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ABSTRACT

Large scale parallel machines are subject to system-wide power

budgets (or caps). As these machines grow in capacity, they can

concurrently execute dependent applications that were previously

processed serially. Such application coupling saves IO and time as

the applications now communicate at runtime instead of through

disk. Such coupled applications are predicted to be a major work-

load for future exascale supercomputers; e.g., scientific simulations

will execute concurrently with in situ analysis. While support for

system-wide power caps has been widely studied, prior work does

not consider the impact on coupled applications.

We study techniques for maximizing coupled application per-

formance under a system-wide power cap and implement them on

a 26-node cluster. We compare to SLURM, a state-of-the-art job

scheduler that considers power, but not coupling. The proposed

techniques increase mean performance over SLURM by 7–14%. Un-

like existing approaches, the proposed techniques also recognize

when it is not possible to increase performance and, instead, reduce

energy, achieving 18% energy reduction for a 5% performance loss.

Finally, the dynamic techniques are resilient to tail behavior and

system noise, improving performance in noisy environments by

30–36%.
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1 INTRODUCTION

All computer systems are limited by power consumption. Next

generation exascale supercomputers are predicted to have a strict

operating budget of approximately 20 MW, but the total power dis-

sipation at full utilization would far exceed this budget [5]. These

systems require sophisticated, distributed power-capping mecha-

nisms to assure their power budget will not be exceeded; the United

States Department of Energy (DoE) has therefore declared power

management a key challenge for exascale [52].
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While power concerns create new problems, exascale’s increased

capacity creates new opportunities. Specifically, instead of sequen-

tially running dependent jobs that communicate through disk, the

size of exascale supercomputers allows these jobs to be coupled

[2, 5, 9, 29, 52]. That is, two formerly independent jobs can now

be run simultaneously and communicate at runtime. For example,

scientific simulations can now be run with in situ data analysis

or visualization providing scientists the insight needed to alter

the simulation as it runs [2, 9]. Additionally, separately developed

physics simulations can now be run together, sharing their results

to provide much greater fidelity [29]. In fact, the DoE has declared

resource management for coupled application workloads an addi-

tional challenge for exascale [5, 52]. Unfortunately, existingwork on

enforcing power caps across large scale systems does not account

for coupled applications.

For example, several approaches increase overall system per-

formance with unbalanced power allocations [26, 27, 49]. Other

approaches shift power as independent applications transition

through compute and IO phases [48]. While unbalanced alloca-

tion and phase-adaptation are important for coupled applications

they are not sufficient. In brief, coupled applications obey the basic

principles of pipeline parallelism: the couple’s speed is determined

by the slowest application. Thus, optimizing coupled application

performance under a power cap often requires slowing down the faster

application to shift more power to the slower. This requirement to

slowdown a fast application is unique to coupled applications and is

not supported by prior power shifting approaches, which consider

only one application at a time [26, 47], or optimize for multiple, inde-

pendent applications [27, 48, 49]. Furthermore, due to the couple’s

interaction, sometimes it is not possible to increase performance

through any amount of power shifting. Here, the couple scheduler

should reduce total power usage to save energy.

We address the unique challenges of coupled applications with

PowerShift, a family of three techniques for shifting power between

dependent applications in a distributed system. All three respect the

system-wide power cap and maximize the couple’s performance by

shifting power from the faster application to the slower one, until

both run at the same rate. All techniques rely on existing node-local

power cap enforcement (e.g., [30, 31, 44, 56]).

PowerShift-S is a static technique that sets power caps based on

individual application profiles. PowerShift-C is a centralized dynamic

approach in which a single decision maker dynamically shifts power.

PowerShift-D is a distributed dynamic approach where nodes put

surplus power into a shared pool, and nodes that need more power

take from the pool. These techniques provide different tradeoffs in

overhead, flexibility, and adaptability.
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Figure 1: Performance/power for cluster and pigz.

We implement PowerShift on a real 26 node system. We compare

SLURM, a state-of-the-art, power-aware job scheduler [49] and

PowerShift to a fair approach that evenly divides power among all

nodes. Compared to fair we find that:

• SLURM improves mean performance by 3%.

• PowerShift-S improves mean performance by 10%.

• PowerShift-C improves mean performance by 17%.

• PowerShift-D improves mean performance by 15%.

Additional results demonstrate that PowerShift detects when no

performance improvement is possible and instead reduces energy.

Furthermore, PowerShift D & C adapt to system noise and tail be-

havior, automatically shifting power to nodes that have unexpected

extra load or long tails, improving performance by 36% and 30%,

respectively. Finally, we show that PowerShift is topology-oblivious

and works equally well if the coupled applications are physically

separate or mapped to different power domains on the same node.

Critically, PowerShift does not measure performance or require

any application instrumentation. Instead, it requires some offline

profiling and then observes only applications power usage. Thus,

PowerShift, like SLURM, works with unmodified applications. Pow-

erShift is the first work to examine the effects of system-wide power

capping on the performance of coupled applications, two key chal-

lenges identified by the DoE for exascale [2, 5, 9, 29]. 1

2 MOTIVATIONAL EXAMPLE

To highlight the challenges of maximizing coupled jobs’ perfor-

mance under a power cap we run the cluster scientific simulation

(from the Gadget 2.0 suite) as a frontend job coupled with pigz, a

parallel version of gzip, as a backend job. We compare 3 approaches:

Fair, PowerShift-S, PowerShift-C. The Fair approach allocates equal

power to all nodes so that the cluster power cap is respected.

