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Abstract

Datacenters are an essential part of the internet, but their continuous development requires
finding sustainable solutions to limit their impact on climate change. The DATAZERO2 project aims
to design datacenters running solely on local renewable energy. In this paper, we tackle the problem
of computing the minimum power demand to process a workload under quality of service constraint
in a datacenter operated with renewable energy. To solve this problem, we propose a binary search
algorithm that requires the computation of machine configurations with maximum computing power.
When machines are heterogeneous, we face the problem of choosing the machines and their DVFS
(Dynamic Voltage and Frequency Scaling) state. A MILP (Mixed-Integer Linear Programming), to
find the optimal solution, and four heuristics that give satisfactory results in a reasonable time are
proposed. simulations show that the best heuristics reach an average deviation from the optimal
solution of 0.03% to 0.65%. The binary search algorithm is challenged against a real workload to
assess the impact of flexibility on the quality of service.
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1 Introduction

Datacenters are one of the most power consuming
part of the ICT and their workload has been mul-
tiplied by 10 [I] in the past decade. Despite huge
efforts to limit their potential energy consumption
explosion (improving the efficiency of electronic
components, of cooling, of the power leakage), their
consumption still represents 1 to 1.5% of the global
energy consumption. Even if it has (only) increased
by 6% since 2010 [2], there is no evidence that these
limitation efforts will be able to absorb the continu-
ing growth in internet use, since efficiency improve-
ments and load migration from traditional, energy
consuming, datacenters to hyper-scale datacenters
will reach a limit. At the same time, the datacen-
ter industry is under pressure to limit its impact
on climate change, in particular its greenhouse gas
emissions. To face these challenges, datacenter op-
erators invest in REC (Renewable Energy Certifi-
cates) that compensate their carbon footprint but
do not guarantee that their facilities are supplied
with green power. Several datacenter operators
have also announced plans to integrate low-carbon
electricity from renewable sources. However, the
integration of renewable energy sources is a chal-
lenge due to the intermittency of their production:

wind turbines only produce power when there is
wind and solar panels do not produce during the
night. This implies the addition of storage devices,
as batteries or fuel cells, and a complex orchestra-
tion of the use of all these power devices together
with the I'T machines.

The DATAZERO project ([3] (2015-2019) and
DATAZERO2 (2020-2024)) project investigate solu-
tions for the design and operation of a datacenter
only fueled by renewable energy. The orchestra-
tion is based on a negotiation process [4] between
the power and energy management (power produc-
tion and energy storage) and the IT management
(workload processing and servers states). This pro-
cess determines a power command, based on work-
load and power production forecasts, that will be
applied in the next time window, typically the com-
ing 72 hours. The result of the negotiation process
is a power command that dynamically controls the
flow of power during the time window. It is a time
series of power values for each time interval and is
called a power profile. In order to operate, the ne-
gotiation process needs predictions of the IT power
needs during the given time window. The problem
is tackled as an offline problem, but it is constrained
by the negotiation that iterates with several ex-



changes between the IT and the power managers
before converging to a solution. Since the negoti-
ation process is iterative, the computation of the
power profile must be time efficient.

In this work, we tackle the problem of comput-
ing the minimum power profile required to process
a workload forecast. Note that we do not address
the problem of workload forecast that has already
been widely studied [5]. Rather, we investigate
the problem of transforming a workload prediction
into a power command that minimizes the electrical
power needs for the next time window in a offline
algorithm. This problem is addressed in two steps:
finding the maximum processing capacity given a
power value and finding the lowest power needed
to process an amount of load. Finally, the result-
ing plan is sent to an online module, which applies
it and adapts it to unexpected events, due to the
uncertainty of the plan [6].

This paper first contributes with a binary search
algorithm that computes a minimal power profile.
A minimal power profile is defined as the series of
minimal power values that needs to be provided to
the machines during the time window. A second
contribution is the proposition of multiple variants
of an algorithm that, from each power value found
by the binary search algorithm, finds the maximum
processing capacity that can be reached using the
datacenter machines is deduced, in order to sched-
ule the workload under quality of service (QoS) con-
straints. We propose a MILP and different heuris-
tics to compute the maximum computing capacity
for a power value. Simulations are conducted to
decrease the runtime of the heuristics by evaluat-
ing them against different machine sets (more or
less machines, more or less heterogeneous). The
approach is then applied to a real workload over
a longer period of one year, using different heuris-
tics, which are compared to each other and to the
MILP in terms of power consumption. We finally
study the impact of assumptions we took about the
workload model on our results.

In the following, the context and a motivat-
ing example are given in Section [2] related work
is detailed in Section [3] Section [] formally defines
the problems of computing the minimum power
value from a workload forecast and maximize a pro-
cessing capacity within a given power value. Sec-
tion [5] and Section [6] respectively present the bi-
nary search algorithm and the heuristics proposed
to compute the processing capacity. Section [7] and
Section [Bpresents the simulations conducted to as-
sess these heuristics and their results. Finally, Sec-
tion [0 summarizes the paper, highlighting the main
conclusion.

Note that this paper is an extended work

from [7]. Tt gives more details on the heuristics and
presents a wider study on their tuning and perfor-
mance compared to the original paper. Simulations
with a real workload regarding power consumption
and QoS and the impact of deadlines, using the
MILP and heuristics, are added.

2 Context and motivating ex-
ample

The context of this work is the DATAZERO and
DATAZERO2 projects [3] in which we tackle sev-
eral issues related to the fueling of datacenters
with renewable energies, as online scheduling of
tasks [8] energy management [6] and dimension-
ing [9). We investigate here the problem of trans-
forming a workload prediction into a power com-
mand that minimizes the electrical power needs.
Instead of considering individual tasks and their
needs, which could be hard to predict, we prefer
to concentrate on a general load indicator for the
workload forecast. A load value hence represents
the total amount of work units to be processed dur-
ing a time duration: it aggregates the work units
of several jobs that may concurrently use and share
the infrastructure. A workload forecast, the load
variation over the coming time window, is repre-
sented by a series of load values.

Since the power supply relies exclusively on re-
newable energy sources, the power management
system needs to plan its power sources and stor-
age usage to correctly fuel the machines that will
process the workload. Due to technical constraints
[3], the power command delivered to the machines
must be constant over a minimum time duration,
called a time interval, that ranges from 15 minutes
to one hour. To give the power usage over a time
window (e.g. 72 hours), we thus need to define a
power profile that gives, for each time interval, a
constant power need value.

To compute a minimal power profile (see Sec-
tion , the proposed algorithm, iterates on each
time interval of the time window to find a mini-
mal power value that allows to process the work-
load. This algorithm relies on the computation of
the maximum processing capacity. Note that the
time intervals are independent. For this reason, in
the following we concentrate on finding the minimal
power value for one time interval. Then the same
method is applied to each time interval of the time
window to determine the whole power profile.

For each time interval, from the minimal power
value, an algorithm computes the maximum pro-
cessing capacity that can be reached using the dat-
acenter machines (see Section @ . This processing



capacity is obtained by switching-on machines of
the datacenter and settings them in an adequate
DVFS state (Dynamic Voltage and Frequency Scal-
ing). In the following, we call configuration to the
set of states of the machines of the infrastructure,
i.e. their on/off and DVFS states. Last, the algo-
rithm tries to schedule the workload under quality
of service (QoS) constraints, using the given pro-
cessing capacity.

In the datacenter the machines may be hetero-
geneous [10], [T1] hence different configurations pro-
vide different computing capacities and have differ-
ent power consumption. Since the power command
must be maintained over a time interval, there is
no need to change the configuration during a time
interval. The problem is hence to compute, for each
time interval, a configuration that is able to process
the workload without exceeding the QoS constraint.
Then a given configuration defines the power con-
sumption over one time interval and the configura-
tions of the machines over all time intervals define
the power profile over the entire time window.

