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Abstract. Placing compute jobs on clustered hosts in a way that optimizes both performance and power consumption has become a crucial issue. Most solutions to the power-aware job placement problem boil down
to consolidating workload on a small number of hosts so as to reduce
power consumption which achieving acceptable performance levels. The
question we investigate in this paper is whether the capabilities provided
by DVFS, i.e., the ability to configure a host in one of several power consumption modes, leads to improved solutions. We formalize the problem
so that a bound on the optimal solution can be computed. We then study
how the optimal, if it can be computed, and its bound vary across scenarios in which hosts provide various degrees of DVFS capabilities. We
rely on a DVFS model that we instantiate based on real-world experiments. Our approach thus quantifies the potential improvements that
hypothetical job placement algorithms can hope to achieve by exploiting
DVFS capabilities.

1

Introduction

The problem of efficiently allocating resources among competing jobs and users
on clusters has received considerable attention. Job scheduling algorithms have
been developed that attempt to optimize job placement with respect to criteria
related to job performance, system throughput, and/or fairness. Electrical power,
although long been ignored in the job scheduling literature, has become a crucial
issue for large-scale clusters. Consequently, in recent years many authors have
studied the power-aware job placement problem, seeking theoretical as well as
practical solutions [18, 9, 17, 16, 2]. A common approach for reducing the power
consumption of a cluster is to place jobs so as to consolidate the workload on
a small but sufficient number of cluster nodes, temporarily powering off unused
nodes. Workload consolidation is enabled by virtual machine (VM) technology,
which provides mechanisms to control and adapt resource shares allocated to VM
instances, and to quickly migrate VM instances among cluster nodes. In addition
to workload consolidation, a possibility is to configure the hardware via Dynamic
Voltage Scaling (DVS), Dynamic Frequency Scaling (DFS), or a combination of
the two (DVFS), which are now commonplace in modern processors. In this work,
we seek to answer the following question: What is the value added by DVFS when

used in addition to workload consolidation when solving the power-aware job
placement problem? Some authors have proposed solutions that exploit DVFS
capabilities [21, 1, 10, 13]. However, obtained results are difficult to compare and
do not provide a conclusive answer to the above question. Instead, we opt for an
algorithm-agnostic approach and extend an existing formulation of the poweraware job placement problem proposed in the literature so that it accounts for
cluster nodes that have DVFS capabilities. This problem can be formulated as
an Mixed Integer Linear Program (MILP), which makes it possible to compute a
bound on the optimal solution. Studying how the optimal and its bound vary as
the DVFS capabilities of cluster nodes are enhanced provides a sound theoretical
basis upon which to quantify the utility of DVFS when used in conjunction with
workload consolidation. More specifically, our original contributions are:
– We combine and extend the power-job placement formulations in [4] and [23]
and study two versions of the optimization problem: (i) optimize performance
given a constraint on power consumption; and (ii) optimize power consumption given a constraint on job performance.
– We instantiate a model that captures the trade-off achieved between power
consumption and performance using DVFS, based both on previous work
and on experiments on a real-world platform.
– We compute the (bound on the) optimal for the optimization problem for
several instantiations of the DVFS model, thereby quantifying the added
benefit of increased DVFS capabilities.
Our main result is that using DVFS leads only to marginal improvements and
that these improvements require only one additional intermediate power mode
between the ”powered off” and ”powered on” modes.
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Related Work

Since the power-aware job placement problem is NP-hard, most authors aim at
designing heuristics. A prevalent technique consists in designing workload consolidation techniques so as to use a limited number of nodes, possibly relying on
job migration. In [18, 22], nodes are powered off when not used, and job placement decisions attempt to power a node back on only when absolutely necessary.
Similarly, Hoyer et al. [16] propose statistical allocation planning for resource allocation while maintaining each job over a certain threshold on performance
reduction. Others use various techniques to make online resource allocation decisions, leading to consolidation of jobs to a minimal set of nodes [17, 20, 15, 2].
In addition to workload consolidation, it is possible to tune the hardware configuration of cluster nodes. For instance, users can specify that some hardware
components can be slowed down or powered off for particular jobs [7]. More
generally, the use of DVFS has been proposed in conjunction to workload consolidation techniques [9, 21]. In the context of parallel applications, DVFS has
also been proposed as way to exploit and mitigate load imbalance and communication delays for the purpose of power consumption reduction [13, 10]. Note

