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to boost the ef ciency of HPC applications without
increasing power consumption signi cantly.

Power and performance optimization for HPC systems
is certainly not a new research topic. There is
considerable work on designing innovative compute
architecture for better energy efciency for HPC
systemB8-11. Other work utilizes a software-based
— o resource scheduling approach by carefully determining
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Dennard scaling (.21, However, HPC users want a higher
performance to run the more complex model or larger
datasets. As such, there is a vital need to nd ways
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aimed at maximizing system use, i.e., no additional is then used as a method to change the number of
computing nodes would be allocated unless the processoallocated computing nodes and the CPU frequency to
cores of existing nodes have been fully utilized. tthe hardware con guration to the workload behavior.
Despite these techniques, they do not offer the optimalSpeci cally, if the target application is perceived to
performance for memory-bound applications by using asbe a memory-bound workload, we reduce the CPU
few computing nodes as possible to limit the overall frequency to lower the system's power consumption, as
power consumption. As we can see in this paper,the bottleneck is on memory assessment.
maximizing processor core usage can lead to serious We apply our approach to 12 representative Message
memory contention, which in turn leads to sub-optimal Passing Interface (MPI) benchmarks from the NAS
performance. Because the memory sub-system isparallel benchmark and HPC Challenge (HPCC)
now becoming a bottleneck of HPC systéfhs’], we benchmark suites. Our evaluation platform is an
need a better resource allocation strategy to effectivelyHPC cluster with 20 cores per node. Experimental
tackle the memory contention problem to achieve higher results show that our approach achieves on average a
performance. 12.69% performance improvement over the conventional

This work aims at developing a new approach for resource allocation strategy, but uses 7.06% less total
HPC resource allocation, speci cally targeting memory- power, which translates into 17.77% energy savings.
bound data-parallel applications. Our insight is that This paper makes the following technical
instead of maximizing processor utilization, one can contributions:
allocate additional computing nodes to reduce memory (1) We show that by allocating additional computing
contention. If we can do this, we can then free some nodes with appropriate CPU frequency settings, one
processor cores (as well as reduce the number of paralletan hoost application performance without increasing
processes) on a node to reduce memory contention tggwer consumption of the system for memory-bound
improve memory-bound workload performance. workloads (Section 2.2).

However, translating this high-level idea into a (2) We present a novel technique for capturing

practical system is non-trivial. A key challenge is 10 jnteractions between workload characteristics and
determine the optimal number of computing nodes t0 ompytation resource allocation and CPU settings
be allocated to an application, for a given number of (Section 3.1).

user-requested processes. If we allocate too few or too (3) We present a novel algorithm for scheduling and
many computing nodes, we either will be unable to gain

much, or the extra power consumption will outweigh the showing how performance can be enhanced without

benet. Also, o.u-r schedullng decision WOUId need to infringing the overall power consumption constraint
ensure that additional computing nodes will not generate(Section 3.2)

substantially more power consumption as compared to
the default approach. To overcome these challenges, w& Background and Overview
need a new technique to accurately model the application
. . . . 2.1 Problem scope
behavior to drive a precise resource allocation strategy.

In this paper, we present a novel HPC resource Our work tackles the question of resource allocation
allocation strategy, which aims to boost the application for distributed HPC workloads. We target typical HPC
performance without signicantly compromising environments where the user job is submitted to a
the power consumption budget for memory-bound job queue. As part of the job submission, the user
workloads. We achieve this by rstly characterizing the may specify the number of processes required. We
application workload behavior based on of ine proling are interested in developing a resource scheduler for
information (Section 3.1). The workload characteristics mapping requested resources (i.e., the number of parallel
and pro ling information are used to decide how many processes) to compute nodes in this work. A default
computing nodes the target application will be run. We strategy for the problem would be to allocate the minimal
then propose a new technique for modeling the subtlenumber of compute nodes to run one parallel process on
interactions between application performance, powera physical core. However, as we will show in this paper,
consumption, compute nodes, memory bandwidth such an approach often leads to sub-optimal performance
congestion, and CPU clock frequency. The model for memory-intensive applications. Our goal is to

con guring resource allocation at the application level,
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determine the optimal number of compute nodes and
the processor clock frequency of each compute node to
reduce the running time of memory-bound applications,

while at the same time to cap the peak power and energy
consumption as the default strategy.