Figure|l|gives a motivating example of the prob-
lem. It shows a workload forecast with the number
of operations expected to be processed for the com-
ing 5 hours. Note that this workload varies at an
higher frequency (a few seconds to a few minutes)
than the electrical power and that time intervals
are composed of several time steps (in this exam-
ple, 5 time intervals of one hour, each composed of
12 time steps of 5 minutes). The computing load
is defined on time steps, while the power values are
defined on time intervals. Note also that the two
y-axis with different units on the figure.

The red power profile on Figure [1] is obtained
with successive configurations, one for each time
interval, that are able to process the load of their
interval. It is however preferable to propose a power
profile that minimizes the power demand at each
time interval in order to save energy, to anticipate
periods of under-production in the future and be-
cause the energy production forecast is uncertain.
The machine configuration is therefore computed
with the objective to reduce power demand while
keeping the necessary computing power. The green
power profile is obtained by minimizing power de-
mand at each time interval, i.e. finding the less
consuming machine configuration whose comput-
ing power is sufficient to process the load. This
turns out to be a complex optimization problem as
proven in Section [6]

3 Related Work

Our work is positioned in the IT scheduling field,
halfway between the online and the offline ap-
proaches. Offline scheduling approaches forecast
and plan actions without taking feedback from
the infrastructure into account and are usually
not time-constrained. On the opposite, online ap-
proaches do not use forecasts but interact with the
infrastructure and are time constrained. Some of
them, the online clairvoyant approaches, neverthe-
less use forecasting methods to guide their deci-
sions. We differ from strict offline approaches in
that we are time-constrained and we differ from
online ones because we only interact with the in-
frastructure at each time window.

In order to minimize energy or power consump-
tion while possibly meeting other criteria, differ-
ent online approaches are considered in the liter-
ature. An online approach operates dynamically
on the IT infrastructure. In [I2], in the context of
hybrid geo-distributed datacenters, an online ap-
proach manages energy consumption and workload
scheduling, using the variation of the electricity
price, the power consumption of the cooling and
machines, and renewable energy constraints to take
decisions. In [I3] the authors optimize energy con-
sumption and performance degradation as well as
power grid cost for multiple hybrid datacenters, us-
ing a genetic based online algorithm. Zhang et
al. [I4] propose an online power-capping algorithm
(PoDD) to maximize performances of homogeneous
servers. A proposition for heterogeneous nodes of a
datacenter is given in [I5]. In [16], the authors min-
imize the performance degradation and the total
energy consumed with different online algorithms.
The first is based on regression. It detects over-
loaded servers and it migrates virtual machines.
The second addresses the trade-off between several
server metrics such as power consumption, num-
ber of migrations and performance. Finally, they
migrate virtual machines from over-loaded servers
to under-loaded servers. Other methods are pro-
posed to minimize the total energy consumed using
a similar method [T7], [18], [19], [20], [21]. In [22],
an online holistic approach schedules virtual ma-
chines to minimize the total energy consumption of
the datacenter by considering the datacenter as an
ensemble and not trying to divide it into several
parts to be treated separately from each other.

In [I9], an online multi-objective algorithm op-
timizes energy consumption, by taking into ac-
count QoS, energy, the number of active servers
and the number of virtual machine migrations on
servers. A similar method in [23] is used by con-
sidering DVFS (Dynamic Voltage and Frequency



A .- Workload forecast

Work units (Flop)

0 1 2

- non-optimal config. A

—  optimal config.

power consumption (kW)

3 4 5, Time interval (h)

[rrryrrryrrrjyrrrJyrrr[jrrrjrrr|rrr[rrr[rrr[rrr[rrrjrrryrrrrrrr»

0 20 40 60 80 100 120 140 160

180 200 220 240

260 280 300 Time step (min.)

Figure 1: A workload forecast depending on time. Each time interval is composed of several time steps
where the workload differs. For each time step the total amount of work units in Flop to be processed is
represented. Different machines configurations are possible to process the workload over a time interval.
The green line shows an optimal configuration to process the workload while consuming minimum power.
The red line gives a configuration that consumes more power.

Scaling), temperature-dependent task scheduling,
dynamic resource provisioning, and cooling man-
agement. The optimization is also done online, with
a non-clairvoyant approach.

In the context of cloud datacenters, in [24], an
online clairvoyant method for predicting the to-
tal energy consumption of the datacenter is pro-
posed to improve the datacenter energy manage-
ment. This method uses PCA (Principal Compo-
nent Analysis) to evaluates the importance of the
variables of the equipment. Then a neural network
computes the prediction on the total energy con-
sumption, a single value for the coming 20 min-
utes, the time necessary for the air conditioner to
reach a desired temperature. Finally, an online
module updates the model based on the forecast
errors. In [25], an online clairvoyant method man-
ages servers by switching them -on or -off to deal
with the load (QoS) and save energy (power). A
forecasting method (Holt Linear Method) of the
number of requests per second is used for short-
term predictions to find a new server configuration.
Compared to an optimized solution, their method
shows an energy savings up to 5.4% with better
QoS and fewer missed requests. In [6], the authors
develop a complementary approach to ours, in the
context of a green datacenter. Offline decisions are
used by an online module that adapts them to real-
time events via different compensation policies, to
stay as close as possible to the offline plan. It is
responsible for compensating energy utilization by
acting on scheduling and servers. Different com-
pensation policies are evaluated according to five
metrics about jobs and energy storage sources. Due
to the uncertainty of the plan, the results indicate
that compensation are necessary and simply follow-

ing the plan is not enough.

In [26], the authors propose another approach
complementary to ours. A proactive offline sys-
tem minimizes carbon footprint by delaying flexi-
ble workloads (simulations, machine learning, data
processing) over the next 24 hours for several
Google datacenter clusters (typically 20 datacenters
on 4 continents consuming more than 15.5 TW).
Demand and carbon intensity forecasting models
are used to define hourly resource usage limits.
More specifically, these hourly resource usage limits
are computed from the flexible and inflexible work-
load forecasts with their respective uncertainties,
the hourly carbon intensity forecast, and several
constraints related to energy suppliers and commer-
cial and environmental objectives. Forecasts are
computed at different times of the day using Expo-
nential Weighted Moving Average (EWMA), whose
parameters are determined by minimizing the Mean
Absolute Percentage Error. Their results show 1-
2% reduction in energy consumption when carbon
intensity is the highest. In contrast to us, they use
a real-time scheduler-agnostic load shaping mech-
anism that computes resource usage limits to con-
strain the scheduler.

Finally, all these studies address the online and
offline problem to reduce energy or power consump-
tion and carbon footprint. To the best of our knowl-
edge, there is no work addressing the offline power-
capping time-constrained minimization in the case
of homogeneous or heterogeneous machines with
different amount of work to process, under the con-
straint of avoiding deadline violations.



4 Problem definitions, model
and objectives

In the following, we first formally define the global
problem and its associated model, then we define
the problems and objectives.

In the context of this paper, the workload fore-
cast is an input of the problem and the solution
must be able to handle any workload, whatever its
characteristics. Since the timescales are different
between the power and the load variations, a time
interval is subdivided into multiple time steps and
the workload gives the variation of the load on time
steps. A time step duration typically ranges from
1 second to one minute. Formally, we denote by
T the number of time steps, and we normalize the
time axis such that the t*® time step begins at time
t—1,fort €T ={1,...,T}. We define At as the
duration of a time step in seconds.

