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Abstract—The energy-performance optimization of datacenters
becomes ever challenging, due to heterogeneous workloads featuring different performance constraints. In addition to conventional
web service, MapReduce presents another important workload
class, whose performance highly depends on data availability/locality and shows different degrees of delay sensitivities,
such as batch vs. interactive MapReduce. However, current
energy optimization solutions are mainly designed for a subset
of these workloads and their key features. Here, we present
an energy minimization framework, in particular, a concave
minimization problem, that specifically considers time variability,
data locality, and delay sensitivity of web, batch-, and interactiveMapReduce. We aim to maximize the usage of MapReduce
servers by using their spare capacity to run non-MapReduce
workloads, while controlling the workload delays through the
execution of MapReduce tasks, in particular batch ones. We
develop an optimal algorithm with complexity O(T 2 ) in case
of perfect workload information, T being the length of the time
horizon in number of control windows, and derive the structure of
optimal policy for the case of uncertain workload information. In
particular, we resort to techniques of Markovian Decision Process
(MDP) and devise a throughput optimal scheduler supporting the
scheme. Finally, using extensive simulation results, we show that
the proposed methodology can efficiently minimize the datacenter
energy cost while fulfilling the delay constraints of workloads.

I. I NTRODUCTION
Datacenters are standard IT (Information Technology) platforms, which consume a significant amount of energy to host a
wide variety of conventional and emerging workloads, such as
web services vs. MapReduce, featuring different performance
requirements and workload characteristics. Typically, web
services interact with clients, who require stringent response
times and thus real time processing. To guarantee the throughput of large-scale data processing, MapReduce/Hadoop [1] is
a simple yet powerful framework to process large amounts
of data chunks organized in distributed file systems, e.g.,
Hadoop Distributed File Systems (HDFS). Moreover, with the
recent adoption of MapReduce alongside real time queries [2],
[3], MapReduce workloads evolve from traditional throughput
sensitive batch jobs to increasingly delay sensitive interactive
jobs, such as Sparks [4] on stream processing, Natjam [5] on
batch, and BlinkDB [6] on interactive queries. Energy-aware
resource allocation for such a diverse set of workloads is thus
ever challenging, and unfortunately existing solutions are often
designed for a subset of these three workload types.
As web and service workloads show strong time-varying
behaviors, dynamic sizing of the datacenter [7] by controlling
the number of active servers is shown effective to minimize
energy. To better utilize the equipped capacity and benefit from

time-varying power supply, consolidating and delaying the
execution of data intensive applications during web workload
low load periods can further harvest significant cost savings for
datacenters [8], [9]. However, the issues related to data locality
of MapReduce workloads are unfortunately often overlooked
or over simplified.
To simultaneously address data availability and energy
minimization, dedicated MapReduce clusters leverage two
types of control knobs independently, i.e., the fraction of ontimes of the entire cluster and the fraction of on-servers at
each time period. On one hand, clusters delay the execution
of batch MapReduce jobs, such as Google index computation [10] or bank interest calculation, to process them on the
entire cluster [11], depending on the energy price or other
workload demands. As such, the maximum degree of data
locality is guaranteed minimizing execution time and energy
consumption. On the other hand, motivated by the practice of
duplicating data chunks (usually by a factor of three [12]),
a few solutions modify the underlying file system so that a
fraction of servers, e.g., one third of the servers [13], are
always available and contain one copy of all the data chunks.
Nonetheless, unavoidable delay can incur in both solutions and
this is not acceptable for interactive MapReduce. Beamer [3],
specially designed for interactive MapReduce systems, shows
promising energy savings by serving interactive MapReduce
on a subset of servers all the time and batching MapReduce on
the entire cluster once a day. However, it is not clear how one
can dynamically execute(delay) the MapReduce workloads on
allocated servers so to achieve the optimal tradeoff between
data locality and energy efficiency.
In this paper, we address the question how to minimize
energy consumption of executing web applications, batch
MapReduce, and interactive MapReduce, considering their
distinct workload characteristics, i.e., time-variability and data
locality, and different performance requirements, i.e., throughput vs. delay. The system of interest is composed of web
servers and dedicated MapReduce servers where a distributed
file system is deployed. As our aim is to design a non-intrusive
solution, i.e., not to modify the underlying file systems, we
propose to keep all MapReduce servers on at all times so that
data availability is ensured. In order to minimize the energy
consumption of the entire system, i.e., total number of on
servers, we try to execute all three types of workloads on
MapReduce servers only as to size the web cluster as small as
possible. In particular, we consider two control variables over
discrete windows: delaying the execution of batch MapReduce