[ Nnodes [ (N+1) nodes M (N+2)nodes

DRAM bound

2.2 Motivating example

Memory traffic on one node (GB/s)

0
bt.D.169 cg.D.128 bt.D.169 cg.D.128

Considering scheduling bt and cg from the NAS MPI @ (b)
parallel benchmark suite on an HPC cluster where eachFig. 2 How memory traffic on the master node changes
computing node has 20 processor cores (see Section 4.1Yhen the number of computing nodes increases.

in this example, we assume that a user requests to ruiivhich suggests that increasing the number of compute
bt and cg with 169 and 128 processes respectively anchodes for these two applications can reduce the memory
both benchmarks run with the class D input. contention and the frequency of CPU stalls. The less
2.2.1 Room for performance improvement memory contention and CPU stalls thus lead to improved

Figure 1 shows how the number of compute nodesrunning times. However, the sweet spot for computing
affects application performance. The baseline here isnode allocations varies across applications. For bt, using
to maximize the processor utilization, i.e., using the two additional nodes leads to better performance, but
minimum number of compute nodes where each parallelthis would lead to slowdown for cg when using just one

process runs on a physical processor core. With thisddditional node.

baseline strategy, on our evaluation platform, we would 2.2.2 Power & energy consumption

allocate 9 and 7 compute nodes respectively to bt andrigure 3 compares the total peak power of different
cg. In this example, we experimentally allocate one and number of nodes and different frequencies. The red dash
two extra compute nodes to the applications but keep thejine denotes the target total power value of 2.6 GHz under
number of parallel processes unchanged (which will be N nodes. Program bt consumes 2076 W at 2.6 GHz
evenly distributed across compute nodes). under nine nodes\ = 9). When one and two nodes
While running the same number of parallel are added, the total peak power increases to 2184
processes on more distributed machines incurs a higheand 2305 W, respectively. To constrain the total power
communication latency, both applications bene t from consumption, we have to lower the CPU frequency.
improved parallel processes distribution. We believe that Frequencies 2.4 and 2.2 GHz are set for one and two
the performance improvement is due to less memoryincreased nodes, respectively. This diagram shows that
contention between parallel processes. To verify ouralthough using additional compute nodes results in a
hypothesis, we use Intel VTune Ampli er to pro le how  signi cant increase in total power, by scaling down
often CPU was stalled on the main memory (DRAM) on processor frequencies the total power can be constrained
a single computing node. This lower-is-better metric is to be at the original level. Figure 4 compares energy
known as DRAM bound, which captures the computing consumption when the program runs with the same
node's RAM contention. Figure 2 shows how DRAM number of processes but uses different computing
bound on a single node and the total memory traf ¢ nodes and CPU frequencies. Without changing the CPU

under different node allocation policies. Using more frequency, using more computing nodes is likely to lead
compute nodes can lead to a lower DRAM bound value,
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Fig. 3 Total peak power on multiple nodes changes when
the number of nodes increases. The red dash line denotes the
target total power value of 2.6 GHz under N nodes.

Fig. 1 Performance improvement when adding additional
computing nodes without using extra parallel processes.
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[ R e e [ Running Average Power Limit (RAPL) to take power
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% D24 i1 G LG 24 i B 1 G L5 measurements from all computing nodes. Then, under

different allocation strategies, the pro ling information

is used to estimate the performance gain and energy
consumption to nd the optimum setting (Section 3.1).
Finally, we actively analyze the instantaneous power
readings to dynamically adjust the CPU frequency to cap
the peak power of each computing node (Section 3.2) .
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Fig. 4 Total energy consumption on different CPU
frequencies when using different number of compute nodes.

The red dash line denotes the target total energy consumption The heart of our approach is a set of functions for
of 2.6 GHz under N nodes. modeling how the resource allocation and frequency
to an increase in energy consumption. However, we setting affect the application's performance and power
can achieve faster job completion time with less energy consumption.
consumptlon. _by carefully tuning the QPU frequency 3.1 Power and performance modeling
and the additional number of computing nodes. The _
optimum CPU frequency, however, depends on the The overall goal of our power-performance model is to
number of computing nodes and the program. improve the program performance without increasing
To summarize, running examples have shown thatthe total power consumption. It achieves this by nding
achieving better performance without increasing the the relationship of energy consumption of allocated
power consumption and energy usage by the use off0MPUting nodes, CPU frequencies, and parallel
additional compute nodes is possible. However, the €Xxecution time. The application execution tinfe,and
optimum number of compute nodes and the cpy the energy consumption oV allocated computing
frequency setting depend on both user-speci c resource''0des depend on three parameters: the number of
requirements and workload characteristics. In the COMPuting nodesy, the processor frequency, and
remainder of this paper, we show how an adaptive the application characteristics (memory-bound or not
resource scheduler can be developed to perform computd? this paper). With these notations in place, our
resource allocation to boost the application performance®Ptimization goal can be formulated as

