'City simulation and dendrite Simulation, we were ablesimu|ati0n is also |arge|y improved, reaching 74% of ORG,
to identify several such arrays, allowing us to conduct oufyhen the problem size is 11GB.

optimization, which is only a two-line addition per array to

call HH_madvise() as in the ‘Annotation’ rows of Tables I. We do note that we do observe slow degradation of
performance as the problem size grows; this is largely due to
V. PERFORMANCEEVALUATION MPI process management cost and implicit device memory
. . consumption when processes are bound tGPUs. Currently
A. Evaluation Environment NVIDIA device driver requires about 72MB of management

We tested our HHRT-enabled temporal blocked stencif'€a N the GPU device memory per process, thus compro-

applications at scale on the TSUBAME2.5 supercomputefMSing useable device memory as we add more processes for

hosted by the Global Scientific Information and Computinggglt;mhﬂlft?&pﬁgilt tr)rz%%(ic?r?/- tcf\lzgcg'r:'ril—) d?’;\ligvgvg;)ecg;z\%ﬁy.m;n

2The camera ready version will show the results of this improvement ~ both cases we reach the limit of temporal blocking factors




due to memory capacity, thus underachieving the potentiaC. Scaling to Multiple Nodes

performance gains had we been able to further increase the

blocking factors.
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Fig. 7. Performance Results of Airflow Simulation on a Single GPU
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Fig. 8. Performance Results of Dendrite Simulation on a Single GPU

In order to see the effect of the number of temporal

blocking factorsk, Figure 9 shows the performance variations
of the airflow simulation, when we altér for +TB+Opt and
+TB+Opt+Anno (final version). Due to the reduction of the
HHRT swap overhead with HHnadvise, optimal blocking
factors differ, with the latter requiring smaller blocking factor
due to the lower latency of CPU-GPU tier memory transfer

Figures 10 and 11 show weak scaling performance on
multiple nodes of TSUBAME2.5. Here one GPU per node
is used for computation. ORG is configured so that each
process occupies less memory than device memory capacity.
Other lines correspond to the HHRT-enabled final version,
and the problem size per node is described by the legends.
Although there is some performance degradation (up to 16%
with the Airflow simulation, and up to 47% with the Dendrite
simulation) as we saw for the single node case, we observe
that all the cases scale linearly without exhibiting abnormal
performance slowdowns or tailoffs. Thus, our proposed method
can significantly increase the problem capacity of large-scale
parallel GPU machines, even if one can no longer utilize
additional GPUs to increase the total available GPU device
memory without sacrificing performance significantly.
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Fig. 10. Weak Scaling Results of the Airflow Simulation
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Also we observe dramatic decrease in performance when
blocking factor is further increased; this is due to the redun-
dant computation occurring as a result of temporal blockind
overwhelming the benefits in reducing the memory transfer

ig. 11. Weak Scaling Results of the Dendrite Simulation

cost.
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Fig. 9. The Effect of Varying Temporal Blocking Factors in the Airflow
Simulation

VI.

Many applications kernels are stencil based, and there
have been various recent efforts to utilize the high memory
bandwidth of GPUs to scale the real applications on large
GPU-based supercomputers such as TSUBAME2.5[4], [5].
Although they have demonstrated performance scalability to
petascale, their problem size remained limited due to the small
capacity of high-bandwidth device memory on GPUs.

RELATED WORK

There have also been numerous optimization techniques
proposed for stencil computation, mostly based on spatial
and/or temporal blocking. Temporal blocking has been origi-
nally proposed to increase locality in the context of better CPU
cache utilization [8], [9], [10]. For GPUs, there have been work



to reduce the memory traffic between device memory and orhierarchy, but extended to handle three or more given the
chip shared memory[13]. Mattes et. al. proposed a temporallypcoming memory-class NVMs (non-volatile memory) and

blocked FDTD implementation to reduce device-host memorythers that will further deepen the memory hierarchy to attain
communication [14]. Our previous work proposed additionalhigh capacity with lower power and cost.

optimization techniques for temporal blocking stencil code on
GPUs, as well as demonstrated scalability to large parallel
GPU supercomputers with thousands of GPUs [6], [7].
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to tune the code for real stencil applications, he would have
to significantly rewrite the temporal as well as spatial loops,
and consider various interactions especially with MPI. By 1]
contrast, HHRT runtime offers automated memory hierarchy
management features that not only allows easy porting of
MPI+CUDA stencil code, requiring only small changes to the[2]
temporal loop and MPI communication, but still preserving
majority of the performance when we exceed device memory,
and moreover allowing weak scaling to a large number OE
GPUs. 3]

Alternative approach to easing temporal blocking and other
optimizations for stencil codes have been proposed with a fa 2
ily of DSL (Domain Specific Langauge)s, such as Physis[15
and ExaStencil[16]. Such approaches require that the entire
application kernels be rewritten with DSLs, and differ from
our runtime approach where we preserve much of the orig-
inal code. DSLs do offer further optimization opportunity at [°]
compile time, however, and it will be subject to future work
whether such optimization can also be attained with HHRT by
auto-tuning methods. 6]

VIlI. CONCLUSION

We have applied HHRT, a runtime for virtualizing GPU- 7]
MPI parallel programs and some of its novel features towards
making it easy for the programmers to modify the codesg;
so that they could run programs far beyond device memory
capacity while preserving performance. By utilizing the HHRT [g]
features, programmers can systematically rewrite the temporal
loops and conduct optimizations in an easy manner for MPI
as well as memory hierarchy transfer to significantly increase
performance of real stencil applications, and moreover mak
it subject to easy tuning of the parameters. Porting experiences
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