and allocating a fraction of MapReduce servers for batch and
interactive workloads. We employ dynamic programming to
derive the optimal decisions, and simulation to evaluate the
proposed solutions under various workload scenarios.
Formally, we formulate an energy minimization problem
over a discrete horizon, constrained on different degrees
of delay in batch and interactive MapReduce – a concave
minimization problem. The specific control variables are the
number of servers for MapReduce workloads and the amount
of batch MapReduce per control window, which thus specifies
the amount of batch jobs to be delayed. We tackle this problem
by considering two scenarios, i.e., perfect workload and uncertain workload information. Assuming perfect knowledge on
all three types of workloads, we develop an algorithm, which
can efficiently achieve the optimal solution with a complexity
of O(T 2 ), where T is the number of control windows. To
deal with workload uncertainty in real systems, we resort
to finite Markovian Decision Process (MDP) for modeling
a certain length of optimization horizon, e.g., one day. We
show the special properties of the optimal policy which can
be used for analyzing the tradeoffs between the optimal solutions and workload characteristics. We devise a data-locality
aware scheduler to support our system which overcomes two
limitations of [14], i.e., throughput stability in the overload
region and task prioritization support. Finally, we build an
event driven simulator to empirically prove the throughput
optimality of the scheduler and to evaluate the proposed
algorithms under different workload scenarios, in comparisons
with simple algorithms that overlook the data locality and
delay sensitivity of batch and interactive MapReduce.
Our specific contributions can be summarized in the following. To minimize the energy cost of executing delay
and throughput sensitive applications, we consider important tradeoffs among crucial parameters, i.e., data locality,
time-variability, and delay sensitivity, of web applications,
batch MapReduce and interactive MapReduce. We are able
to dynamically and optimally determine the fraction of batch
MapReduce workloads to be delayed by allocation of number
of MapReduce servers, via analytical constructions, as well as,
event driven simulations under various workload scenarios.
The outline of this work is as follows. Section II provides an
overview of the system and a formal definition of the problem
statement. The algorithm for perfect workload information
is detailed in Section III. We present MDP solutions in
Section IV. Section V details the new data-locality-aware
scheduler and its empirical proof of throughput optimality.
Simulations results are discussed in Section VI. Section VII
compares related work, followed by summaries and conclusions in Section VIII.
II. W ORKLOAD , S YSTEM A RCHITECTURE AND P ROBLEM
S TATEMENT
In this section, we describe the workload characteristics,
system architecture and assumptions considered and formally
present the problem statement.