3  Our Approach

without increasing the total power consumption and min  T(N.AN, fi. By)
energy consumption. st APTC AP <0
, + @
2.3 Overview of our approach APT >0
Our approach is implemented on an HPC cluster as part AP™ <0

of the central job scheduler used. This is completely where AP* denotes the increased power dueAey
automated, and no modi cation to the application source nodes in addition to the one given by the default resource
code is required. To determine the compute resources tallocation policy. Speci cally, the default policy would
use for a job that is ready to run, our approach takes asassignN computing nodes with all processor cores of
input the program binary, input data, and user-supplieda node to be completely used and run at the highest
requirement the number of parallel processes in our caseCPU frequencyfmax. We useA P~ to denote the power
It then determines the number of compute nodes to besavings resulted from the scaling down of the CPU
provided to the job and the CPU's clock frequency to be frequency.
used across allocated machines. Table 1 lists all the parameters used by our model and
To determine the optimal hardware resource allocation their descriptionsP °*!( f;) is the energy consumption
and frequency settings, we rst pro le the application as of a single CPU on one computing node, which depends
part of the strategy for resource allocation to capture on the processor frequency;. P™™ is the energy
the memory and CPU characteristics of the targetconsumption of one computing node for the memory
application (Section 3.1). Speci cally, VTune is used to sub-system. We observe that*™ is relatively stable
collect the memory trace and performance metrics of the(with a variance of less than 2%) for a given program,
target application from a single node, and we use Intelregardless of the number of computing nodes to be used.



374

Tsinghua Science and Technology, Jur#®21, 26(3): 370-383

Table 1 Parameters used by our power-performance model.

Notation Description

¢ Number of processor cores on each computing node

n Number of processes

N Number of assigned computing nodes with the
default resource allocation strategy

AN Number of computing nodes to be increased

bi (1) Memory traf ¢ of computing node at timet

By (t)  Average value ob; (¢) for N nodes0 <i < N

Bn Maximum value ofBy (¢), 0 < t < T whereT
represents program running time dhnodes

B Physical memory bandwidth on a single computing
node

o Threshold for the ratio of memory traf ¢c to memory
bandwidth

Jmax Maximum CPU clock frequency

JSmin Minimum CPU clock frequency

fi Processor clock frequency, which satis &gin <
.fi < fmax

PCPY(fi) Power consumption of one CPU core with clock
frequencyf;

P Power consumption for each CPU core in the idle
state, which equals P °PY( fmax)

pmem Power consumption of DRAM on one computing
node

pother Power consumption of compoents other than the

CPU and DRAM on one computing node

As such, we seP™™Mto be a constant value for a given

program.

3.1.1 Memory behaviour characterization

Suppose we allocat&/ computing nodes to run a
parallel program. Assume at timg0 < ¢ < T), the
memory traf c on each node &, (¢), b>(t),...,bn (1),

respectively. The average memory traf ¢ per node,

By (1), can then be calculated as

We use the maximum value aBy (z) across all
sample periods to denote the peak memory trafc o

N

By(1) D ()

the target program. The peak memory trafBy, is
denoted as

By D max By(t)
0<t<T

3

memory contention. Given this setting, one may come
up with the following intuitive condition:

N By D (N CAN) Bwian) (4)

However, Eqg. (4) is not satis ed with a memory-
bound program. As Fig. 2 suggests, the more nodes,
the heavier the total memory traf ¢ will be. Note that
the total memory traf ¢ ofNV nodes is less than that of
N C 1 nodes. In other wordsy By is usually smaller
than the demand for the total memory traf c under
memory-bound cases. When suf cient computing nodes
are provided ANPe™), we can minimize the memory
contention. As such, we have the following formulation:

bound
N ( BN) D (N C ANperf) B(N+ANperf) (5)
o

where bound denotes the degree of memory contention.
We use VTune in this work to count the bound value for
each program, but other pro ling tools can also be used.
For example, running sp with 169 processes on 9 of our
computing nodes gives a bound value of 0.401. As such,
the performance improvememyNP®" as a result of
using additional computing nodes can be modeled as
N (3™ By)
B(n 4 anver
3.1.2 Performance modeling

ANPETD N.