We test on a 26-node cluster. Each node is a dual-socket with

Xeon E5-2670 v3 processors, 256GB of RAM and 10 GigE Ethernet

NIC, supporting Intel RAPL technology [11]. Each processor is 12

cores, with hyperthreading, for a total of 48 virtual cores across both

sockets. These nodes are connected with a 32-port software-defined

40 GigE switch.

We set a 1820W cluster power budget. The offline profiles shown

in Fig. 1 illustrate the different performance and power tradeoffs for

cluster and pigz. There is one power cap (when the lines cross)

where the front and backend performance is equal, and this case

would require no work. To the left of that cap, we can increase

performance by shifting power from cluster to pigz. To the right

of that cap, we can decrease energy by shifting power away from

pigz, as cluster has reached the point of diminishing returns.

1We release PowerShift as open source: https://github.com/Powershift2017/Powershift.
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Figure 2: Fair (top) vs. PowerShift-S (bottom).
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Figure 3: Runtimes for different approaches.

cluster iteratively produces output. To reduce storage space,

pigz compresses each output. To produce the charts, we report

performance as iteration/s . PowerShift itself does not measure per-

formance. As shown, when the global power cap is 1820W cluster

reaches 0.258 iteration/s, whereas pigz achieves only 0.143 itera-

tion/s; i.e., pigz is about half cluster’s speed.

2.1 Static Power Shifting

Fig. 2 compares Fair and PowerShift-S, highlighting the importance

of shifting power from the fast application to the slow one so that

they run at the same speed. The top figure shows Fair and the

bottom shows PowerShift-S. We run the coupled workload for 10

iterations, the backend beginning after the first frontend iteration

finishes. Fair divides the power budget equally among all nodes.

At the beginning of the couple’s execution, PowerShift-S uses the

individual profiles to determine an unbalanced power distribution

such that the jobs finish close together.

With Fair, cluster is much faster than pigz, requiring 4000

seconds. The couple, however, only finishes when pigz is done—at

around 7000s. PowerShift-S allocates pigz more power to balance

performance, resulting in around 6000s elapsed time, as shown in

Fig. 3. Here, pigz still runs fairly slower than cluster, because

there is a physical limit—imposed by the hardware—on the power

we can shift from cluster to pigz.

2.2 Dynamically Shifting Unused Power

Fig. 3 shows that PowerShift-S is much faster than Fair, but PowerShift-

C is faster still. To illuminate this performance gain, Fig. 4 compares

PowerShift-S and PowerShift-C. For visibility, this figure shows just

the first 1800 seconds of execution, highlighting the importance of

dynamic power shifting to take advantage of application phases.

The upper portion of Fig. 4 highlights the two distinct phases within

one pigz iteration: (1) a power-hungry phase that compresses data
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Figure 4: PowerShift-S (top) vs. PowerShift-C (bottom).
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Figure 5: Tail distribution under static and dynamic power

shifting. The static approach has a long tail, but the dynamic

approach has a much shorter tail.

and (2) a low-power phase that waits for more data. PowerShift-

S does not make runtime adjustment and cannot take advantage

of pigz’s low-power phase. PowerShift-C, however, detects unuti-

lized power and shifts it to cluster for a dramatic speedup. Under

PowerShift-C, pigz’s second phase also finishes much faster and the

reason will be introduced in next section. Therefore, PowerShift-C

completes the couple much faster (in about 4000s, see Fig. 3).

This figure exemplifies power shifting that is not supported by

current solutions. When pigz enters its low-power phase, power

can be shifted away from those nodes without performance loss.

Current schedulers can recognize this. The issue is that when pigz

transitions back to a power-hungry phase, PowerShift has to real-

locate power from cluster to pigz despite the fact that both are

operating at or near their assigned budgets. Power shifting between

nodes operating at their caps is a unique challenge of supporting

coupled application performance, not supported by prior work.

2.3 Dynamically Shifting Power to Tail Nodes

Dynamic power monitoring also allows shifting power to tail nodes.

In coupled applications, tail nodes ruin the performance of not just

their own application, but the entire couple. Fig. 5 shows a his-

togram of completion times for one pigz iteration under both

PowerShift-S and PowerShift-C. Static power distribution has a

longer tail, with one node completing in the 600-700s range while

the maximum completion time for dynamic scheduling is 500s.

Thus, dynamic power shifting in coupled applications both shifts

power from one application to another and to tail nodes in either

application. Fig. 6 shows the time series of one tail node in the

pigz application. As noted, pigz has two phases. In the second,

most of the backend nodes finish and wait for a few tail nodes. The
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Figure 6: Tail node power time series comparing PowerShift-

S (top), to PowerShift-C (bottom).

tail nodes under PowerShift-S continue running at the same speed

and slow down the entire couple. PowerShift-C detects that a few

nodes do not go to idle in this phase, so it shifts power from the

idle nodes to both the frontend application and the tail nodes. As

the bottom figure shows, the tail node gets more power during the

second phase and therefore finishes much faster.

3 POWER MANAGEMENT APPROACHES

We discuss the 5 distributed power capping approaches we evaluate.

We briefly review Fair and SLURM [49]. We then describe our

couple-specific approaches: a static power manager using an offline

power profile and two dynamic managers, one using a centralized

decision mechanism, the other making distributed decisions.

All approaches assume there is a node-level power cappingmech-

anism. Many exist in the literature [31, 44, 56] and Intel RAPL (Run-

time Average Power Limiting) is a commercial example available on

all current Intel processors [11]. The Fair and the Static approach do

not involve any runtime operation, while other approaches (SLURM,

centralized, and distributed) make runtime power measurements.