A. Workload and System
The system hosts three types of workloads: web applications, batch MapReduce, and interactive MapReduce, characterized by different degrees of data locality, time variability,
and delay sensitivity. Their proprieties are determined by their
sensitivities to the latency and the resulting priority order is
web, interactive MR, followed by batch MR. In terms of data
locality, both types of MapReduce workloads require data
access to the distributed file system hosted across the MapReduce servers. Web applications and interactive MapReduce
are very sensitive to delay and have priority to be executed
immediately with sufficient server capacity. On the contrary,
batch MapReduce is latency insensitive and its execution can
be delayed. As for time variability, web service workload types
are known to have regular time varying patterns.
The high level schematic of the system architecture is
depicted in Figure 1. We consider two types of management
modules, namely controller and scheduler, which manages the
number of nodes for different workloads and the scheduling
decision, respectively. When different tasks from different
workloads arrive at the system, they are immediately sent to
the scheduler, which can employ different scheduling policies
using different queue structures. Tasks are then scheduled on
servers, according to their types. We design a locality aware
scheduling policy, which can specifically deal with transient
overloads when the number of available of servers is low.
To control the server allocation for three workloads, we
consider a time slotted system model with each control window of length τ . The decisions are made at the beginning
of each control window. We use λi,t to denote the task
arrival rates of type i ∈ {w, b, c} workloads at time period t,
where w, b, c represent web, batch MapReduce, and interactive
MapReduce. We assume task arrival rates of both MapReduce
are drawn from geometric distributions. Moreover, we assume
the average execution rate per task is µi , i ∈ {w, b, c}. As for the
performance constraints, web workloads need to satisfy certain
response time targets, where batch and interactive MapReduce
tasks just need to be completed within certain periods of time,
such as a day vs. control window.
As web workloads have no dependency on the file system,
we assume web workloads can be executed on both web and
MapReduce servers. We further assume that the interferences
between CPU-intensive web applications and IO-intensive
HDFS are negligible. Therefore, the number of active web
servers can be dynamically sized depending on the workload
demands. On the contrary, to ensure 100% data availability and
achieve energy saving, we propose that all MapReduce servers
are kept on and allocated to the three types of workloads, when
deemed appropriate. Moreover, due to the concern of interferences between web and MapReduce workloads [15], [16], we
do not co-execute on the same server. Essentially, there are
mt and mt′ number of servers dedicated for MapReduce and
web workloads, respectively. Among mt servers, interactive
MapReduce tasks have higher priority over batch MapReduce
tasks. The decisions of mt and mt′ are based on the workload
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Fig. 1. High level system schematic. The controller takes as input the
workload characteristics and outputs dynamic server allocation decisions for
the three types of workloads; the scheduler then dispatches tasks according
to different scheduling policies onto the lower level.

demands and performance constraints. Consequently, the total
number of active servers is max{mt + mt′ , M}. One can thus
write the energy cost for the entire cluster for control windows
{1 . . .t . . . T } as
T

∑ K · max{mt + mt′ , M},

0.8

γ=1
γ=3
γ=5
α=1

(1)

t=1

where M is the total number of servers in MapReduce cluster,
T is the number of time windows, and K is the unit energy
cost per on/active server. Note that we assume the energy cost
of off/inactive servers to be zero.
B. The Data Locality
Data locality defines that a task can find a copy of data on
the local execution machine instead of getting the data from a
remote machine. Denote the average execution time of a task
using local copy by 1/µ . The execution time of using remote
copy is much higher, here, assumed by a slowdown factor
of α , i.e., µ1 ∗ α . Note that we assume batch and interactive
MapReduce tasks have the same average execution time, i.e.,
µb = µc = µ , since in MapReduce, large jobs will be divided
into small tasks and each task will deal with a constant amount
of data, e.g., 64 MB by default in Hadoop. To estimate the
throughput of MapReduce, it is very important to know the
probability of tasks being executed with local data, denoted as
Pl .
Following the common practice of data replication in
MapReduce clusters, we assume a data chunk to have γ replica,
1 ≤ γ ≤ M. Given an allocation of m MapReduce servers, the
probability of finding at least one local copy within the m
servers can be computed as one minus the probability that no
local copy is found, i.e.:
(M−γ )
γ −1
M−m−i
m
Pl (m) = 1 − (M
.
) = 1− ∏
M−i
i=0
m
Pl(m) is always equal to 1 when γ > M − m, because one
can find at least one replica among any m number of servers.