For memory-bound programs, the increased memory
traf ¢ per node after adding extra computing nodes can
be calculated as
(6)

The maximum number of extra computing nodes,
ANPT that will be pro table sill, can be de ned as

bound )
By
N

Since the current multi-core design often does not

BN+ANperf Da B

AN perf D ( (7)

o B
3.1.3 Power modeling

f provide voltage scaling on a per-processor core basis,

using extra computing nodes will increase the energy
consumption even some of the cores are not utilized, if
we do not scale down the CPU frequency. Recall that
our goal is to ensure the total power consumption of

Let B denote the memory bandwidth of a computing (N C AN) computing nodes does not surpass thavof
node. We consider the closer the peak memory traf ¢, computing nodes with a CPU frequency fifax. This
By, to the bandwidthB, the more memory-intensive constraint can be de ned as

the application. We consider an application to be , PPY(f,..0 C (N ¢

memory-bound ifBy/B is greater than a threshold,
«. In this work, we only try to provide memory-bound

applications with extra computing nodes to reduce

n) Pgn'C P™™ NC
P"" N >n P%®(fuig) C (N C AN) ¢
PVC PMM (N C AN)C PO (NC AN)

n)
®
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where Table 2 Model parameters for single-core power estimation.
Piglloeu Dk PP frnan- CPU frequency (GHz) PEPU(£) (W)
Jmax PP fmax)

Here, the left term of Formula (8) represents the default
allocation policy forN nodes. The right term represents
our strategy for usingN C AN) nodes. In Formula
(8), we assumeAN numbers of nodes will lead to o PR fri)
AN ¢ Pg' power consumption for idle cores.
We also assume the memory power consumption is a Besides the optimah N* and f*, we also calculate
constant valueP ™™ In order to keep the total power power consumption of a single CPU after adding nodes
consumption at a similar level as th€ allocation Py, as shown in Eqg. (14). Withf* as the initial
scheme, alk busy processor cores frequencies have frequency and’s, as a power limit value, we use RAPL
to be scaled down fronfnax t0 fmig- As such, we take  to perform power capping. RAPL provides a series of

Jmax  AS PP frax  Af)
Jmax 2 Af PP frax 2 Af)

the average Ofmax and fmin @S fmid- Model Speci ¢ Register (MSR) interfaces, such as power
Using Formula (8), we have the maximum value of limit, time window, clamp bit, etc., to perform power
AN, namelyA NPOYer as limiting by specifying these interfaces.

A N POwer p n (PP fma) PP fmia))
c k Pcpu(fmax) C pmemC pother
Take the power consumption into consideration, the Our resource allocation scheme is described in
number of extra computing nodes to use will need to fall Algorithm 1. This algorithm obtains nearly optimal
into the range of [OA N POWe, values for a given programA N and f*, for parallel
3.1.4 Putting together performance boost without any increase in total power.

Considering both the power and performance constraints, The algorithm's input parameters include the

the additional pro table computing nodésN will be maximum/minimum CPL_J frequencies fmax fmin,
AN 2 [0, AN\ [0, ANPOWer (10) physical memory bandwidthB, the threshold for

. memory traf ¢ to physical memory bandwidth ratio
To maximize the performance boost, we take the

. T s o, the default allocated node numbaT, the number
maximum number of this interval in Formula (10). Then,
. . . of processes, and the number of cores per node
we can achieve the optimalN *:

) pert powe The outputs are the optimum number of increased
AN D maxfl0, ANPTJ\ [0, ANP*]g - (11) computing nodes for the given progratkN* and
In Formula (8), letAN D AN*, we have