The dynamic approaches follow a standard three step feedback

process: (1) observe the current power, (2) decide on a response,

and (3) act to implement the decisions.

3.1 Fair Power Allocation and SLURM

In the Fair approach, the system has no prior knowledge of the ap-

plications running on top of it. Therefore, it allocates power evenly

to all nodes. Furthermore, at runtime, Fair has no mechanism to

make changes adaptively. SLURM is an open-source job scheduler

used by many supercomputers and clusters. SLURM provides an

integrated system for power capping. SLURM starts with the same

initial power distribution as Fair, then monitors actual power con-

sumption, and redistributes power from nodes operating below

their fair budget to those that are at their budget. This heuristic

improves the throughput of independent applications, but is often

sub-optimal for coupled applications as the couple’s performance

is defined by the slowest application.

3.2 PowerShift-S: Static Power Allocation

PowerShift-S, the static approach, takes advantage of offline appli-

cation profiles based on two key concepts:

(1) The couple’s performance is determined by the slower of the

frontend and backend applications.
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Algorithm 1 PowerShift-S Decision Algorithm

Require: Power budget P , Max shiftable power Pm
Require: Accuracy threshold A
Require: Performance improvement threshold T
Require: Sf = {(poweri , per fi ) |i = 1, 2, ..., n } for frontend app

Require: Sb = {(poweri , per fi ) |i = 1, 2, ..., n } for backend app
Fit Sf ,Sb into functions Ff (power ) = per f , Fb (power ) = per f

powf = powb = P/2

per ff = Ff (powf ), per fb = Fb (powb )

δ = per ff − per fb � assume per ff >= per fb
if Ff (powf − pows ) >= Fb (powb + pows ) then

powf = powf − pows , powb = powb + pows

else
powf = powf − pows , powb = powb + pows

while |δ | > A do � binary search for optimal power
pows = pows /2
if Ff (powf ) > Fb (powb ) then

powf = powf − pows , powb = powb + pows

else
powf = powf + pows , powb = powb − pows

δ = Ff (powf ) − Fb (powb )

Power distribution: 〈powf ,powb 〉

Final performance: per ff inal =min (Ff (powf ), Fb (powb ))

Fair performance per ff air =min (Ff (P/2), Fb (P/2))

if per ff inal > (1 +T ) ∗ per ff air then

� decide to enter performance or energy mode
Return (powf , powb ) � Enter performance mode

else
search for Sf ,Sb , find the highest energy efficiency power state, powf and

powb , that satisfy Ff (powf ) >= (1 − T ) ∗ per ff air and Fb (powb ) >= (1 −

T ) ∗ per ff air
� Enter energy mode

(2) All applications have monotonically non-decreasing power/-

performance tradeoffs; i.e., performance may level off with

increasing power, but will never get worse.

We assume that we have profiled each application in isolation in

the cluster to obtain power performance profiles, but we have never

seen the coupled applications together. The profile only requires

performance and power information. Scalability is not an issue, as

the profile just captures performance as a function of node-level

power cap, which does not change with the number of nodes. For

this paper, we sample performance at 15 evenly spaced power caps,

3 evenly spaced input sizes, and apply quadratic regression to build

the model.

Given the individual application profiles and a total system power

budget, PowerShift-S maximizes performance by choosing the opti-

mal static power distribution between the frontend and backend

applications. In some cases, PowerShift-S recognizes that there is no

additional performance to be gained, so it enters an energy savings

mode that maintains a user-defined performance, while reducing

energy. Algorithm 1 shows the basic logic of PowerShift-S. It re-

quires the power budget P from the user and the maximum power

that can be shifted from one application to the other based on the

system Pm . It also requires two parameters: (1) the power accuracy

A—the tolerance for error as application performance can usually

not be perfectly matched—and (2) the performance improvement

thresholdT—the minimum performance improvement over the Fair

approach required to avoid energy savings mode.

The algorithm first does a binary search for the highest perfor-

mance power distribution between the front and back end appli-

cations. The power distribution returned is 〈powf ,powb 〉, which

Algorithm 2 PowerShift-C decision algorithm.

Require: Node number N , power margin M
Require: Optimal static power budget B = {bi |i = 1, 2, ...N }

while application couples not finished do
{powi |i = 1, 2, ...N } ← GetAveraдePower ()
Power budget of last iteration {bli |i = 1, 2, ...N } � the average power of

each node since last iteration
Group all nodes into 3 priority groups
Group 1← {Nodei |powi < bi −M }

� Nodes with extra power
Group 2← {Nodei |powi >= bi −M, bli >= bi }

� Nodes at power limit
Group 3← {Nodei |powi >= bi −M, bli < bi }

� Nodes at power limit needing more power
if Group 1’s extra power > Power needed by Group 3 then

Shift all needed power from Group 1 to Group 3
Any extra power from Group 1 goes to Group 2

else
Shift power exceeding B from Groups 1 & 2 to Group 3
Any extra power is divided between Group 2 and 3
Sleep(t) � make power shifting every t time

are distributed evenly among the front and backend nodes. The

performance achieved here is called per ff inal , the performance

under Fair is calledper ff air . Whenper ff inal > (1+T )∗per ff air—

i.e., there is acceptable performance gain—it enters performance

mode and returns power distribution 〈powf ,powb 〉. Otherwise, it

enters energy mode, where it searches all profile data points for

each application to find the highest energy efficiency such that

Ff (powf ) >= (1−T )∗per ff air and Fb (powb ) >= (1−T )∗per ff air .