that, like in this work, several authors have formulated various classes of poweraware job placement problems as linear programs [1, 21, 4]. But, to the best of
our knowledge, no work to date has exploited such formulations to quantify the
theoretical added benefit of using DVFS-enabled nodes.

3
3.1

Power-Aware Job Placement with DVFS
Problem Statement

We define the problem using [23] and [5] as foundations. We consider a cluster
with H nodes, or hosts, and N jobs that must be placed and allocated resources
on those hosts. Each job must be placed on exactly one host. We consider a static
workload: no job enters or leaves the system and job resource needs are constant.
Sound static job placement provides a good basis for job placement in the case of
(more realistic) dynamic workloads. For instance, a static resource allocation can
be recomputed periodically to account for changes in the workload. Alternately,
a resource allocation can be recomputed for each job arrival/departure.
As in [23], which does not consider power consumption, we consider that
hosts provide resources along an arbitrary number of resource dimensions (e.g.,
CPU time, RAM space, network bandwidth, disk space). Jobs have resource
needs along the resource dimensions provided by hosts. We consider two kinds
of resource needs: rigid and fluid. A rigid need denotes that a resource allocation
is required. The job cannot benefit from a larger allocation and cannot operate
with a smaller allocation. A fluid need specifies the maximum resource allocation
that the job could use if alone on a reference host. The job cannot benefit from
a larger allocation, but can operate with a smaller allocation at the cost of
reduced performance. All that follows assume a single, reference host. A job
could have two rigid needs: it could require 50% of the host’s RAM and 20%
of the host’s disk space. The job could have two fluid needs: it could use up to
40% of the host’s network bandwidth and up to 60% of the host’s CPU time.
In this example, the job cannot use both resources fully, for instance because of
interdependence between I/O and computation. While not true in all cases [8], for
simplicity we assume that rigid resource needs are completely independent from
fluid resource needs (and from each other). Job resource needs can be discovered
via benchmarking[24], analytical models [14], or runtime discovery [26, 6].
Our metric for quantifying the performance of a particular job placement and
resource allocation is the scaled yield [23]. For each fluid resource need the yield
is defined as the ratio between the resource fraction allocated and the maximum
resource fraction potentially used. For instance, if a job has a fluid CPU need of
60% but is allocated only 42% of the host’s CPU, then the yield is 42/60 = 0.7.
Following the same rationale as in [23], we assume that the utilizations of all
resources corresponding to the fluid needs of a job are linearly correlated. For
the previous example, if the job were to be allocated only 20% of the host’s I/O
bandwidth (i.e., half of what it could potentially use), then it would use only
30% of the host’s CPU (i.e., also half of what it could potentially use). The yield
of a job is thus identical for all its fluid needs. We thus simply refer to the yield

of a job, which takes values between 0 and 1. A job can, however, specify a QoS
requirement as a minimum acceptable yield value. For the earlier example, the
yield could be constrained to be higher than 0.4, which means that the CPU
fraction allocated to the job would be at least 0.4 × 60% = 24%. The scaled
yield of a job is then defined as:
scaled yield =

yield − minimum yield
.
1 − minimum yield

(1)