As a function of m, Pl (m) can change in every control window,
as the number of allocated MapReduce servers, mt , changes
in time with workload demands. We further note here that
Pl (m) is an upper bound, assuming the underlying scheduler
is always able to schedule the task on the server having a
local copy. We devise a scheduler satisfying this assumption
in Section V.
Assume each control window to have length τ , one can
estimate the MapReduce throughput (in units of tasks per
control window) of a server being
τ
(2)
X(m) = P (m) 1−P (m) .
l
l
µ + µ /α
Note that as Pl (m) is an upper bound, the throughput presented
here is also an optimal case, assuming optimal scheduling.
Putting it all together, the MapReduce optimal throughput of
the entire system is m·X(m), which can be achieved by locality
aware scheduler [26]. We provide a numerical example to
illustrate how MapReduce throughput changes with the number of allocated MapReduce servers under different replication
factors γ in Figure 2, where the cluster has 1000 nodes. From
the figure one can see that the throughput of one server, i.e.,
X(m), is increasing in m, since the data locality improves as
m increases. However, the real throughput is smaller than the
optimal case and it depends on the scheduler. When developing
the controller of server allocation, we assume that there exist
the locality-aware schedule, which can sustain the optimal
throughput of m servers, i.e., f (m) = m · X(m).
C. Problem Statement
Our objectives here are two folds: (1) how to minimize
the energy cost of the entire system, under the assumption
of achieving the optimal locality/throughput, and (2) how to
design a scheduling policy that achieves the optimal locality
and throughput shown in 2. Here, we focus on deriving
the formal presentation of the first problem. The system of
interest consists of all MapReduce servers and fraction of web
servers. Two control variables are mt and mt′ , that aim to to
fulfill MapReduce deadlines and web target response times.
To capture the web target response times, we resort to simple
M/M/mt′ queuing model [17], i.e., find a minimum mt′ , such

that response time Rw,t under the arrival rate of λw,t and the
service rate of µw is below the target,
Rw,t =

C(mt′ , λw,t /µw )
1
+
≤ R∗ , ∀t ,
′
mt µw − λw,t
µw

(3)

where C is the Erlang C Formula. Since we can derive the
threshold for mt′ from analytical model, here we consider mt′
as a function of λw,t .
As for interactive MapReduce, we require that MapReduce
servers allocated in each control window are enough to serve
incoming interactive MapReduce workloads, i.e., f (mt ) ≥ τ ·
λc,t . And, for batch MapReduce tasks, they can be delayed by
multiple control windows. Denote rt as the aggregate residual
batch tasks at the beginning of control window t, we have
r1 = 0, and
rt+1 = (rt + τ · λb,t − ( f (mt ) − τ · λc,t )+ )+ , t = 2, . . . , T , (4)
which means that interactive tasks (τ · λc,t ) have higher priority
to be served, and batch tasks (rt + τ · λb,t ) take the remaining
capacity ( f (mt )).
In our problem, we specifically consider τ = 30 minutes as
one control window and one day as the horizon of our problem,
i.e., T = 48. And we set the end of the day as the deadlines
for all batch MapReduce tasks. The formal presentation of our
problem is:
T

min
mt

s.t.

∑ K · max{M, mt + mt′ } ,

t=1

f (mt ) ≥ τ · λc,t , ∀t ,
rT +1 = 0 , 0 ≤ mt ≤ M, ∀t ,
constraints (3), (4) ,

(5)

In each control window, the interactive MapReduce workloads determine the minimum number of mt , while the flexibility of mt comes from the delayable MapReduce tasks.
III. C ONTROLLER
In this section, we describe two controlling algorithms that
determine the allocation of servers to web and MapReduce
workloads, and the execution timing of batch MapReduce.
The first algorithm is kind of off-line approach, based on
perfect workload information in the future. To deal with
workload uncertainty in the real life, we develop a MDP-based
algorithm, via Markove Decision Processes. We term them PK
and MDP algorithms in the remainder of the paper.
A. PK Algorithm
Assuming we have perfect knowledge of the future, namely,
we know all the parameters (λb,t , λc,t , λw,t ) at the beginning
of time. Since the data locality improves as m increases, we
assume f (m) to be a convex and strictly increasing function.1
Further, we assume the MapReduce cluster has enough servers
1 Notice that with γ ≥ 3, the optimal throughput function is non-convex.
However, it can still be approximated by a convex function quite well, since
its second order derivative keeps increasing in most part of the feasible regions
when m is not close to M.