It returns themost energy efficient power state within at least (1−T )

of max performance for both applications. In our implementation,

we choose A = 0.5, because such a small difference has little effect

on performance. We choose performance improvement threshold

T = 3%. The larger T is, the more PowerShift-S prefers to optimize

for energy, and the smaller T is, the more it prefers to optimize for

performance.

A simple proof of the optimality is as follows: By concept 2, above,

both applications have monotonically non-decreasing performance

as a function of power. Then, at the optimal state, if we reallocate

power from one end to the other, one application slows down, and

the other speeds up. But by concept 1, performance is determined by

the time when both applications finish; i.e., the slower application

is the performance limiter. Therefore, any power shifting from the

optimal state will increase the overall runtime.

3.3 Dynamic Power Shifting

We propose 2 dynamic power management approaches: PowerShift-

C and PowerShift-D. Critically for coupled applications, both ap-

proaches can take power from high-performance nodes to shift

to slower nodes with the result of speeding up the entire couple.

PowerShift-C has a single centralized decision maker. In PowerShift-

D decisions are distributed and each node has its own local decision

maker. Both approaches take advantage of the offline profiles and

their initial power distribution state is the same as PowerShift-S. In

energy mode, runtime power shift is disabled, because any power

state change will cause the coupled applications to move away from

the most energy-efficient power state.

3.3.1 PowerShift-C: Centralized Power Shifting. PowerShift-C

starts with the optimal static power from PowerShift-S and operates
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on a typical control loop: observing its environment, deciding on a

response, and acting to implement its decisions. During observa-

tion, it collects each nodes power usage. To decide a new power

distribution, it first groups all nodes into 3 power priority groups

(described below) and then it shifts power from those nodes that

either (1) have lower priority or (2) simply have unused power to

the nodes that are hungry for power with a higher priority. Finally,

it acts by sending new power capping information to each node.

Algorithm 2 details PowerShift-C. The algorithm requires a power

margin M ; any node that consumes power within M of its local

power cap is defined to be intensively using power. Otherwise, the

node can reduce power. The central decider first groups each node

into 1 of 3 priority classes by its distance to its own power cap

and whether its current power cap is higher than the optimal static

power cap. Higher group numbersmean the node needs powermore

urgently. Group 1 has power to spare. Group 2 is operating at or

near their power cap, but will not increase the couple’s performance

with extra power. Group 3 is operating at or near the power cap

and increased power will increase the couple’s performance. A

key difference between PowerShift and prior work, is that PowerShift

will move power from Group 2—which has high power utilization—to

Group 3—which also has high utilization. Existing schedulers, like

SLURM, will only shift from low utilization nodes to high utilization

nodes, making them unsuitable for coupled applications.

After assigning nodes to priority groups, the algorithm checks

the shiftable power of each group to make sure that on the next

iteration, all nodes in Group 3 will at least get power equivalent

to their optimal static power budget. If necessary, the algorithm

will force Group 2 to reduce power in favor of Group 3; otherwise,

extra power will go to Group 2. Finally, the decision engine idles

for a time interval t . This idling both reduces overhead and allows

the nodes to settle into their new power consumption.

Front and backend nodes get different amounts based on their

performance derivative. F () is the performance power function

generated by offline data, pf is the power acquired by frontend

node and pb is the power acquired by backend node.

δFf (powf )

δpowf
:
δFb (powb )

δpowb
= pb : pf (1)

This shifting power ratio ensures that all nodes in one end (front

or back) get extra power proportional to the performance growth

of the other end. Thus, PowerShift allocates less power to the end

where performance scales faster and more power to the end that

scales worse so that both ends work at the same rate.

For power margin M and time interval t in Algorithm 2, we

use 2 Watts and 1 second. Choosing M decides how aggressively

we want to shift power. LowerM results in higher aggressiveness,

at the risk of possibly removing power from nodes that need it.

Higher M means lower aggressiveness, at the risk of not being

able to fully utilize the unused power. For the time interval, larger

intervals make the system reaction time longer and it may miss

short duration power shifting opportunities. A shorter time interval

exaggerates the system noise but provides more opportunities to

react.

3.3.2 PowerShift-D: Distributed Power Shifting. PowerShift-D

distributes power shifting. The key data structure is a power pool

Algorithm 3 PowerShift-D algorithm.

Require: Power marginM
Require: Optimal static power budget of itself B

while not finished do
Current power pc ← GetAveraдePower ()
Power budget of last iteration b
Define power state of itself
Group 1: pc < b −M � have extra power
Group 2: pc >= b −M , b > B � at power limit
Group 3: pc >= b −M , b < B � at power limit, need power
Read ppool and urgency flag F

if Group 1 then
Post extra power to power pool

else
if Group 3 then

Grab unused power from power pool
When ppool < B − b , increment F
After needed power is satisfied, decrement F

else
When F = 0, take from power pool
When F � 0, post b − B to power pool

Sleep(t)

that contains unused power. In contrast to PowerShift-C, PowerShift-

D does not have any centralized component. Instead, each node

has its own local decision maker to shift power. All local power

deciders talk to the power pool asynchronously and make decisions

based on their own power state and the power pool.

The power pool structure serves as a bulletin board to all the

local deciders. It has a floating point variable F to post how much

power is in the pool and one integer variable I to post how many

nodes are in Group 3 (from above) if any. When I = 0, nodes Groups

2 & 3 take power from the power pool. Otherwise, only nodes in

Group 3 can take power from the pool, and nodes in Group 1 or

2 have to give up power exceeding their initial power budget if

any. Group 3 nodes will always get the power they need. If there is

not enough power in the pool, Group 2 nodes will have to release

power (even if they are at their budget).