Load units

Time

Figure 2: Load parts of a workload forecast. The
height of a part represent its amount of operations
to be processed (in load units)

The workload is composed of several load parts,
each arriving at a given time step. We define the
total workload as a set of W load parts, [ for
kew={1,...,W}. A load part Iy = (rg, pk, dk)
is defined by its release time 7 (i.e. the time step
when [, arrives), its amount of operations to be
processed pr and a deadline dj such that, if the
load part cannot be processed before dy, it is killed.
For instance, on the first time step of Figure [2] the
workload is composed of four load parts, Iy, ls, I3
and l4. p; and py, the amount of operations of [y
and [9, are two times smaller than ps. The dead-
line dj is defined as a duration. It enforces that
load parts arriving in the same time step may have
different QoS constraints. A load part [, which
arrives at the time step t = r; with a deadline dy,
must be finished no later than ri + dg. All the op-
erations of a load part [ have the same deadline dj,
but they can be processed on different time steps.
For instance, in Figure 2] if load part /; has a dead-
line d; = 2 steps, then it can be processed partially
or completely during time steps 1 and/or 2.

The datacenter is composed of M machines
which are denoted machine ¢ with ¢ € M =
{1,...,M}. Considering the power consumption,
machine ¢ dissipates a power static; when it is idle.
Each machine ¢ can be set in S; different DVFS
states [23]. The DVFS state of a machine is de-
noted j € S = {0,...,5;}. The set of machines
with their DVFS states defines the configuration
of the datacenter. We denote S the set of DVFS

states of all machines, S = {SM), ..., SO} A
DVFS state j defines gr(é;xj, the maximum amount
of operations per second that machine ¢ can pro-
cess, and powery), the consumed power per oper-
ation per second. For the sake of simplicity, we
consider an average value for this consumed power.
The model could be extended to consider different
power consumption for different operations, since
consumption can vary depending whether the work-
load is CPU, I/O, memory or network intensive
[27]. If machine i is switched-on, it computes
g(i) operations per second with 0 < g(i) < g,(ﬁ;xj
while dissipating powery) power per operation per
second. Therefore, if a machine ¢ computes sev-

eral load parts in state j during a time At such
that g®WAt < gr(é)axj At, it consumes a power of
P; = static;+g(" x powerg-i). We assume that, when
a machine is off, its DVFS state is j = 0 and it does
not consume any power, nor does it process any op-
eration. Last, the power consumption P of a config-
urationis P =), \, P; and its maximum available
computing power w® is w®) =3 g@DAL

In addition, to give the users a flowtime guar-
antee, we define the opk value, the total amount of
operations missing their deadline, and the D ratio,
the amount of operations killed over the amount of
operations to be processed during the time inter-
val (see equation (1)). This ratio must not exceed
a fixed threshold D,.x (see equation ) to meet
the flowtime guarantee.

opk
D= ——— 1
Zkew Pk ( )
D < Dpax (2)

As previously presented, the global problem can
be divided into two sub-problems since determining
the minimum power value needed for a time inter-
val requires being able to find a machine configura-
tion (off, on and other DVFS states) that delivers
enough computing power to process the workload
while consuming the lowest power P. In the follow-
ing, we tackle these two problems one after another.



5 Determining the minimum
power value

The problem of minimizing the power value for
a time interval under the deadline violation con-
straint is not complex if we assume to have a func-
tion, called config, that computes the machine con-
figuration providing the largest computing power
for a given value P of power. This function and its
underlying optimization problem are presented in
the next section.

For this problem the objective function is hence
the power value P to be minimized, the constraint
is the Dy,.x threshold that limits the D ratio (1)
and the inputs are the machine characteristics (M,
8S), the workload (W) and the set of time steps with
their size (7, At). Note that the Dyax value and
the workload can be chosen by the user while the
machine characteristics are fixed by the datacenter
characteristics.

To solve this problem, we propose a binary
search algorithm. Given an e value, Algorithm ?7?
returns a solution not farther than e from the opti-
mal solution. For a given power value P, the algo-
rithm first computes a machine configuration that
maximises the computing power and then schedules
the workload to determine the deadline violation
ratio D of the time interval.

The dichotomy is initiated (line 1) by setting
the maximum power Py, to the case where all the
machines are used to their maximum capacity and
the minimum power P, to 0. Then the algorithm
iterates until the difference between the two power
values is lower than €, the stopping criterion of the
algorithm. At each iteration the algorithm com-
putes, with the config function (line 5), the machine
configuration with the largest possible computing
power w® for the power value P of the current
iteration. The schedule function is then used for
each time step t of the time interval 7 (lines 7 to
9) to determine the schedule and the opk value, the
number of killed operations. The schedule func-
tion simply uses EDF (Earliest Deadline First [28])
algorithm to schedule the load parts on the time
steps. Then, if the ratio of violated deadlines D
does not exceed the threshold Dypax (line 11), it
means that the computing power is sufficient and
the power value P, can be decreased to P. Oth-
erwise, D exceeds Dy.x and the power Py, must
be increased to P.

6 Maximizing the computing
power

The second optimization problem is to find the
most powerful machine configuration that can be
fueled with the power P, given by the binary search
algorithm. This computation obviously depends
on the machine characteristics. The simplest case
is when machines are homogeneous with only two
DVFS states (switch-on or -off) since machines are
undifferentiated and it is sufficient to calculate how
many machines can be powered with P to provide
the most powerful configuration. If homogeneous
machines have several DVF'S states there is already
a decision to take between switching-on a new ma-
chine or setting an already started machine in a
higher DVFS state. In the heterogeneous case, sev-
eral configurations are possible for a given power
value, but all of them do not provide the same
computing power. It is therefore important to im-
prove the power efficiently by determining an op-
timal machine configuration. The difficulty lies in
the choice of the machines to be switched-on and
their DVFS state. In the following, we concentrate
on the case of heterogeneous machines with multi-
ple DVFS states, which includes the homogeneous
case.

The problem of computing the maximum com-
puting power for heterogeneous machines can be de-
fined with the computing power w®) as the objec-
tive function to be maximized. The variables here
are the state of each machine. They are constrained
by the total power consumption P of the machine
and the maximum computing power of each ma-
chine. Finally, the inputs of the problem are the
machine characteristics (M, §), fixed in a given
datacenter, and the time step size At. A more for-
mal definition is given by the MILP presented in
Equations to .

From the complexity view point, this problem is
at least as difficult as the partition problem and is
thus NP-Hard. The corresponding decision prob-
lem is trivially in NP as we can verify a solution
from the decision variables ¢(*) in polynomial time.
Besides, any instance of the partition problem can
be directly reduced to our problem: for each inte-
ger z;, we consider a machine such that static; =0
and ¢ has only two possible values, i.e. 0 or
g,(flzlxj = z;. Note that, in the general case, the g(*)
are coded in a discrete variable that ranges from 0

to gfﬁéxj. In this particular case, we just give the
lowest possible value to gr(flztx]. and the power con-

sumed by a computing machine hence becomes con-

stant, P; = static; + gé%xj = z;. Furthermore, we

set the total power available P = % >, % There is



a schedule with maximum computing power w® =
P if and only if the partition problem has a valid so-
lution. We can hence conclude that the problem of
maximum computing power with a given electrical
power is in turn NP-Hard.

Since this problem is NP-Hard, we first designed
a MILP (Mixed-Integer Linear Programming).

Mixed Integer Linear Programming: The ob-
jective is to find a machine configuration, i.e. the
state of each machine of the datacenter. For a ma-
chine, only one DVFS state can be selected and re-
mains the same for the entire duration of the time
interval. To express this, we define the decision
variable z; ; such that, for each machine ¢ and for
each DVFS state j, z;; = 1 if the machine is in
the DVFS state j, otherwise x;; = 0. The z;;
variables determine the machines to be switched-
on or -off and their DVFS state and hence define
the machine configuration.