The scaled yield of a job thus takes values between 0 and 1. The objective is
to maximize the minimum scaled yield over all jobs to optimize both aggregate
performance and fairness among jobs [23]. Note that maximizing the average
scaled yield is prone to starvation, as seen in [19] in the context of stretch
optimization. However, in [23] a second optimization phase is used to maximize
the average scaled yield while maintaining the previously maximized minimum
scaled yield. The same approach could be used in this work as well.
As in [5], which studies power-aware job placement but considers only two
resource dimensions, we assume that each host consumes power depending on
utilization of its resources. Unlike [23, 5], we consider that each host provides
DVFS capabilities. More specifically, it is possible to reduce the power consumption of a host by reducing the capacity of one or more of its resources (e.g.,
lowering the number of CPU cycles per seconds by lowering the clock rate). Unlike [23, 5], we allow for heterogeneous hosts. We quantify power consumption
of the system as the sum of the power consumptions of all hosts, accounting for
the load imposed on each host.
When faced with two distinct objectives (i.e., maximizing yield and minimizing power consumption) one possibility is to optimize a linear combination
of them. This approach, albeit commonplace, is problematic because the coefficient of the linear combination must be chosen by the user, and also because the
obtained solution is not guaranteed to be Pareto optimal. Instead, we consider
two separate single-objective optimization problems:
1. BoundedPower: Maximize the minimum scaled yield given an upper bound
on power consumption (i.e., a power budget).
2. BoundedYield: Minimize the power consumption given a lower bound on
the minimum scaled yield (i.e., a performance budget).
3.2

Problem Formulation

In this section we formalize both optimization problems introduced in the previous section. We consider H hosts providing a d-dimensional resource and N
jobs that must be placed on these hosts. Each host h can operate in nvh ≥ 2 distinct power modes. Each power mode corresponds to a different tradeoff between
the resources available from the host and its power consumption. We ignore the
overhead of modifying a host’s power mode, including powering it on and off. In
power mode k, host h provides a capacity fhjk for resource dimension j. Rather
than quantifying fhjk with absolute resource-specific units, we use a relative
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Fig. 1. Optimization constraints.

measure so as to easily account for heterogeneous hosts and/hosts in different
power states. For resource dimension j, we identify the maximum resource fraction provided by any host in any power state in the platform. All fhjk values
are taken relative to this maximum and are thus between 0 and 1. For all h and
j, fhj1 is zero, meaning that the first power mode for each host corresponds to
being powered down. Job i’s resource need along dimension j is denoted by rij
and is relative to the aforementioned maximum. Furthermore, we define δij to
be 1 if job i’s resource need in resource dimension j is rigid, and 0 if the need is
fluid. The minimum yield required by job i, i.e., its Quality Of Service requirement, is denoted by ŷi . Finally, the power consumption of host h in power mode
k due to resource dimension j is given by a function P owerhjk (x), where x is the
total resource usage in this resource dimension due to jobs placed on the host.
To formulate both our job placement problems as constrained optimization
problems we define the following variables: (i) Y is a rational variable that quantifies the minimum scaled yield over all jobs; (ii) E is a rational variable that
quantifies the power consumption of the platform; (iii) phk is a binary variable
that is 1 if host h is in power mode k, and 0 otherwise; (iv) eihk is a binary
variable that is 1 if job i is placed on host h in power mode k, and 0 otherwise;
(v) yihk is a rational variable which quantifies the yield of job i on host h in
power mode k; and (vi) wihjk is a rational variable which quantifies the resource
usage due to job i on host h in power mode k for resource dimension j.
We can now write the set of constraints shown in Figure 1, where i ∈ 1, . . . , N ,
h ∈ 1, . . . , H, j ∈ 1, . . . , d, and k ∈ 1, . . . , nvh . Constraint 2 states that a host
operates in a single power mode. Constraint 3 states that a job can only be
placed on a single host (which operates in a given power mode). Constraint 4
states that a job cannot be placed on a host that is powered down. Constraint 5
states that a job can only be placed on a host in a particular power mode if this
host operates in this power mode. Constraint 6 states that the yield of a job
can be non-zero only on the host (and its given power mode) on which the job
is placed. Constraint 7 defines the resource usage wihjk , which is non-zero only