We maintain the invariant that any node adding power to the

pool must first reduce its local power usage and any node taking

power must decrement unused power in the pool before raising its

local power usage. This simple invariant ensures the global power

budget is respected with local decisionmaking. Our implementation

uses sockets to communicate between local nodes and the power

pool.

Algorithm 3 shows the local power decision systems. The rule

to choose the power margin M is same as in PowerShift-C. The

time interval t is different here. Since every local decider can have

different values, we use 2 seconds for nodes in Groups 1 and 2,

and 1 second for nodes in Group 3, to allow the node to get out of

an urgent state faster. PowerShift-D can easily integrate with local

power managers by coordinating its interaction with the pool with

the decisions of the local power manager. Other approaches are not

compatible with independent, local power managers.

3.4 Extension Beyond Two Applications

A simple modification version of PowerShift-S can work on any

arbitrary number of dependent applications. In each loop iteration,

we shift power from the fastest application to the slowest, with

the goal that all applications run at the same speed. In this way,
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the binary search for the optimal performance extends across all

applications and get the power distribution of each.

PowerShift-C and -D are also trivially extended to any number of

dependent applications: the global or local decider follows the same

algorithm regardless of the number of applications. This scalability

to multiple applications for the dynamic cases is easy because the

algorithms do not reason about front and backend applications.

Instead they reason about priority levels which are set based en-

tirely on a node’s behavior relative to its assigned power cap. This

flexibility does rely on the stated assumption that performance is

monotonically non-decreasing with increasing power consumption.

3.5 Complexity, Guarantees, and Discussion

Algorithmic Complexity

(1) Fair is O (1).

(2) PowerShift-S isO (n ∗ log Pm ), given n profile data points and

Pm maximum shiftable power. It uses binary search to find

the optimal power distribution.

(3) PowerShift-C: Executes the PowerShift-S algorithm once at

launch. At each iteration, it executes Algorithm 2, which is

O (N ), where N is the number of nodes.

(4) PowerShift-D: Executes the PowerShift-S algorithm once at

launch. The communication with the power pool is O (1).

The complexity of PowerShift-S grows with larger n (more profile

data points). We do not consider this a scaling problem, because

only a small n is needed to have a good picture of power and

performance tradeoffs for each application. In our implementation,

we use n = 15. Additionally, this algorithm is only executed once

before launch. PowerShift-C’s complexity, however, grows with N ,

the number of nodes. In a larger cluster, N might be thousands

or tens of thousands. The centralized approach may suffer from

overload. In that case, we have to provide more computing power

and hardware to the central decider or have a multi-tier central

decider to solve the scaling problem. This linear scaling does not

occur with PowerShift-D, which essentially parallelizes the power

distribution process, leading to an approach that naturally scales

with the number of nodes.

Guarantees

(1) Fair : equal power distribution between frontend and back-

end; equal power distribution between each node; and assur-

ance that the global power budget is met.

(2) PowerShift-S: the maximum performance static power distri-

bution with at leastT speedup over Fair. WhenT speedup is

not achievable, the most energy efficient power distribution

within (1 −T ) of Fair’s performance.

(3) PowerShift-C and PowerShift-D, both provide speedup when

the applications have unbalanced power needs over time

or across different nodes. In energy-saving mode, these ap-

proaches have the same guarantees as PowerShift-S. Due to

the simple invariants that nodes first lower their power be-

fore contributing to the global power budget and first take

from the global power budget before raising their power,

these approaches also ensure that the global power cap is

respected.

Topology-obliviousness These guarantees are topology-oblivious.

While we have assumed—for simplicity of discussion—that the front

and backend applications are on physically separate nodes, they

can actually be scheduled in any manner such that their power

control is independent. For example, front and backend processes

could be scheduled on separate sockets in a node, or separate cores

in a chip, if the processor supports independent core-level power

caps. Our empirical analysis shows that performance is the same

under different mappings (see Section 4.4).

4 EXPERIMENTAL EVALUATION

4.1 Experimental Setup

Benchmarks We use 9 individual applications including two cos-

mological simulation benchmarks, cluster and galaxy from Gad-

get 2.0 [51], a hydrodynamic simulation benchmark lulesh [28],

a visualization application VisIt [10], a data mining application

kmeans [6], a data compression application pigz [1], and three

MapReduce [12] applications: teragen, terasort, and teravalidate

[40]. These benchmarks test a range of important cluster applica-

tions, both compute-intensive and memory-intensive. All applica-

tions run with up to 48 threads per node (the maximum supported

on our test machine). All workloads are long running, taking at

least a few minutes to complete.

We pair applications from this pool. The frontend applications

are: cluster, galaxy, lulesh. The backend applications are: VisIt,

kmeans, pigz. These nine pairs are representative of the emerging

HPC trend of coupling scientific simulation benchmarks with in

situ analysis or visualization [2, 9]. The 3 MapReduce applications

pair among themselves. In each pair, the output of the frontend

application is sent to the backend application as input. In total, we

have 11 pairs of coupled applications.

Platform and Metrics We use the 26-node cluster described in

Section 2. All nodes run Linux 3.13.0. We use RAPL [11] for both

powermonitoring and capping. The bulk of our results use an execu-

tion model where frontend and backend applications are deployed

to physically separate nodes. We reiterate, however, that PowerShift

is topology-oblivious. We explore a different mapping—where front

and backend applications are mapped to different sockets in the

same physical nodes in Section 4.4. We use 1/runtime as our per-

formance metric, and 1/enerдy as our energy efficiency metric. All

comparisons, normalize to the Fair approach.