Algorithm 1 The Optimal Off-line Algorithm
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:

for t from 1 to T do
bt ← τ · λb,t
ct ← τ · λc,t
end for
for v from 1 to T do
if cv < lv then
for u from v to 1 do
∆ ← min{bu , lv − cv }
if ∆ > 0 then
bu ← bu − ∆, cv ← cv + ∆
end if
end for
end if
cv ← l v
end for
for u from T to 1 do
while bu > 0 do
v ← argmaxt {ct | t ≥ u, ct < A} 2
∆ ← min{bu , A − cv }
bu ← bu − ∆, cv ← cv + ∆
end while
end for
for t from 1 to T do
mt ← ct
end for

◃ Stage One

◃ End of Stage One
◃ Stage Two

◃ End of Stage Two

to finish all the batch tasks within one day. Otherwise we
should simply provision more servers to serve the workload,
which is not the main focus of our work.
This optimization problem can be transformed to a concave
minimization problem [18], [19], which is to minimize a concave objective function. In concave minimization problems,
the local minimum lies on the boundary of the feasible region.
Since there can exist exponential number of local minima with
the increase of the dimensions, traditional deterministic or
randomized non-linear programming solvers cannot solve this
kind of problems, even if we just want a sub-optimal numerical
solution. Concave minimization problems belong to the “hard”
global optimization problems. It has been proved that most
concave minimization problems are NP-hard. Fortunately, our
problem has some special structures, such that we can solve it
optimally using a greedy algorithm, summarized in Algorithm
1, with complexity O(T 2 ). The detailed proof of Theorem 4
can be found in [20].
In the first stage, it greedily allocates the batch workload
bu into some later time t to achieve the throughput lower
bound, lt . In the second stage, it goes backwards over time
while greedily allocating the remaining batch workloads. The
intuitions behind the algorithm. First, line 10 in algorithm
tells us if at some time interactive MapReduce and web
application workloads are not enough to make use of the
whole MapReduce cluster, we should try to look for the batch
tasks arriving no later than that time to fill the residual cluster
capacity, since MapReduce servers can not be turned off. Then,
line 24 tells us that for the remaining batch workloads we
should greedily assign them at the control window which has
already been assigned the largest MapReduce throughput, until
achieving MapReduce cluster capacity. Since the cost function
2 For

argmin/argmax, we always break the tie arbitrarily.

is concave in the amount of admitted MapReduce workload
at , the more we admit, the more energy-efficient we are.
B. MDP Algorithm
The optimal algorithm in the previous subsection requires
perfect knowledge about the future, since it solves the problem
backwards over time. However, in the real world, workload
arrivals can often be well modeled as stochastic processes,
often Markovian. Therefore, we apply Markov Decision Process (MDP) approach to optimize the expected energy costs
over finite horizon by dynamic sizing while leaving low-level
fine-grained optimization, e.g., task priority, to the scheduler
(designed in Section ).
1) MDP Formulation: We consider a finite control horizon, e.g., one day, to capture the repetitive patterns of the
workloads. We assume that batch MapReduce tasks have to be
finished by the end of the control horizon. Recall that we have
three types of workload: web services, interactive MapReduce
and batch MapReduce, with task arrival rates λw,t , λb,t and
λc,t , respectively. Here, we assume that the time series of λw,t ,
λb,t and λc,t can be modeled as either a Markov process or
a regular pattern (e.g., diurnal pattern) plus some Markovian
noises. We further assume that at time t, we can accurately
predict the arrival rates of this control window, but not the
future.
Without perfect knowledge, we may have unfinished batch
tasks at the end of the last control window, which does not
satisfy the constraint rT +1 = 0 in Problem (5). To make the
problem solvable, we remove this hard constraint and add
a terminal cost term v(rT +1 ) large enough for unfinished
batch tasks as penalty. Intuitively, delaying tasks to the end
of the control horizon should always have a marginal cost
larger than admitting it earlier. In evaluation (see Section VI),
we set a large marginal cost such that the controller will
allocate enough servers to finish almost all the tasks at the
end. Nevertheless, the quality of our solution is thus limited
by such an assumption, i.e., we tend to process the batch MR
more aggressively toward the end of the control horizon and
miss the opportunity to further delay their execution.
Formally, we have:
T

min
mt

s.t.