if job i is placed on host h that operates in power mode k. For a rigid resource
need (δij = 1) the resource usage is equal to the job’s resource need, while for a
fluid need (δij = 1) the resource usage is scaled by the job’s yield. Constraint 8
states that the resource usage on a host in a given power mode does not exceed
the corresponding resource capacity. Constraint 9 simply states that, for each
job, the minimum scaled yield, Y , is lower that the job’s scaled yield. Finally,
Constraint 10 states that the total power consumption of the platform is equal
to the sum of the power consumption on all hosts (in their respective power
states) along all resource dimensions. One can now formalize BoundedPower
as maximizing Y subject to the constraints in Figure 1 with an additional E ≤
Emax constraint. Similarly, BoundedYield consists in minimizing E subject
to the constraints in Figure 1 with an additional Y ≥ Ymin constraint.
In this work we make the simplifying assumption that the power consumption
of a host is entirely driven by the power consumption of its CPU, i.e., along a
single resource dimension. While it would be straightforward to incorporate other
sources of power consumption in our problem formalization, models need to be
developed for the corresponding P owerhjk () functions. In fact, it could very well
be that the power consumption of the different resources are not independent, in
which case a single P owerhk function that models power consumption given the
d resource usages on host h in power mode k. For now, given that such models
are not available and that the CPU does account for a large fraction of a host’s
dynamic power consumption, we assume the P owerhjk () always returns 0 for
j 6= 1. Arbitrarily choosing that the CPU resource dimension corresponds to
j = 1, we define
prop
min
P owerh1k (x) = Chk
+ Chk
×x,
min
where Chk
is the power consumption of host h in power mode k when idle, and
prop
min
Chk denotes the proportional increase in power consumption over Chk
due to
a CPU load x (i.e the dynamic power consumption). This load is expressed as
fraction of the maximum possible number of CPU cycles executed per time unit
by a host, over all hosts in all their power states. This model and assumptions
were experimentally shown close to real clusters power consumptions [11, 25].
All constraints in Figure 1 are thus linear, and both optimization problems are
thus MILPs. One can use a linear solver to compute exact solutions for small
instances. For larger instances, one can relax the binary variables (eihk and phk )
to take rational values between 0 and 1. The obtained solution is generally not
feasible in practice, but provides an optimistic bound on the optimal. Note that
for resources other than the CPU, the power consumption model may not be
linear, in which case the theoretical approach used in this work would not apply.
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DVFS/DFS Model

prop
min
In our problem definition a host h is fully specified by Chk
, Chk
, and fh1k ,
for k = 1, . . . , nvh . In this section we explain how we instantiate these values so
as to generate problem instances that are representative of real-world platforms.
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Fig. 2. Left: C min and C max = C min + C prop (in Watts) vs. operating frequency (in
MHz). Right: cubic fit on the 1800MHz-2600 frequency range (in MHz).

Several authors have investigated the modeling of power consumption as a function of the frequency-voltage of the processor, which is correlated to compute
speed. Following [12], Dynamic Frequency Scaling (DFS), or T-States, allows for
running the processor at different frequencies. Dynamic Voltage and Frequency
Scaling (DVFS), or P-States, allows for reducing both frequency and voltage,
leading to better savings than DFS. Combined DVFS+DFS consists in applying
DFS to the lowest power consumption mode available in DVFS.

The most comprehensive processor power consumption study to date is the
one in [12]. The authors develop models that relate compute speed to power
settings. The derived models are linear for DFS and DVFS, and cubic when
both techniques are combined. While these models give power consumption as
a function of the frequency, they say nothing regarding the evolution of the
minimum and/or maximum power consumption at different frequencies. Consequently, we experimented on a real-world platform (AMD bi-processors dual-core
in the Grid5000/Toulouse [3] platform) and we measured values for C min (when
hosts are idle) and C max = C min + C prop (when processors run cpuburn) at the
6 available operating frequencies on these hosts so as to generate representative
problem instances. Results were consistent across hosts. Figure 2 shows result for
one host corresponding to the case when DFS and DVFS are combined, which is
what is assumed in all experiments hereafter. The frequency ranges from 1Ghz
to 2.6Ghz, and C min and C max range from 127 Watts to 210 Watts, as seen in
the graph on left-hand side. As in [12] we generate a cubic model for C min and
C max from the experimental data, as seen in the graph on a right-hand side.
The model is accurate on the 1.8GHz-2.6GHz range, which is the range used in
all experiments hereafter. Using this model, and given a number of power modes
and a frequency range, we can thus generate representative problem instances.