The MILP is described by Equations to .
The objective function is given by Equation and
aims to maximize the computing power of the ma-
chines. Using the binary decision variable x; ;, the
first constraint (Equation () states that a ma-
chine 4, for all i+ € M, must have a single DVFS
state j among the possible DVFS states of the ma-
chine, from 0 to S; (including the switched-off state
j = 0). Depending on the selected DVFS state
we express, for all i € M, that the computing
power must not exceed the maximum computing
capacity of the machine, with the second constraint
(Equation (). Then, knowing the DVFS state
and the computing power of the machine, the third
constraint (Equation (€)) bounds the power con-
sumption of the machine, for all i € M. Finally,
the fourth constraint (Equation (7)) imposes that
the total power consumption of the machines must
not exceed the power P value given by the binary
search algorithm. The variable domain constraints
are given by Equations , @ and . This
linear program is able to deal with heterogeneity in
power consumption in homogeneous clusters [29] as
the variable z; ; refers to individual machines.

Objective function.

M
maximize E g
i=1

Under the following constraints.

S
Doy =1 (4)
3=0
7 Si 7
gt < Dilo (@i % gr(nz"th) (5)

= 71 @i (static; + g power'?) (6)

<P (7)

Variable domain constraints.
Vie M,VjeSY z;;€{0,1}
Vie M g >0 9)
Vie M P,>0 (10)

As shown by the simulations in Section the
MILP calculation takes 2.83 seconds in average and
up to 50 seconds in complex cases. This calculation
has to be repeated for each iteration of the binary
search algorithm, that usually execute more than 15
iterations. Its runtime, including the configuration
computation and the scheduling, then varies from
42 seconds to more than 100 seconds, depending
on the stopping criterion €. Hence, the total run-
time ranges from 50 minutes to more than 2 hours
to determine a power profile since it is repeated
for each time interval. As previously explained,
the power profile is used in the negotiation pro-
cess which makes several iterations before taking
a decision. Although based on offline calculations,
the MILP is therefore used in an interactive pro-
cess for which waiting one hour for a proposition
does not make sense. So we have to move toward
heuristic solutions. Numerous meta-heuristics, pre-
sented in the literature to solve various optimiza-
tion problems [30], could have been applied here
to find solutions. These meta-heuristics, by widely
exploring the solution set and because of their im-
plementation complexity, however often take a lot
of time while we are time constrained. For this rea-
son we preferred to develop ad-hoc heuristics that
incrementally construct the solutions in a shorter
time. Note that all these heuristics use the same
inputs (M, S, P, At) to compute the best com-
puting power w(?) that they can.

(®)

Random Choice heuristic: A first trivial heuris-
tic randomly choose the machine to switch-on.
When a machine is switched-on, it gets the elec-
trical power it needs to provide the maximum com-
puting power, if it remains enough electrical power,
and so its DVFS state is set to the one maximizing
the computing power. This step is repeated until
the electrical power is consumed and/or there are
no more machines to switch-on.



The advantage of this heuristic is its fast run-
time, but it provides unsatisfactory results com-
pared to the other heuristics presented in the fol-
lowing.machines

Balance Power-Performance (BPP) heuris-
tic: The BPP heuristic (Algorithm ?7?) evaluates
the most suitable machines to switch-on, and their
DVFS states, according to two metrics: (i) comput-
ing power and (ii) performance ratio (Algorithm
??). For each machine and for each DVFS state,
these two metrics are scalars contained in a vec-
tor. The set R contains these vectors. The com-
puting power criteria is chosen since the objective
is to maximize the total computing power of the
machines w® . The performance ratio criteria cor-
responds to the total power consumed by the ma-
chine over the provided computing power. The ra-
tio hence represents the power consumption of the
machine per unit of computing power . This ra-
tio is chosen to minimize the power consumed per
unit of computing power: the lower the ratio the
more efficient the machine.

(@)

static; + g(i)powerj

V(i,j) € M x S, ratio; ; = o)
g

(11)

These two metrics are used to compute a nor-
malized score depending on a given power and an
« parameter (line 9 in Algorithm ??). The a pa-
rameter (with 0 < « < 1) controls the trade-off
between computing power and performance ratio.
The nearer « is to 1, the more weight is given to the
computing power in the choice of the machine to be
switched-on, and inversely. This score is then nor-
malized according to the highest computing power
and lowest performance ratio that can be obtained
with the machines. BPP switches-on the machine
with the highest score. Depending on the o param-
eter value, the configurations proposed by BPP can
be different. For this reason, several o values are
assessed in order to produce different machine con-
figurations (line 3 in Algorithm ??) and the algo-
rithm returns the one maximizing the total comput-
ing power (line 1 in Algorithm ??. The algorithm
ends when all o values are explored (line 3 in Algo-
rithm ??) and, for each a value, when there is not
enough power available to switch-on more machines
or when there are no more machines to switch-on
(line 5 in Algorithm ?7).

This heuristic is very efficient in the homoge-
neous and heterogeneous case with a very satisfac-
tory runtime.

Best State Redistribute Without Static

(BSRWS) heuristic: The BSRWS heuristic (Al-
gorithm ?7?) focuses on the performance ratio of
the machines. This heuristic switches-on as many
machines with the best performance ratio (Algo-
rithm ?7) as it is possible without exceeding the
given power. If no more machine can be switched-
on and there is power left, either because all the
machines are on or because there is not enough
power to pay the static power cost to switch-
on a new machine, the remaining power is redis-
tributed to the switched-on machines (Algorithm
??). This redistribution increases the DVFS state
of the switched-on machines and thus their com-
puting power. While there is power left to redis-
tribute, the heuristic computes, for each machine
type and for each DVFS state greater than the cur-
rent DVF'S state and that increases the computing
power, the performance ratio and the computing
power that can be gained. The heuristic first in-
creases the DVFS state of the machines with the
highest performance ratios without including static
power, since the considered machines for redistribu-
tion are the ones that are switched-on. This heuris-
tic differs from the previous one by not focusing on
maximizing the computing power.

The advantage of this heuristic is its accuracy
with a satisfactory runtime, which however in-
creases with electrical power value. In the heteroge-
neous case, some solutions deviate from the optimal
one. The heuristic switches-on too many machines
and too much static power is consumed, whereas
the best solution is to switch-on fewer machines and
distribute the power to increase the DVFS state of
the machines.

Best State Redistribute Without Static
And Removing (BSRWS-AR) heuristic: The
BSRWS-AR heuristic focuses on the performance
ratio of the machines and explore more machine
configurations. This heuristic is an improvement
of the BSRWS heuristic that avoids to switch-on
too many machines. In this heuristic BSRWS is
run several times and, at each iteration, a machine
of the configuration is switched-off. The remain-
ing power is then redistributed to the remaining
machines to increase their DVFS state and so their
computing power. This heuristic allows to test con-
figurations with fewer switched-on machines. Re-
moving a machine may indeed limit the expense in
static power.

The advantage of this heuristic is its accuracy
compared to BSRWS in the homogeneous and het-
erogeneous case. However, its runtime is much
higher and increases strongly with electrical power.



7 Tuning and assessing the
heuristics

All the previously presented heuristics implement
their own method to find, as well as they can, so-
lutions to the optimization problem of maximizing
the computing power, given the machine charac-
teristics (M, S) and the available power P. They
are possible implementations of the config function
used in the binary search algorithm to solve the
minimum needed power. The objective of this sec-
tion is to assess the quality of the proposed heuris-
tics, i.e. how good is the returned configuration
(the higher the w(?) value returned, the best the so-
lution) and how much time they take to find these
solutions, outside of the scope of the binary search
algorithm.

After tuning the heuristics, we compare them
against each other and with the MILP to conclude
which heuristic is the most suitable for the initial
problem.