4.2 Performance

We evaluate our eleven coupled applications with five different clus-

ter power budgets ranging from 1820W to 2860W. In all approaches,

the sum of the node-level power caps is less than or equal to the

cluster power budget at all times.

Table 1 shows harmonic mean performance under each power

cap for SLURM and PowerShift. SLURM performs better than Fair

at lower power caps and worse at higher power caps, but Pow-

erShift uniformly outperforms both SLURM and Fair. SLURM’s

performance suffers for two reasons. First, moving power from

nodes with low-power phases to power-hungry nodes, violates

the principal that shifts power from the faster application to the

slower one, because the power-hungry one is not necessarily the

slower one. Second, SLURM does not have a mechanism to re-

turn the power back to the node that gave it up when that node
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Figure 7: Performance for different PowerShift strategies under different power caps.

Table 1: Comparison of performance under power caps.

Power Cap SLURM PowerShift-S PowerShift-C PowerShift-D

1820W 1.25 1.28 1.49 1.38
2080W 1.09 1.15 1.24 1.22
2340W 0.99 1.06 1.11 1.11
2600W 0.95 1.01 1.07 1.06
2860W 0.95 1.04 1.04 1.05

Har. Mean 1.03 1.10 1.17 1.15

shifts to a phase that requires more power. For example, when run-

ning the cluster-pigz couple, cluster is always power hungry

and pigz alternates between power-hungry phase and low-power

phase. Once pigz enters the low-power phase the first time, all

the unutilized power is shifted to cluster and never returns. As

a result, when pigz re-enters its power-hungry phase, it suffers

great performance loss. This effect happens at both low and high

power budgets, however, when the power budget is low, it turns

out that focusing all power budget on one application has fairly

good performance. But at higher power budgets, the speedup of

focusing all power on one application at a time is much smaller and

often worse than fair.

The key to PowerShift’s performance is that it understands cou-

pling. In the static case, this understanding allows some perfor-

mance gain over SLURM. In the dynamic case, PowerShift is de-

signed so that it will shift power from one high-power application

to another. This design manifest itself in PowerShift’s three priority

groups (Section 3.3.1). This unique feature of PowerShift allows it

to shift power back from cluster to pigz in the above example

and achieve much greater performance than SLURM.

PowerShift-S consistently outperforms Fair by 1–28%,with higher

speedup under lower power budgets. PowerShift-C outperforms Fair

by 4–49%, while PowerShift-D outperforms Fair by 5–38%. When

the power budget is relatively low, the performance scales better

with power, so PowerShift has more potential to boost the slower

application’s performance. For higher power budgets, it is more

likely that application performance stops scaling even with more

power.

Fig. 7 shows the performance delivered under each power budget

for each coupled application pair. This figure contains one chart

for each power cap, the x-axis shows the couple, the y-axis shows

performance normalized to Fair. The charts show one bar for each

of PowerShift-S,PowerShift-C, and PowerShift-D. While results vary

per application and power cap, the general trends show that:

(1) All PowerShift approaches outperform Fair.

(2) PowerShift-C and PowerShift-D provide higher performance

than PowerShift-S across all power budgets.

(3) For lower power budgets, PowerShift-C out-performs PowerShift-

D on average. At higher power budgets, PowerShift-D can

out-perform PowerShift-C.

As shown in Fig. 7, PowerShift-C and PowerShift-D consistently

outperform PowerShift-S—by as much as 20%. Applications with

long tails receive the biggest benefits from runtime power shifting.

In our case, applications having significant I/O phases—e.g., MapRe-

duce, VisIt, and Lulesh—or applications having both phases and

long tails—e.g., pigz—all get big speedups with dynamic, runtime

power shifting compared to PowerShift-S’s static allocation.

The tradeoffs between the dynamic approaches PowerShift-C and

PowerShift-D are not as obvious but they do show:

(1) At lower power budgets, PowerShift-C outperforms Power-

Shift-D. In PowerShift-D, the power pool may not ever be

fully drained, but PowerShift-C uses global knowledge to

allocate all power. At low power budgets, a small amount

of unallocated power left in PowerShift-D’s pool can have a

large effect on performance.

(2) If an application has distinct phases—where each node fre-

quently goes from a power-saturated state to a power-hungry

state or vice versa—PowerShift-D reacts faster than PowerShift-

C. First, each local decider in PowerShift-D acts asynchronously,

providing faster reaction to local power state changes. Sec-

ond, local decisions have their own control frequency. In our
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Figure 8: Power distribution of different backends paired

with the three scientific frontends.

tests, the local decider runs at double the frequency in the

power-hungry state compared to the power-saturated state.

(3) As the cluster grows, the central decider in PowerShift-C may

have too much work and generate workload imbalance if

co-located with frontend or backend nodes. Eventually, it

will need a separate node.

4.3 Coupling’s Effects on Optimal Power

The prior sections show thatPowerShift boosts performance com-

pared to fair power distribution. We now demonstrate that power

shifting is a hard problem by showing that power allocations that

work well for an application in one couple are poor when that ap-

plication is coupled with a different application; i.e., optimal power

allocation is both application- and couple-dependent.