9) 3.2 Resource allocation

n Pch( Ffma)C (N ¢ n) Pigliu C pmem N C Algorithm 1 Resource scheduling algorithm .
other cou . Input: Processor frequency levelgnin, ..., fmax physical
P Nz=n PPY(f))C(NCAN™) ¢ n) memory bandwidttB; memory bandwidth bound rati; for
Pigfeuc P™eM (NC AN*)C pother (NCAN™) a given parallel program, the number of assigned computing

nodes N under the default resource allocation strategy;

cpu . cou (12) number of processes and number of cores per node
where PPY( fiiq) is replaced byP™(f;). Then, we Output:  Number of increased computing nodésv *; the

have cpu n uniform processor frequencg™; and the target poweParget
POPY(£) < n PP fna) AN*(c PgeC P™eM peothen for RAPL.
S n 1: Measure actual poweP °*Y( f;) with different frequencies
(13) and Pgh;
Let the initial optimal processor frequengy* be 2: Run the program and get pro ling data by VTune and then
de ned in such a way that determine the values df 5 and bound;
. erf .
PCPU(f*) D maXprpU(ﬁ)g (14) 3: CalculateANP by Eq (7),

. 4: During the program runs, we use RAPL to measure one-node
The adjustable frequency range for a parallel program  ,emory powerP™m and a single-node peak pow2s:

running on our supercomputer systemfsin, fmax] with 5. CalculateA NP by Eq. (9):
0.1 GHz as the scale. In Table 2, the initial optimal e CalculateAN* by Eq. (11);
frequency /* can be found out to make PY( f*) 7: PagetD Py SRINEL

most .approach tcmafocF’“(fi)g. In the section of & Get PPU(£*) by Eq. (14) and choose a most appropriate
eXperImentS, we ShOW the deta”ed Value fOI’ Table 2 clock frequencyf* by Table 2 as the initial frequency;

for our experimental platform. o: End.
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uniform processor frequency™*. adjusting the frequency. In this case, a good starting
Our resource allocation scheme works as follows:  point could be provided by the initial optimgl* given
Firstly, we measure all the platform related parametersby our model. In Section 5, we show how our model can
including all power values in Table 2 under different effectively support this endeavor.
frequency levels an@g". Even if at the same frequency
level, the actual power consumption of different
applications could be different. Actual power is closely
related to the utilization rate of CPUs. The power values
listed in Table 2 are the power measured under the nearljHardware. We evaluate our approach with 64
maximum processor utilization rate. computing nodes on an HPC cluster. Each of the

Secondly, we run the program and obtain computing nodes has 64 GB DDR4 RAM and two
corresponding parameters by performance pro le Intel Haswell 10-core E5-2660v3 processors running
data and power prole data. Performance related at 2.6 GHz. The multi-core processor supports Dynamic
pro le data for the given program includ8y and  Voltage and Frequency Scale (DVFS) with 15 states,
bound. Power related pro le data refer "™™and the ~ from 1.2 to 2.6 GHz at a step of 0.1 GHz. Thermal
single-node peak powely. Py is used to calculate Design Power (TDP) for this processor is 105W.
the objective total power. By Egs. (7) and (9), we can Each computing node supports RAPL for power
calculateANPe™ and ANPOY". The optimal number  measurement. We disable hyperthreading to obtain stable

of increased nodeA N * is obtained by Eq. (11). At performance.

Experimental Setup

4.1 Platform and benchmarks

the same time, by Eq. (14P°PY( f*) is calculated. Benchmarks. We use 12 MPI benchmarks from
According toTable 2 the initial optimal frequency’*  the NAS parallel benchmark suite and HP&Csuite.
is decided. Table 3 lists the benchmarks used in our evaluation.

Characterizing the applications via pro ling does  Software. Each computing node runs CentOS 7.4
not restrict our approach, as most scienti ¢ computing With Linux kernel 3.10. We rely on the local Operating
applications usually run many times. Even if the pro le- System (OS) to schedule processes and do not bind tasks
based approach consumes a great deal of time on datt speci ¢ cores. All the benchmarks are compiled with

pro ling, we can still bene t from the later process. gcc 4.8.5 with “-O3” as the compiler option and run with
Finally, we get the target powePiurge; Py openmpi 4.0.0.

VC Ay Whichis used to control power by RAPL as 4.2  Evaluation methodology

the given power limit value. Memory tracing. We use VTunB® to collect the

According to this algorithm, to obtain a better optimal memory trace with a sample rate of one second by
frequency setting, we run the program again for real-running the program on the master node of a cluster.
time power limiting. We use RAPL to ensure that the We take the weighted average of the memory histogram
average power does not surpdsgetby automatically ~ produced by VTune as the memory traf c value, iBy

Table 3 Algorithm results for about ten compute nodes.