7.1 Improving heuristic runtimes

Since the BPP and BSRWS-AR heuristics use pa-
rameters in their definition, we study their impact
on their results. By design, these heuristics explore
several machines configurations to propose the most
powerful configuration considering a given input
power consumption which could be time consum-
ing. We seek to limit their runtime while maintain-
ing a good efficiency.

The BPP (Balance Power-Performance) heuris-
tic is computed with « values ranging from 0 to 1 by
steps of 0.05 for each electrical power value to pro-
pose several machine configurations. The heuristic
then selects the most powerful machine configura-
tion. As with the BPP heuristic, BSRWS-AR ex-
plores several machine configurations and returns
the one that maximizes the computing power. This
contributes to their efficiency, but increases their
runtime. These heuristics are executed for each it-
eration of the binary search algorithm and for each
time interval of the power profile (i.e. more than
1080 times): this results in a longer runtime for
the heuristics and therefore a longer runtime for
the construction of the power profile. For this rea-
son, they are assessed in this section to minimize
their runtime, while maintaining their efficiency as
far as possible. Several simulations with more or
less homogeneous and more or less machines are
conducted to assess results and ensure robust opti-
mization.

7.1.1 Settings

For all the heuristic assessment we preferred to use
the characteristics of real machines to position our
work in a realistic case. The machine types and
characteristics used are taken from Grid5000 plat-
form [3I]. Note that we have also run tests with
randomly chosen machine characteristics that pro-
duced the same results.

The heuristics are compared in the context of
a medium-sized datacenter of 267 kW [3] that
includes 1241 machines divided into 10 machine
types. Data on the characteristics of the machines
are known in advance [32], [33]. For each type of
machine, we know all the data described in Sec-
tion [@] All data are average values coming from
real simulations performed on Grid5000 in the con-
text of the ANR ENERGUMEN |[34] project. Note
that such data are seldom available for datacenters
since they require laborious practical measures to
be obtained.

A total of 300 different machine sets are in-
vestigated to assess the heuristics. They all differ
from each other in terms of number of machines
and number of machine types to ensure robust op-
timization. The 300 machines sets are distributed
into 30 groups, each group being composed of 10
machine sets. These 30 groups differ in the number
of machines: 60, 120, 180, 240 and 300; and in the
number of machine types: 1, 2, 3, 4, 5 and 6. In
each group, the 10 machine sets differ in the selec-
tion of the machine type(s) considered. For exam-
ple, in the group composed of 10 machine sets, each
with 180 machines and 3 machine types (see Fig-
ure , the only difference is in the machine types
considered. The first machine set is composed of 60
Taurus, 60 Parasilo and 60 Grisou. The second is
60 Parasilo, 60 Grisou and 60 Grimoire. etc... For
each simulation on the machine set investigated,
the power value varies by steps of 1 W from the
minimum power required to switch-on a machine
to the maximum power required by all machines of
the set.

For the simulations, the MILP and the heuris-
tics have been implemented in Python. The source
code, the data sets and comparisons are available
here |(zip file)| and an artifact is published here arti-
fact. Note that all simulations in the remainder of
the paper have been run on Ubuntu 22.04.1 LTS,
Intel Core i7-11850H processor, 32.0 Go of mem-
ory, Python 3.10 and PulP 2.6.0 with Gurobi 9.5.1
solver.

After running the simulations, Two Wilcoxon-
Mann-Whitney tests [35] are used to evaluate the
hypothesis that the distributions of the computing
power provided by, respectively, the heuristics and


https://members.femto-st.fr/Laurent-Philippe/sites/femto-st.fr.Laurent-Philippe/files/content/articles/fgcs-code.zip
https://doi.org/10.6084/m9.figshare.23544939
https://doi.org/10.6084/m9.figshare.23544939

their runtime are similar. A P-value lower than an
threshold of 0.05 is considered to denote a statisti-
cally significant difference between the results.

To illustrate the characteristics of the machine
set, Figure [3] shows the best performance ratio of
the 10 machine types in W/GFlop depending on
power, taking into account static power of the ma-
chines (the leftmost of each curve) and whatever
their DVFS states. It is worth noticing the conti-
nuity of the performance ratio curves, even when
changing the DVFS state, for almost all machines.
The Gemini machines, having the highest static
power, are shown on the right figure. The other
machines are grouped on the left. The lower the
static power of a machine and the better the per-
formance ratio, the more advantageous it is to use
this machine, depending on power. For instance, if
the available power is 1000 W, the best is to use
9 Gros machines than any other configuration (vi-
sually and confirmed by the MILP solution), if we
have these 9 Gros machines at hand. Otherwise,
with less Gros machines, a different configuration
has to be used involving Gros and other types of
machines. Note that some performance ratios of
some machine types cross others, which means that
the machine choice depends on the available power,
and that the performance of some machines de-
creases before reaching their maximum power con-
sumption, which means that powering a machine at
its maximum is not always the best choice.
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A1‘75 1.75 —— Taurus
81.50 Parasilo
5 1.50 Grimoire
=125 —— Graoully
A 1.25
21.00 — Gros
‘é 1.00~~~ Chifflet
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@ 0.50 0.75 Gemini

—== Graphite
0.25 0.50 ——- orion
100 200 300 700 800
Power (W) Power (W)

Figure 3: Best performance ratio in W/GFlop de-
pending on power, whatever the DVFS state of the
machine. The lower the ratio the more efficient the
machine.

In the following, the BPP and BSRWS-AR
heuristics are assessed with different parameter val-
ues, to observe the gain in runtime and, to a lesser
extent, the loss in efficiency.

7.1.2 BPP heuristic

The objective here is to determine the most relevant
« values to obtain the best configuration of the ma-

chines, whatever the machine set in the infrastruc-
ture and the power value. Reducing the number of
a values means reducing the number of configura-
tions explored and the runtime of the heuristic. For
each power value, the « values giving the configu-
ration that maximizes computing power are stored.
This is represented by a list of a values, called «
value combination.
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(b) Cumulative frequency of occurrence of best o values
that find the best machine configuration. The red and
black lines represent a cumulative frequency of 95% and
99%, respectively.

Figure 4

Figure[da]shows the frequency of occurrence of «
value combinations that all find the best machine
configuration. This figure is based on 14 million
executions resulting from the 300 machine sets and
power values tested. « value combinations with
frequencies below 1% are not displayed for better
visibility. The x-axis represents the o value com-
binations for which the best machine configuration
has been found. In over 17% of cases, all the «
values find the best configuration (i.e. the combi-
nation 0.0 — 1.0, « values from 0 to 1 by steps of
0.05). The « value combination 0.0—0.1 (i.e. a val-
ues 0, 0.05 and 0.1) find the best configuration in
over 12% of cases, while other « values do not find
any better configuration. Note that some « values
are included in a large majority of « value combi-
nations. For example, this is the case for the values
0 and 0.1. These two values are able to provide, in
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the vast majority of cases, the best configuration
that can be found with the BPP heuristic. It is
also noteworthy that values above 0.6 are not rep-
resented in the figure except in the cases 0.0 — 1.0
where all the a value combinations find the best
configuration, and 0.05—1.0. This means that they
are the only ones to find the best configuration in
few cases (about 1% of all cases). This suggests
that giving more weight to the performance ratio
(i.e. with « values lower than 0.5) leads more often
to the best configuration.

Figure [4b]shows the cumulative frequency of oc-
currence of best a values that find the best machine
configuration. In other words, this is the frequency
of occurrence of & values in the combinations shown
in Figure[da] The contribution of o values are high-
lighted by sorting them from most to least signifi-
cant. In 69% of cases, an a value of 0.1 is sufficient
to find the best machine configuration. Adding an
« value of 0.45 increases the number of cases by
11%. The red and black lines shows the number
of a values to be tested to obtain the best con-
figuration in, respectively, 95% and 99% of cases,
respectively. To maintain at least 95% efficiency, 5
« values are required, and 7 for 99%.