5
5.1

Numerical Results
Experimental Methodology

We generate sets of problem instances for BoundedPower and BoundedYield
as follows. We generate instances with either H = 4 hosts (“small” instances for
which we can compute the optimal solution) and H = 32 hosts (“large” instances). Given that our goal in this work is solely to investigate the effect of
DVFS on job placement, we generate problem instances in which hosts provide
only a CPU resource, for which jobs express fluid resource needs. Adding other
(rigid) resources would complexify the job placement problem (i.e., in terms of
bin packing) but have little impact on the bound on optimal we compute. Each
host in the platform can be configured in the same number of power modes
(i.e., nv = nvh does not depend on h). We use nv ∈ {2, 3, 4, 6, 8, 10, 15, 20} for
our instances, thus spanning the range from hosts that provide only two power
modes (on and off) to hosts that allow for a fine-grain trade-off between compute
speed and power consumptions. Although our problem formulation allows for
heterogeneous hosts, we found that conclusions regarding the utility of DVFS
are identical for homogeneous and heterogeneous platforms. Consequently, we
only present results obtained for homogeneous platforms hereafter as the experimental scenarios are much simpler. Rather than picking a number of jobs N , we
instead pick a load factor α and generate the smallest number of N random jobs
such that the sum of their CPU resource needs is greater than or equal to α × H.
For instance, α = 2 corresponds to a scenario in which the platform is underprovisioned by (slightly more than) a factor two. For small instances (H = 4),
we pick α between 1.0 and 1.5, while for large instances (H = 32), we pick α
between 1.0 and 3.0. Job CPU needs, numbers between 0 and 1, are picked randomly using a truncated Gaussian distribution of mean 0.5. QoS requirements
are set to 0 for all jobs.
For each instance specification, i.e., a (H, nv, α) triplet, we generate 100
random host and job specifications. We then generate a BoundedPower instance and a BoundedYield instance. For the BoundedPower instance, we
constrain E to be below a fixed value. This fixed value is half of the power consumption obtained when placing jobs on hosts using a simple greedy algorithm
(place the next job on the least loaded processor). For the BoundedYield instance, we arbitrarily constrain Y to be above 0.5. For each problem and for
all instances we compute the solution of the relaxed MILP, which we denote
by LPBound. For small instance, we compute the optimal solution, which we
denote by Milp. We use the open-source GLPK linear solver to compute these
solutions on an 3.2GHz Intel Xeon processor. We arbitrarily set a timeout value
to 10 minutes and declare an instance not solvable if the timeout is exceeded.
5.2

Results for Small Instances

In this section we discuss results obtained on small instances. Our main objective
here is to quantify the difference between Milp and LPBound. Figure 3 plots
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Fig. 3. Percent relative difference between LPBound and Milp vs. nv. Left-hand side:
BoundedPower; Right-hand side: BoundedYield.

the average percentage difference between LPBound and Milp computed over
successfully solved problem instances as the number of power modes increases,
for small BoundedPower instances (left-hand side) and small BoundedYield
instances (right-hand side). Each graph contains three curves, one for each value
of α = 1.00, 1.25, 1.50. The number of successfully solved instances out of the
100 generated instances is indicated in the legend. As expected, as α increases
the number of solvable instances decreases since the number of optimization
constraints increases. For BoundedPower, we see that LPBound is at most
about 11% away from Milp. Interestingly the results for BoundedYield show
a different pattern, with the relative different dropping sharply as nv increases.
Regardless, in both cases, the relative difference is below 10% for large values
of nv. It is these large values that are particularly relevant in this work since
they correspond to scenarios in which hosts provide extensive DVFS capabilities.
We conclude that LPBound tracks the Milp solution well for small instances.
For large instances Milp cannot be computed, but we contend that a better
LPBound value (i.e., higher for BoundedPower, lower for BoundedYield)
is a strong indication of an opportunity for a better Milp value.
5.3