Benchmark Type N AN* f* Performance boost (%) Power saving (%) Energy saving (%)
sp.D.169 Memory-bound 9 2 1.2 13.98 2.75 16.22
RandomAccess.160 Memory-bound 8 1 1.2 9.80 0.35 11.27
mg.D.128 Memory-bound 7 1 1.9 18.63 0.40 18.73
STREAM.160 Memory-bound 8 1 1.7 10.19 2.42 8.84
DGEMM.160 Memory-bound 8 2 1.5 18.82 2.12 19.85
cg.D.128 Memory-bound 7 2 1.2 -3.34 2.90 -0.29
bt.D.169 Memory-bound 9 1 1.8 -1.98 4.27 2.26
lu.D.128 Memory-bound 7 0 2.6 0 0 0
ft.D.128 CPU-bound 7 0 2.6 0 0 0
FFT.160 CPU-bound 8 0 2.6 0 0 0
PRANTS.160 CPU-bound 8 0 2.6 0 0 0
ep.D.128 CPU-bound 7 0 2.6 0 0 0
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in Eq. (3). For example, Fig. 5 shows the memory traf c memory power consumption is constant as the CPU
histogram of benchmark sp witl®y D 51.76 GB/s frequency changes. Power consumption of the rest
Later we show that this strategy is effective in capturing system component, i.eP°"®" is around 25 W, which is
the memory characteristics of a program. obtained through RAPL.

Energy measurement. We use powergdt! to Performance report. We run each model on each
measure processor power consumption and memorynput to collect performance pro le data and power
power consumption. Powergov uses RAPL to modelthe pro le data until the 95% con dence bound per model
power consumption for processor and memory. We per input is less than 5%. On average, we run each
use ml&Y to measure memory bandwidth and memory benchmark three times for each evaluation setting and
access delay under the various memory traf ¢ conditions.remove obvious outliers. Then, we report the average
We measure the CPU consumption under different performance across multiple runs.
frequency settings on a per-core level. Table 4 gives the .
measured per-core power consumption under different® EXperimental Result
CPU frequencies. For memory power consumption,5.1 Overall result

our experiments on real hardware show that theTable35hows the performance improvement over the
default resource allocation strategy when using our
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Fig. 5 Memory traffic histogram for benchmark sp.
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Table 4 Single-core power and corresponding CPU

approach. It also gives the number of compute nodes
and CPU frequency settings given by our analysis. Here,
column “AN*” shows the number of additional nodes
for each benchmark.

Overall, our approach signi cantly improves the
performance of memory-bound applications. It achieves
on average 9.44% improvement for the seven memory-
bound benchmarks, but using less 2.17% total power
consumption. This translates to an average 10.98%
reduction in energy consumption. Our approach