Fig. 8 shows the optimal power distribution when the three sci-

entific frontend applications are paired with the three different

backend applications. There are three charts, one for each of the

front-end applications. The x-axis shows power and the y-axis

shows performance. There is a labeled mark for each backend appli-

cation showing its optimal static power assignment when coupled

with that frontend. As the figure shows, the different frontends

place different requirements on the backends. For example, when

coupled with lulesh, VisIt needs the least power of the three

backends. When coupled with cluster, however, VisIt needs the

most power of all backends. These results show that the front and

backends cannot be optimized in isolation, but require consideration

of the application couple as a whole.

4.4 Results with Co-located Front and
Backends

This section evaluates PowerShift in a different topology: when

frontend and backend application processes are mapped to separate

sockets on the same physical nodes. Other than this process-to-node

allocation, the experiments are the same as in Section 4.2. Table

2 summarizes the results, showing that with a different mapping

topology, PowerShift has very similar results and properties.

Table 2: Performance with co-located couples.

Power Cap PowerShift-S PowerShift-C PowerShift-D

1820W 1.26 1.49 1.46
2080W 1.18 1.36 1.32
2340W 1.04 1.11 1.10
2600W 1.01 1.10 1.10
2860W 1.01 1.06 1.07

Har. Mean 1.09 1.20 1.19

Table 3: Performance of three dependent applications.

Performance Energy Efficiency
Power Cap PowerShift-S PowerShift-D PowerShift-S PowerShift-D

1820W 1.55 1.65 - -
2080W 1.15 1.21 - -
2340W 1.07 1.09 - -
2600W 1.03 1.01 - -
2860W .99 .99 1.02 1.02

Har. Mean 1.13 1.15 - -

Table 4: Energy efficiency with larger threshold T.

Benchmark performance energy efficiency

cluster-kmeans 1.02 1.31
cluster-VisIt 0.94 1.21
cluster-pigz 0.93 1.23

galaxy-kmeans 0.92 1.33
galaxy-VisIt 0.94 1.41
galaxy-pigz 0.92 1.42

lulesh-kmeans 0.99 1.07
lulesh-VisIt 0.96 1.06
lulesh-pigz 0.96 1.07

teragen-terasort 1.01 1.04
terasort-teravalidate 1.01 1.03

Har. Mean 0.95 1.18

4.5 Considering Three Dependent Applications

We illustrate how PowerShift can scale beyond two dependent ap-

plications. In this example, cluster generates scientific simulation

data, VisIt turns this data into a movie, and pigz compresses

the movie for storage. Table 3 shows the performance and en-

ergy efficiency of PowerShift-S and PowerShift-D normalized to

Fair. PowerShift-C is omitted in this experiment, because its over-

head grows significantly beyond two applications. For power caps

1820W, 2080W, 2340W, 2600W, PowerShift enters performancemode.

At the 2860W cap it enters energy-saving mode. The results are

consistent with those for coupled applications. Under lower power

caps, PowerShift tends to enter performance mode boosting per-

formance significantly. Under higher power caps, the potential

performance gain is less and it tends to favor energy saving. By

harmonic mean, PowerShift-S improves performance of Fair by 13%,

while PowerShift-D achieves a 15% improvement. These results in-

dicate that PowerShift still achieves significant performance gains

when working with more than two applications.

4.6 Energy Savings with High Power Budgets

This section evaluates the energy efficiency when PowerShift enters

energy-saving mode. The performance improvement threshold T ,

discussed in Section 3.2 is a key impact factor for energy savings.

The results in Fig. 7 showT = 3%; i.e., only very small performance

loss is allowed. We now evaluate the energy savings whenT = 10%.
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Table 4 shows the performance loss and energy efficiency for all

pairs of coupled applications under the maximum cluster power

budget. PowerShift achieves 18% higher energy efficiency with only

5% performance loss based on harmonic mean. The reason for this

savings is that with higher threshold T , a wider range of power

states can be searched for the most energy-efficient one.

We note that our earlier results show diminishing performance

returns for high power budgets (see Table 1). The results in this

section, however, indicate that PowerShift still provides a benefit

at high power budgets if users are willing to sacrifice some per-

formance to save energy. In this case, PowerShift improves energy

efficiency by 18% on average and by as much as 42% for individual

couples. These results indicate that PowerShift provides performance

gains at low power budgets or energy savings with high power budgets.

4.7 PowerShift’s Resilience to System Noise

System noise is inevitable in any computing system and prevalent

at the large scale of clusters and supercomputers [4]. System noise

comes from many kinds of physical and human sources, but its

defining characteristic is unpredictability. It often results in great

performance fluctuation or slow down on random nodes. It is one

of the biggest reasons that large scale systems have severe tail

problems. In coupled scientific computations, this system noise

slows down not just a single node, but the entire couple.

Fig. 9 shows the performance results of running all eleven cou-

ples in a noisy environment. We create the noise by randomly

picking a node and running an additional 8-thread program, stress-

ing the computing resources on one node of the cluster but leaving

all other nodes in their usual state. This method of generating noise

is general, PowerShift does not detect the new application, it simply

detects increased power usage on one node. Thus this method could

be a stand-in for many other noise sources, including temperature

fluctuations or manufacturing variation [26].

All experiments are under the 1820W system-wide power budget

and everything is normalized to Fair. PowerShift-C and PowerShift-

D consistently outperform Fair and average 1.36 and 1.30 speedup,

respectively. PowerShift-S, however, only has 1.07 speedup and

in some cases, is beaten by Fair. Fair can outperform PowerShift-S

because the static power distribution derived by the offline decider is

not optimal once the second application starts. In Fair, however, the

stressed node may belong to the slower application, and therefore,

may not necessarily slow down the process. Both PowerShift-C

and PowerShift-D deal with tail nodes by shifting power from other

finished or light-workload nodes. These results indicate that dynamic

power shifting makes a distributed system significantly more resilient

to system noise without requiring any application-level changes.