Table [Il shows the results of the BPP heuristic
before and after the reduction to the 5 and 7 best
« values shown in Figure When reducing the
number of « values, the runtime of the heuristic is
divided by a factor of 3 to 5. In terms of computing
power, the results are very similar according to the
Wilcoxon-Mann-Whitney test. In both cases (BPP
with 5 values and BPP with 7 values), the P-values
with BPP with all o values are 0.99 . There is
hence no significant difference in computing power.
It is however significant in terms of runtime, with
P-values of 0.00 in both cases.

7.1.3 BSRWS-AR heuristic
As explained in Section 5] the BSRWS-AR heuristic

explores more machine configurations by removing
machines one by one from the initial configuration
found by the BSRWS heuristic. In doing this, from
a specific number of removed machines, the com-
puting power of the configuration decreases and
cannot reach maximum computing power. There
is so no benefit to explore configurations after a
specific number of machines removal. We seek here
to find this specific number, to reduce the number
of explored configurations, and therefore reduce the
heuristic runtime while limiting the impact on its
efficiency.

Table 2| shows the maximum percentages of ma-
chine removals to reach the best configuration for
each of the conducted simulations. This table sum-

11

marizes the results of the 300 simulations. Each
cell of the table is the maximum percentage ob-
tained from 10 simulations. For example, the cell
corresponding to one machine type and 60 machines
is the result obtained from 10 simulations, which
were conducted with 60 machines and 1 machine
type. They differ in the type of machine used. In
the same way, The cell corresponding to 3 machine
types and 180 machines is the result obtained from
10 simulations with 180 machines by modifying the
3 machine types in the 10 simulations.

From the results we can see that increasing the
number of machines does not influence the maxi-
mum percentage of machines to be removed, but in-
creasing machine heterogeneity does. Beyond these
percentages of removed machines, the machine con-
figurations explored are less good. Finally, impos-
ing a limit of 20% of machines removed from the
configuration seems reasonable to reduce the num-
ber of explored configurations, while maintaining
maximum efficiency.

Table Bl shows the results of the BSRWS-AR
heuristic before and after application of the limit
of 20% of removed machines in the context of a
medium-sized datacenter. Reducing the number of
machines in the configuration allows to divide the
heuristic runtime by a factor 3. In terms of com-
puting power, the results are very similar accord-
ing to the Wilcoxon-Mann-Whitney test. The P-
value between BSRWS-AR and BSRWS-AR with
the limit on the number of removed machines is
1.00. While there is no significant difference in com-
puting power, it is significant in terms of runtime,
with P-values of 0.0. Note however that the re-
duced runtime is still too long, for the same reason
as explained in Section [5| for the MILP.

7.2 Evaluation of the heuristics

The objective of this section is to evaluate and com-
pare the heuristics against each other and with the
MILP in terms of efficiency and runtime. In the
case of the BPP and BSRWS-AR heuristics, we
use the optimized version of the heuristics. For the
BPP heuristic, we use only the 7 alpha values de-
termined previously. For the BSRWS-AR heuristic,
we use the limit of 20% of machines removed.

7.2.1 Settings

As in Section we consider in this simulation
the example of a medium-sized datacenter with the
same machine set and characteristics. We remind
the reader that on this part there is no related
work in the literature to compare to, hence we only
provide our heuristic results. A Wilcoxon-Mann-



Table 1: Results for the BPP heuristic before and after application of the reduction in the number of «

values considered.

BPP BPP with 7 a values | BPP with 5 a values
Avg. dev. (%) 0.12 0.12 0.12
Median dev. (%) 0.04 0.04 0.04
Max dev. (%) 3.15 3.15 5.47
Avg. Runtime (s) | 9.07 x 1073 2.61 x 1073 1.97 x 1073

Table 2: Maximum percentage of machines to switch-off to reach the best configuration (in terms of
computing power), depending on the number of machines and the number of machine types.

1 type | 2 types | 3 types | 4 types | 5 types | 6 types
60 machines 20% 20% 20% 16.67% | 16.67% | 12.5%
120 machines | 20% 20% 20% 16.67% | 16.67% | 12.5%
180 machines | 20% 20% 20% 16.67% | 16.67% | 12.5%
240 machines | 20% 20% 20% 16.67% | 16.67% | 12.5%
300 machines | 20% 20% 20% 16.67% | 16.67% | 12.5%

Whitney test [35] is then used by considering that
a P-value lower than a threshold of 0.05 denotes
a statistically significant difference between the re-
sults.

7.2.2 Evaluation

Figure [5] shows the maximum computing power
given by the MILP and the heuristics for different
power values, from 63 W, the minimum power re-
quired to switch-on a machine, to 267 kW, the max-
imum power that can be required by all machines
of our medium-sized datacenter when running at
maximum frequencies.

The RC (Random Choice) heuristic is run 200
times to show the dispersion of the solutions and
the average computing power for each power value.
The sample size for each power value is justified us-
ing the central limit theorem [36] from which the
formula for minimum sample size is derived [37].
We considered the maximum standard deviation
obtained (7200.87) to estimate the mean value with
a 95% confidence interval of half-width of 1 TFlops.
The minimum and maximum computing power are
shown in red.
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Figure 5: (a): Comparison of the maximum com-
puting power computed by the MILP and heuristics
depending on power value from 63 W to 267 kW by
steps of 100 W. (b): Zoom on 200 kW to 267 kW
by steps of 100 W.
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The RC heuristic significantly deviates from
the optimal solution with an average deviation of
31.84% (Table [4)). This is not surprising. Since
the choice of the machine type is random, the
RC heuristic may switch-on the least efficient ma-
chines. This occurs mostly in the heterogeneous
case, according to the results of other simulations.
The BPP heuristic with seven « values for each
power value and BSRWS-AR heuristic are the clos-
est to the optimal solution. Their average devi-
ation from the optimal is 0.12% and 0.03% re-
spectively (Table . Note that the BSRWS-AR
heuristic performs better than the BSRWS (Best
State Redistribute Without Static) heuristic, since
it explores more configurations. Also, BPP out-
performs BSRWS and BSRWS-AR in other cases
of heterogeneity not presented here. From 150 kW
to 260 kW, the deviation from the optimal is more
significant for BSRWS (Figure [5). But different
simulations show that this is not always the case.
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Table 3: Results for the BSRWS-AR heuristic before and after application of the limit in the number of

machines switched-off.

BSRWS-AR

BSRWS-AR with a limit of 20%

Avg. dev. (%) 0.03

0.03

%) 0.00

0.00

Median dev. (
) 2.04

Max dev. (%

2.04

Avg. Runtime (s) 1.61

0.55

The BSRWS heuristic has an average deviation of
0.65%. Note that from 260 kW onward, all the
heuristics reduce their deviation from the optimal,
because there is enough power to switch-on all the
machines and to increase their DVFS state and with
267 kW the solution is trivial since all the machines
can be used at their maximum capacity.

As previously, we verify if the solutions of the
heuristics significantly differ from the MILP by us-
ing a Wilcoxon-Mann-Whitney test. In terms of
computing power, the RC heuristic is the only one
to provide significantly different solutions from the
MILP with a P-value of 0.00. BSRWS heursitcis
provide solutions that barely pass the test with a P-
value of 0.09. BPP and BSRWS-AR heuristics pro-
vide solutions statistically very close to the MILP
with P-values of 0.87 and 0.97, respectively.