Results for Large Instances

Table 1 shows results for the averages and standard deviations of the percentage
relative improvement of LPBound with nv = 3 over the case nv = 2 (i.e., no
DVFS), both for BoundedPower and BoundedYield. Each row of the table
corresponds to a particular α value, and percentage relative improvements are
computed between two instances that are completely identical but for the nv
values (i.e., they have the exact job sets). The table does not show any results
for nv > 3 because results are identical to the nv = 3 case for all successfully
solved instances. Our first important conclusion is thus that configuring hosts in
more than 3 power modes does not lead to improved LPBound values.
For the BoundedPower problem, we see that α has no impact on the result. This is because LPBound is computed as the solution to a relaxed MILP,

Table 1. Average relative percentage LPBound improvement for nv = 3 instances
over nv = 2 instances, for the BoundedPower and BoundedYield problems, and
percentage of successfully solved instances. Standard deviations are in parentheses.
BoundedPower
BoundedYield
α
% imprvmnt % success % imprvmnt % success
1.00 12.14 (8.43e-4)
100
10.83 (1.60e-7)
100
1.25 12.14 (1.05e-3)
100
10.83 (1.45e-7)
100
1.50 12.14 (1.25e-3)
100
9.59 (1.39)
100
1.75 12.14 (1.46e-3)
100
5.02 (1.40)
100
2.00 12.14 (1.53e-3)
100
1.85 (1.11)
88
2.25 12.14 (1.78e-3)
100
0.50 (0.36)
9
2.50 12.14 (2.07e-3)
100
n/a
0
2.75 12.14 (2.07e-3)
100
n/a
0
3.00 12.14 (2.56e-3)
100
n/a
0

meaning that jobs are considered perfectly divisible. In this case, the platform
can be conceptually considered as a single host whose compute capacity is simply bounded by the constraint on power consumption E. Changing the α value
simply amounts to scaling the yield of all jobs, meaning that the percentage
difference between two solutions with different nv values does not change. The
situation is different when solving BoundedYield. First, as α increases, GLPK
fails to compute solutions. In some cases, these errors are due to 10-minute
timeouts, likely due to the fact that the objective function is more complex than
for BoundedPower. In other cases, the instances are not solvable, simply because job yields are bounded below by the constraint on the minimum scaled
yield. Regardless, a more important observation is that the relative percentage
improvement of using nv = 3 power modes over using nv = 2 power modes decreases as α increases. This is because a larger α implies a higher computational
load on the system, which must be accommodated by configuring hosts in higher
power modes (while staying within the power consumption budget if possible).
Consequently, intermediate power modes are used increasingly less frequently in
highly loaded scenarios and DVFS is increasingly less useful.

6

Conclusion

We have extended an existing formulation of the power-aware job placement
problem proposed in the literature so that it accounts for cluster nodes that
have DVFS capabilities. This formulation is a Mixed-Integer Linear Program,
which makes it possible to compute a bound on the optimal solution, and relies
on a DVFS model that we have instantiated based on a real-world platform.
We have shown on small problem instances that the bound is reasonably close
from the optimal solution, thereby indicating the the bound is likely a good
indicator of the optimal. For large instances, in which case the optimal cannot
be computed in a feasible amount of time, our main results can be summarized
as: (i) using nv > 3 DVFS power modes never leads to improved LPBound

values; (ii) using nv > 2 power modes leads to marginal improvements (< 15%)
when solving BoundedPower; (ii) using nv > 2 power modes leads to lower
improvements (< 11%) when solving BoundedYield, and the improvement
decreases quickly as the compute load increases. Assuming that LPBound is
a good indicator of the optimal, our overall conclusion is that DVFS is at best
marginally useful, and that only one intermediate power mode between ”on”
and ”off” is needed.
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