Although omitted for space, we have tested many different noise

levels. The included data shows that PowerShift produces a big

benefit for even a small noise level. Our omitted experiments show

that the higher the noise, the better the dynamic approaches do

compared to static allocation.

4.8 Overhead and Scalability analysis

We show the runtime overhead of the central decider from PowerShift-

C, and the local decider PowerShift-D. We have discussed the likeli-

hood of scaling problems in Section 3.5. At our experimental scale,

Table 5: Comparison of overhead.

workload Power Core Utilization

idle 24.52W 0
central decider 25.75W 4.725%
local decider 24.58W 0.323%

the overhead of both approaches are negligible. Table 5 shows the

power and core utilization overhead of both approaches running

on power traces. The central decider has 1.23W and 4.725% core

utilization overhead. The local decider has 0.06W and 0.323% core

utilization overhead. As the node number grows, local deciders’

workload is constant, whereas the central decider’s workload grows

linearly with node number, shown in Section 3.5. All our results

shown in the Section 4 include PowerShift’s overhead; i.e., the Pow-

erShift software is running with the jobs it manages on the same

machines. These results show that the centralized decision mechanism

is practical at small scale, while the distributed mechanism is lower

overhead and more likely to scale to large systems. As the system

scale grows, interconnection latency is critical to ensure strong

scaling. In our design, it is very easy to account for the latency

overhead to the frontend. Increased network overhead will result in

longer IO phases for the frontend application. This trend will likely

make the static scheme worse (since it uses single-application pro-

files), but PowerShift-C and -S should dynamically adjust to find the

optimal. Therefore, we believe in a higher latency interconnection

environment, there are more opportunities for dynamic shifting.

5 RELATEDWORK

Power and energy management is extremely important for data

centers [13, 16, 21, 38, 53] and it has long been important for mobile

and embedded systems [17, 18, 22, 25, 32, 36, 46, 50, 55].

For HPC and data center power management, hooks exist at

multiple levels; e.g., the processor [11], load balancer [8], enclosure

[43, 53], and the installation itself [16]. Raghavendra et al. present

a method for ensuring that power management systems at multiple

levels coordinate to stabilize at the desired power [42].

Apart from simply respecting a power cap, though, it is important

to deliver performance. Several approaches examine the problem

of maximizing performance subject to a power cap. Again, this

work can be done at the processor-level [23, 24, 44, 56], DRAM [11],

storage [30], and across a data-center [33, 39]. At the data-center

or cluster-level, power can be saved by consolidating workloads to

use fewer physical machines [14, 27, 34, 35, 37, 54], coordinating

co-existing applications [45], and scheduling with green power [20]

Scheduling jobs under a power cap has recently become a major

concern for HPC operating systems [7, 15] and job schedulers [3, 19].

Recent work suggests that HPC workloads can actually achieve

higher performance by over-provisioning large-scale installations—

such that using all nodes at full capacity would drastically violate

the power budget—and severely power capping the individual nodes

[47]. Additionally, future supercomputer workloads are expected

to contain exactly the type of coupled applications explored in this

paper [5] and the US Department of Energy explicitly lists both

power management and coupled workloads as primary challenges

to be addressed by future operating systems [52]. Yet, little work
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Figure 9: Performance under system noise.

has been done to explore the effect of power capping on dependent

jobs.

Closest to PowerShift is a collection of prior work that shifts

power unevenly among jobs in HPC systems. Power Routing shifts

power to maintain throughput and minimize power infrastructure;

it does not support dependent applications [41]. SLURM will shift

power from nodes operating below their budget to those at the

budget [49]. Another approach is aware of application-level seman-

tics and will shift power from processes executing IO (and thus

not using their full power allocation) to those doing computation

(i.e., at their power limit) [48]. Inadomi et al. propose variation-

aware power shifting that shifts power within a single parallel job

to compensate for manufacturing variations [26].

While these approaches and PowerShift all move power from one

process to another, PowerShift is unique in its ability to speedup

dependent, coupled applications. The key difference is that Pow-

erShift will move power from one process operating near its cap to

another that is also near its cap. This ability is essential for speeding

up coupled applications whose performance is dependent on the

slower application. To the best of our knowledge no other power

shifting system will shift from one high-power process to another

to speed up dependent applications.

6 CONCLUSION

This paper presents PowerShift, a family of techniques for shift-

ing power among nodes running coupled, distributed applications

under a system-wide power budget. Specifically, we propose a

static scheme, a centralized dynamic scheme, and a distributed

dynamic scheme. The static scheme is low overhead, but is not

able to adjust to tail behavior or application phases. Both dynamic

schemes do adjust, with the centralized scheme generally achieving

higher performance—with higher overhead—while the distributed

dynamic scheme trades some performance for reduced overhead

and increased flexibility. Compared to prior approaches, PowerShift

provides two advances: (1) instead of just shifting from low-power

to high-power nodes, PowerShift will shift power away from high

utilization nodes to other high utilization nodes that need power

more; and (2) PowerShift can recognize when it is not helpful to

shift power and instead it will reduce energy. Our results confirm

that PowerShift has practical benefits, demonstrating improved per-

formance, reduced energy, and dynamic adjustment to tail behavior

and system noise. We believe the coupled workloads addressed in

this paper will become increasingly important in both data centers

and supercomputers because they reduce IO burden and take advan-

tage of system scale. PowerShift represents one way of improving

the performance, energy efficiency, and tail tolerance of this class

of application.
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