Figure[6] gives the runtimes of the MILP and the
heuristics depending on power. Note that the y-axis
is plotted on a logarithmic scale. There is a general
trend for all the runtimes to increase with power.
This is intuitive since the more power, the more ma-
chines the heuristics have to consider. Compared
to the MILP that has an average runtime of 2.83 s
per power value, the heuristics are more time effi-
cient to find a configuration. The runtime of the
BPP heuristic is of the order of milliseconds and
increases slightly depending on power. While the
BSRWS-AR heuristic runtime increases dramati-
cally: from 0.4 ms to more than 4 s depending on
power. This is partly due to the fact that the more
machines are switched-on, the more configurations
are explored. Note that the use of the redistribute
function in BSRWS heuristic, when all the ma-
chines are switched-on, explains the increase of the
runtime when the power is approximately 260 kW.
In terms of runtime, all heuristics are statistically
significantly different from the MILP, with P-values
of 0 in all four cases.

Considering the whole process, when determin-
ing the power required over a time interval, the
runtime of the binary search algorithm varies from
0.11 seconds to 2.75 seconds, using the BPP heuris-
tic and depending on the stopping criterion e.
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Figure 6: Runtime of the MILP and the heuristics
depending on power

8 Simulation with a real work-
load

As previously said, the problem of finding the min-
imal power value for one time interval, without
taking the configuration computation done by the
config function into consideration, can be solved
with Algorithm ?7?, with a solution not more far
than € from the optimal solution. There is hence
no need to assess it alone. On the other hand,
the use of different heuristics in the config func-
tion may impact the global energy consumption on
several time steps. In this section, we challenge the
binary search algorithm, using the MILP or one
of the the heuristics as the config function, with a
real workload. We first analyze the ranges of power
consumption that are most demanded by the work-
load. Then we compare the heuristics in terms of
total energy consumed by the machine configura-
tions required to process the workload, including
the energy needed to switch-on and switch-off the
machines. Then, we analyze the impact of dead-
lines and computing power on the quality of ser-
vice. With these simulations we seek to show how
the algorithms behave in a real context.

8.1 QoS and power consumption

In this simulation we compare the binary search al-
gorithm with the MILP and each heuristic, accord-
ing to several metrics: total energy consumed and



Table 4: Average, median and maximum relative deviation in percentage and computing power of heuris-

tics from optimal solution.

MILP RC BPP BSRWS BSRWS-AR
Avg. dev. (%) - 31.84 0.12 0.65 0.03
Median dev. (%) - 34.57 0.04 0.09 0.00
Max dev. (%) - 52.43 3.15 3.15 2.04
Avg. Runtime (s) | 2.83 | LI6x 107 | 2.61x 10 % | 1.03 x 10-° 0.55

energy consumed by switching-on/off machines.

8.1.1 Settings

For this simulation, we assess the binary search
algorithm with the Metacentrum workload [38],
[39].We made this choice because cloud workloads
as Google Traces [40], [41] or Alibaba Traces [42],
[43] do not last enough time. We want a large
processing period to maximize the number of time
intervals and observe the maximum number of
changes from one time interval to the next. More-
over, the machine characteristics of these cloud
workloads (CPU, number of cores, memory, etc...)
are unknown, while knowing these characteristics is
necessary to provide realistic data on their perfor-
mance and power consumption. The Metacentrum
workload, running for over 2 years, is composed
of more than 5 million jobs processed on machines
with known characteristics. These jobs were run in
a heterogeneous environment system including 33
clusters that evolved over the period. The submit
time, wait time, runtime and number of allocated
cores are given for each job. The environment sys-
tem and job data are used to set up our simulation
under the following assumptions:

e Only Metacentrum non-exotic nodes [44] are
selected to be closer to a cloud datacenter.
An exotic node is specific in terms of archi-
tecture or hardware (CPU, GPU, Memory).
Only non-exotic partitions 7, 9, 11, 14, 15, 18
and 19 are kept for a total of 305 machines.
These partitions have servers with 12 to 16
CPU cores and 12 GB to 134 GB of mem-
ory. For the simulation, we consider a het-
erogeneous set of Grid5000 machines similar
in number and CPU core to those in the se-
lected Metacentrum partitions since the data
on Metacentrum machines (power consump-
tion, computing power) are unknown. In par-
ticular, we take 113 Taurus, 112 Parasilo, 26
Grisou, 47 Grimoire and 7 Graoully to pro-
vide a heterogeneous set similar to Metacen-
trum’s machines (the number of cores in this
machine set is the same as the selected ma-
chine partitions in Metacentrum), for a max-
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imum computing power of 142.92 TFlops and
a maximum power consumption of 52.90 kW.

For the simulation, we consider the period
from July 30, 2013 to September 19, 2014, to-
talling 7406 hours and more than one million
jobs to process. During this period, the set of
selected partitions remains the same [39].

Load parts are derived from Metacentrum
jobs and are defined by a submit time, a
deadline and a number of operations to be
processed. The submit time of load parts is
the same as for jobs. As there are no dead-
lines defined for each job in Metacentrum,
the deadline is considered to be the sum of
the wait time and the runtime of Metacen-
trum jobs. Lastly, the number of operations
to be processed is determined by the prod-
uct of the number of cores allocated to the
job, its runtime and a factor determining the
number of Flops per core per second. For the
simulation, the factor used is the computing
power for one core in the lowest DVFS state
of the Taurus machine from Grid5000 [31] ,
i.e. 9.72 GFlops, because the characteristics
of this machine are the closest to the ones of
Metacentrum. Figure [7] shows the number of
Metacentrum jobs and the number of opera-
tions to be processed in Flops along time, as
previously described and applied to each load
part. The number of jobs and the number
of operations to be processed are not corre-
lated, as the job runtime is also considered
when computing the number of operations.
The time intervals composed of a large num-
ber of jobs, typically more than 4000, is not
the time intervals composed of the largest
number of operations to be processed. These
time intervals are mostly composed of jobs
with runtime that are relatively short com-
pared to other time intervals. The number of
operations to be processed over a time inter-
val rarely exceeds 2000000 TFlops dispersed
over the 3600 time steps of a time interval.
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We initiate the simulation with a threshold
Dpax = 1 in the binary search algorithm 7?7 to
impose the processing of all operations. Note that
processing all the operations may still be impossible
if the maximum machine configuration is not suffi-
cient to process all the operations over a time step.
We set ¢ 0.01 to obtain a reasonably accurate
power value.

While the energy consumed by switching-on and
-off machines is not considered in the model, it is
included to provide an additional point of compari-
son between the heuristics. From a time interval
to another, the machines to be switched-on and
switched-off may differ. A machine is switched-on
at the end of the previous time interval if it is re-
quired at the current time interval. Similarly, a ma-
chine is switched-off at the beginning of the current
time interval if it is on and is no longer required.

8.1.2 Results

Figure [§|shows the number of operations to be pro-
cessed (same as in Figure , the number of delayed
operations and the rate of processed operations de-
pending on time. The middle figure highlights time
intervals during which operations are killed. Over-
all, the rate of operations killed is 2.48 x 1079, The
scheduler domino effect [28] and load parts with
short deadline but large number of operations in-
tensify this effect. Time intervals with the highest
number of operations are not necessarily those with
the highest number of operations killed. Despite
imposing the processing of all operations, the rate
of operations processed is greater than 0.99. The
quality of service is met for 98.42% of time inter-
vals, i.e. all operations are processed during these
time intervals. For 3 time intervals, the quality
of service is less than 0.9975, but remains greater
than 0.99. Whatever the method used in the bi-
nary search algorithm to determine a configuration
and provide computing power, the result for pro-
cessing operations is the same, since all methods
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(MILP and heuristics) provide with this workload
the same computing power, but not necessarily the
same machine configuration and power consump-
tion.
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Figure 8: Top: Number of operations to be pro-
cessed along time. Middle: Number of delayed op-
erations (blue) and time intervals where operations

are killed (red). Bottom: Rate of operations killed.