frequencies. .
CPU frequency s CPU frequency o ) improves the performance for most pf the.mem.ory—
(GHz) (GHz) bound applications (up to 18.82%) without incurring
2.6 7.8 2.5 7.7 power consumption increase.
2.4 7.5 2.3 73 We also evaluated our approach using a larger dataset
;3 2:; fé Z:g with a larger number of parallel processes using 30
1.8 6.4 1.7 6.2 computing nodes. The results are given in Table 5 where
1.6 6.1 1.5 6.0 our approach delivers a performance improvement of
1.4 5.9 1.3 5.8 up to 12.69% for the seven memory-bound benchmarks,
1.2 >7 with an average total savings of 7.06% for power and
Table 5 Algorithm results for about 30 compute nodes.
Benchmark Type N AN* f* Performance boost (%) Power saving (%) Energy saving (%)
sp.E.529 Memory-bound 27 4 1.9 10.36 8.02 16.23
RandomAccess.512  Memory-bound 26 1 1.2 21.11 11.19 30.37
mg.E.512 Memory-bound 26 5 1.8 13.00 8.72 20.45
STREAM.512 Memory-bound 26 3 1.9 13.70 0.35 14.73
DGEMM.512 Memory-bound 26 4 2.2 10.24 -1.21 8.24
cg.E.512 Memory-bound 26 3 1.9 3.14 11.18 13.25
bt.E.529 Memory-bound 27 2 2.0 17.31 11.20 24.50
lu.E.529 Memory-bound 27 0 2.6 0 0 0
ft.E.512 CPU-bound 26 0 2.6 0 0 0
FFT.512 CPU-bound 26 0 2.6 0 0 0
PRANTS.512 CPU-bound 26 0 2.6 0 0 0
ep.E.529 CPU-bound 27 0 2.6 0 0 0
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default resource allocation stratedgjnax is regarded  0.52%, 6.21%, and 0.36%, respectively. But for
as the initial frequency of power capping and seven STREAM, the performance decreases by 21.30% and the
memory-bound programs are executed under RAPLenergy consumption increases by 16.11%. This result
power control. The experimental results are recorded asshows that the number of used processor core has a great
Case 2. impact on the performance of memory-bound programs.
Figure 9 shows the performance, power, and energyHowever, our approach can achieve the performance
consumption changes of seven applications under threemprovement of memory-bound programs under power
scenarios (Case 0, Case 1, and Case 2) compared witbonstraints.
the default resource allocation strategy. Thg further aways ¢ ompared to the optimal performance
from the center, the better performance improvement,
power savings, and energy savings an application had" this experiment, we enumerate allV values from
Combining these three graphs, we nd that compared ! 10 4 and/™ values from 1.2 to 2.6 GHz to nd the
with Case 1, Case 2 improves the performance mostOPtimal AN and f* for performance improvement
but it causes the worst power consumption, which is @1d power control. This optimal result by traversal
not in line with the original intention of this paper. The Methods is denoted as optimal value in Fig. 10. Figures
purpose of this paper is to improve the performance of 10 @and 11 compare the performance improvement by
the applications under power constraints. However, to©Ur @Pproach and that by optimal setting using 10 and
improve the performance of the program at the cost 30 nodes, respectively. Table 6 lists two groups of
of causing, a lot of power consumption is not what vValues forAN™ and f* with our approach and optimal
we advocate. Unlike Case 2, Case 1 strictly complies SEtting, respectively. We can nd the performance
with the power constraints, and the percentage of powerMProvement by our algorithm is competitive compared

consumption reduction tends to zero, which maximizes to that by optimal setting. The performance improvement
the performance of the application within the power difference between them for the whole 12 benchmarks

constraints. is 1.3% on average in Fig. 10 and 1.5% in Fig. 11,

Cases 0 and 1 are the recommended methods. BotfeSPectively. _
of them use the resource allocation strategy proposed 1€ POWer savings comparison of our approach and
in this paper to nd the optimal number of compute optimal setting by traver.sal mgthods is showirigs. 12
nodes and frequency. The only difference is that RAPL and 13. The power savings difference between them for
has been carried on to power capping in Case 1, which
achieves higher performance improvement. It is worth
emphasizing that both Cases 0 and 1 have applied our
approach proposed in this paper, which shows that this
algorithm is effective and necessary.

1 Our approach I Optimal value
20

15

10

5

090%00%9%%000
SRRESBEOERRE
Because our approach addsV* nodes based on the @t
default resource allocation strategy, the number ofFig. 10 Performance improvement comparison of our
idle cores increases while the number of processeg?PProach and optimal setting for 10 nodes.

remains unchanged, which reduces the utilization of
processors. Can we further utilize all the processor
cores (by increasing the number of processes) to further
improve program performance? Experimental results

show that for benchmark sp, RandomAccess, DGEMM,

5.5 Using up all the cores of N C AN" compute
nodes

Performance improvement (%)

[ Our approach I Optimal value

w
o

N
=)

-
o

Performance improvement (%)

=)

and bt, using up all the cores &f C AN™* nodes ﬁmzsamoﬁ ﬁx: %:“ ;;% F’%fﬁ“’?ﬁ«‘% 61(0&10&@
leads to 7.77%, 2.98%, 9.65%, and 4.54% performance IS SHC R R

improvement respectively compared to our approach

(Case 1). Power inc.reases by 3.15%, —-0.09%, 3'37%Fig. 11 Performance improvement comparison of our
and 4.15%, respectively. Energy reduces by 0.06%.approach and optimal setting for 30 nodes.
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Table 6 Extra nodes AN and CPU frequency f* given by our approach and optimal settings.
Frequency by Frequency by optimal