Figure shows the Probability Density Func-
tion (PDF) and the Cumulative Density Function
(CDF) of the power consumed to process load parts
over the entire period. For more than 18% of the
time intervals, power consumption is zero and all
machines are switched-off and for 50% of the time
intervals, the power consumption is less than 3.3
kW, i.e. 6% of the maximum power that can be
requested by the machines. The maximum power
required by the machines is reached for 16% of
the time intervals. This is not surprising, since
we have imposed the processing of all operations,
which minimizes the number of operations delayed
over the next time intervals. We remind the reader
that we use Metacentrum HPC workload that is
more sporadic than what can be observed in a cloud
workload [45].

The energy consumed to process load parts on
all time intervals with the binary search algorithm
using MILP is 101.79 MWh. Over one time in-
terval, depending on the heuristic used, the bi-
nary search algorithm may require more power to
provide a configuration for the same computing
power as the MILP, as shown by Figure |5 in Sec-
tion [7.2] Figure [Ob] shows the percentage of total
excess power required to process load parts by the
binary search algorithm using the BPP, BSRWS
and BSRWS-AR heuristics over the entire period
compared to the MILP. BPP consumes the least
excess power with 0.018% (i.e. 18 kW). BSRWS
and BSRWS-AR respectively consume 6.7 and 1.7
times more than BPP.

Figure [0D] also shows that heuristics can pro-
vide configurations that are more or less power-
intensive in terms of switch-on and switch-off power



consumption. Over the entire period, MILP con-
sumed 1.80 MWh to switch-on and -off machines,
ie. 1.73% of all energy consumed. On the other
hand, the heuristics consumed 41 Wh to 9232 Wh
more than the MILP to switch-on and -off ma-
chines. Overall, BPP is the least power-intensive
and the fastest heuristic to provide a satisfying con-
figuration.
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Figure 9

8.2 Impact of load part deadlines

The deadline chosen in Section (sum of wait
time and runtime) has an impact on the number of
operations processed, delayed and killed. Load part
deadlines and the machine set used, and hence com-
puting power, have a significant and decisive impact
on the number of operations processed. For these
reasons, in this section we investigate the number
of operations processed (and consequently the num-
ber of operations killed) depending on the deadline
assumption selected and the computing power.

8.2.1 Settings

We focus on two cases: in the first one, for all load
parts, deadlines are uniformly fixed; in the second
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one, a multiplicative factor is applied to the as-
sumption presented in Section [8.1]In the case where
a fixed deadline is applied to all load parts, we sim-
ply vary the value of the deadlines in seconds. The
same principle is applied in the other case, where
the multiplicative factor varies. In this simulation,
we take 10 days (from August 9, 2013 to August
19, 2013) of the Metacentrum workload to reduce
the runtime of the simulation, as we run the sched-
uler for different values of deadline and computing
power.

8.2.2 Results

Figure shows the impact the deadlines on the
percentage of operations processed over a time in-
terval, depending on computing power. Unsurpris-
ingly, in all cases, the lower the deadlines for the op-
erations, the greater the computing power required
to process all of them. When deadlines are very
small (just a few seconds), the computing power
required is on the order of ten thousand TFlops.
On the opposite, when the flexibility of the work-
load is very large, the computing power required
to process the maximum number of operations is
on the order of only a hundred TFlops. A mi-
nor variation in the workload flexibility results in a
major variation in the computing power required.
For example (Figure and Figure to reach
100% of processed operations, 10 TFlops are needed
when deadlines are set to 200% of the real execu-
tion, 16 TFlops for 100% and 52 TFlops for 20%.
With fixed deadlines (Figure and Figure ,
with a computing power of 45 TFlops and dead-
lines of 1000s, 40% of the operations are processed.
This value drops to 30% for deadlines of 500s. We
also noted that without flexibility (deadlines at 0),
176.000 TFlops would be needed. We can therefore
see that flexibility has a significant impact on QoS,
and can be an efficient way to reduce the need for
computing power, and by extension the need for
electrical power. On the other hand, flexibility has
a direct impact on user satisfaction, which can be
a limiting factor.
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Figure 10: (a) and (b): Percentage of operations
processed depending on computing power by ap-
plying a multiplicative factor. (c¢) and (d): Percent-
age of operations processed depending on comput-
ing power by applying fixed deadlines (in seconds).
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Depending on computing power, more or less
operations can be processed. A given computing
power value can be obtained with different machine
sets. Figure [11| shows the possible power consump-
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tion for a given computing power, depending on
the machine set by using machines and data from
Grid5000. The most power-efficient sets are the
Gros machines, with the lowest static power and a
good performance ratio. Inversely, the most power-
intensive are the Graphite machines, with one of
the highest static power and a very poor perfor-
mance ratio. For example, for a machine set with
a computing power of 176 TFlops, the most power-
efficient set is the one with 278 Gros machines con-
suming 38.6 kW, while the set with 688 Graphite
machines consumes 201.2 kW. The most and least
power-intensive sets are homogeneous. But these
sets are not common in a datacenter, since ma-
chines may be homogeneous a priori in their tech-
nical characteristics, but not in their performance
and power consumption [29] and because datacen-
ters regularly update part of their machines (see
the Metacentrum example already described with
several partitions).

50 125 150 175

7 00
Computing power (TFlops)
Figure 11: Possible power consumption for a given
computing power depending on machine set

9 Conclusion

In this paper, we tackle the problem of minimizing
a power value to switch-on just enough machines
to process a workload over a time interval while re-
specting quality of service constraints. We propose
a binary search algorithm to solve this problem with
multiple variants. This algorithm uses two func-
tions, one that computes the maximum comput-
ing power that is obtained knowing a given power,
and another that schedules the workload on the
switched-on machines. Since computing the max-
imum processing power is NP-Hard in the hetero-
geneous case, we propose a MILP and 3 non-trivial
time-efficient heuristics. Two of them explore sev-
eral possible machine configurations and select the
most efficient. In a first step, several simulations
are conducted to optimize them to limit their run-
time and maintain their efficiency. Second, we as-
sess the quality of the heuristics against the MILP



to compare their performance and runtime. Heuris-
tics give satisfactory results in a reasonable time,
with an average relative deviation from optimal
solution of 0.12%, 0.65% and 0.03%. Looking at
the results and runtime, the BPP (Balance Power-
Performance) heuristic seems the most suitable to
solve this problem in a reasonable time.

In a third step, we assess the binary search
algorithm and heuristics with a real workload to
analyse the power consumed in a practical case
and the impact of deadlines and computing power
on the quality of service. Results show that the
power consumption is less than 6% of the maxi-
mum power that can be requested by the machines
half of the time, and maximum power consumption
is required 16% of the time. The power consumed
for switching-on and -off machines corresponds to
1 to 2% of total consumption. Then, the impact of
deadlines and computing power on quality of ser-
vice is studied. We exhibit that a minor variation
in the workload flexibility results in a major vari-
ation in the computing power required. However,
depending on the machine set in the datacenter,
for a given computing power, power consumption
varies significantly.

These different approaches show that using
DVFS states in a heterogeneous environment al-
lows approaching the optimal configuration of the
machines and thus efficiently using energy. In fu-
ture work, we plan to implement and test the bi-
nary search algorithm with the BPP heuristic in a
real environment (DATAZERO2 platform) to assess
its resilience against uncertainty. Testing all the
heuristics against a wider set of machines is also in
our plan, but this requires a hard work of machine
characterization, as it was done in the ANR EN-
ERGUMEN [34] project. Last, we have seen that
flexibility has a significant impact on QoS, and can
be an efficient way to reduce the need for electrical
power. However, it can be a limiting factor as it
has an impact on user satisfaction. One possible
solution to be explored could be to have job classes
with variable flexibility.
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