Benchmark Type N AN*byours AN* by optimal setting

ours (GHz) setting (GHz)

sp Memory-bound 9 2 2 15 1.7
RandomAccess  Memory-bound 8 1 1 1.8 1.8
mg Memory-bound 7 1 1 1.8 1.8
STREAM Memory-bound 8 1 1 1.8 1.9
DGEMM Memory-bound 8 2 2 1.2 14
cg Memory-bound 7 2 1 1.8 2.1

bt Memory-bound 9 1 1 2.3 2.4

lu Memory-bound 7 0 1 2.6 2.3

ft CPU-bound 7 0 0 2.6 2.6
FFT CPU-bound 8 0 0 2.6 2.6
PRANTS CPU-bound 8 0 0 2.6 2.6
ep CPU-bound 7 0 0 2.6 2.6

[ Our approach  EEE Optimal value save energy in OpenMP applications. Reference [24]

found that combining DVFS and Duty Cycle Modulation

g can get more energy savings. These approaches
2 saved processor energy consumption by scaling down
& processor clock frequency with a modest increase in
599;‘;25;2%&;&2%%3i%%%i‘i’«;@%g;%ﬂ% execution time. The increase in execution time depends
o st < on the accuracy of processor idle time prediction.
References [25, 26] used Near Threshold Computing
(NTC) to save processor energy consumption. Except
for saving processor energy consumption, Refs. [27, 28]

e

Fig. 12 Power savings given by our approach and optimal
settings for using 10 computing nodes.

- CJOurapproach M Optimal value focused on how to reduce memory energy consumption.
B . . .
ERC Besides low-power techniques, power-constrained
g S problems for compute nodes are also focused.
g References [29, 30] reasonably allocated power to CPU
a9 L L L L L H =
PR D DD D 0 0 and memory for perfor.manf:e improvement with the
R @2@@@&“ 0¥ F WP RS power limits. The main idea is that the power demands
O . .
o of the processor and memory are different for different

applications. According to applications' characteristics,
they allocated power to CPU and memory to satisfy their

benchmarks f des | 0 demand for performance and power. Furthermore, Refs.
12 benchmarks for 10 nodes is 0.9% on average. By Our[31,32] focused on a cluster. Firstly, when the power of a

approach, programs mg and DGEMM get more POWET ¢|yster is limited, they needed to set the number of active

savings compared to optimal settings. That '_S becaus%odes according to an application's scalability. Secondly,
the processor frequency by our approach is a little Iower,[hey needed to allocate the power to compute nodes, and
than that by the optimal setting. also allocate the power to processor and memory in one
6 Related Work node ultimately. Finally, they improved the application’s
performance with power constraints.
Energy consumption has become one of the most processor overclocking has been used to improve
important concerns in computing systems and HPCenergy ef ciency. For some applications, Ref. [30] found
in particulal®l. Several researchers have developed ysing turbo technology can achieve better performance
techniques and systems to save energy with a slightynder power constraints. It changes the clock speed
increase in execution time. Reference [22] used Duty of each socket (include turbo frequency), core use per
Cycle Modulation technology to save energy in MPI gocket, hyperthreading, the number of sockets in use,
applications and Ref. [23] used DVFS technology to and the number of memory controllers in use to improve

Fig. 13 Power savings given by our approach and optimal
settings for using 30 computing nodes.
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performance. Reference [33] found F-overclocking
technology can achieve greater energy ef ciency than
DVFS, low voltage technology, and baseline. Reference[
[34] also found Turbo Boost Technology would enhance
the application's energy ef ciency. This prior work is
thus complementary to our work and can be used to[5]
control the CPU frequency when adding extra nodes.

7 Conclusion [6]

This paper has presented a novel resource allocation
scheme for HPC workloads, speci cally targets memory-
bound data-parallel applications. Our approach exploitsm
a key observation that to improve performance, by
reducing the number of parallel processes on a single
host, one can reduce the memory contention. Unlike
prior work that aims to maximize the system utilization, 8]
our approach judiciously allocates additional computing
nodes to run a fewer number of parallel processes on

a single node. Furthermore, to cap the total power
consumption, our approach automatically determines
the best CPU frequency to suit the CPU performance[g]
with the memory throughput. We propose a set

of analytical models to estimate the pro tability of
using additional compute nodes based on pro ling
information. We evaluate our approach by applying [10]
it on a high-performance cluster to 12 MPI benchmarks.
Experimental ndings show that our approach improves

the performance of seven memory-bound applications by
12.69% on average, but using 7.06% less overall power{11]
consumption, which translates into 17.77% energy
savings when compared to the default resource allocation
strategy.
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