∑ K · max{M, mt + mt′ } + v(rT +1 ) ,

t=1

f (mt ) ≥ τ · λc,t , ∀t ,
0 ≤ mt ≤ M, ∀t ,
constraints (3), (4) .

2) States, Transition Probabilities and optimality equations:
We define the system state variable at time t as 4-tuple st =
(λw,t , λc,t , λb,t , rt ). One can compute the transition probabilities
from the system equation
st+1 = (λw,t+1 , λc,t+1 , λb,t+1 , (rt + τλb,t − ( f (mt ) − τλc,t )+ )+ ) ,
|
{z
}
rt+1

assuming the conditional probabilities of Pr(λi,t+1 |λi,t ), i ∈
{w, b, c}, are known.

Denote that the optimal cost-to-go function as ut∗ (st ). The
optimality equation is
{
}
∗
′
∗
ut (st ) = min E (K · max{mt + mt , M} + ut+1 (st+1 )|st , mt ) ,
mt

st+1

where mt′ is derived from λw,t , with boundary condition
{
}
u∗T (sT ) = min K · max{mT + m′T , M} + v(rT +1 ) .
mT

(6)
(7)

The backward induction algorithm solves this problem in
O(Lm ·Lλ4 ·T 2 ), where Lm , Lλ are the numbers of discretization
levels for mt and λ ’s, respectively.
If we further assume that the arrival rates (λw,t , λb,t , λc,t )
are stage independent, we can define the system state more
compactly, as the 2-tuple
st = (s1,t , s2,t ) = (rt + τλb,t + τλc,t , max{τλc,t , f (M − mt′ )}).3
The first element represents the total amount of MapReduce
workloads at time t. The second element represents the lower
bound of the allocated MapReduce throughput at time t,
which affects the action space (feasible set of mt ). The system
equation is
{
s1,t+1 = (s1,t − f (mt ))+ + τλb,t+1 + τλc,t+1
,
′
s2,t+1 = max{τλc,t+1 , f (M − mt+1
)}
where mt is the action, and the randomness comes from
λm,t+1 λb,t+1 and λc,t+1 . The optimality equation is the same
as (8) and (9). In each iteration of the backward induction,
before enumerating all possible values of mt , we can reduce
the size of the transition matrix by first computing the joint
distribution of λb,t+1 + λc,t+1 . Thus, with the assumptions of
stage-independent arrival rates, the MDP offers a runtime of
O(Lm · Lλ2 · T 2 ).
3) Optimal Structure: Because of the non-linear cost function, the optimal solution of this problem does not have a
simple structure. It is not guaranteed that the optimal policy
is monotone in λb,t , λc,t or rt , even assuming the stage
independence. However, we show the monotony of the optimal
policy with independently exponentially distributed λb,t and
λc,t 4 .
Theorem 1: Assuming λb,t and λc,t are stage independent
and are sampled from exponential distributions, there exists
an optimal policy increasing in λb,t , λc,t and rt .
Indeed, since the data locality improves as mt increases, at
some point, the optimal action mt∗ begins to increase very
steeply as the arrival rates increase, until reaching M. The
optimal policy is near-threshold based.
We also show that the optimal policy is decreasing in the
arrival rate of web service tasks in any general case:
Theorem 2: An optimal policy decreasing in λw,t exists.
Remark. Numerical examples show that the optimal policy
is near threshold-based with respect to residual batch MapReduce workloads, arrival rates of the interactive/batch MapReduce workloads and web workloads. If there are more residual
3 To

simplify the notation, here we define that f (m) = 0 when m < 0.
of the proofs can be found in Appendix.
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Fig. 4. Scheduler architecture.

batch tasks, higher interactive/batch MapReduce workloads
and lower web workloads, the optimal policy is more likely
to allocate the whole cluster for MapReduce. However, with
less residual batch tasks, lower interactive/batch MapReduce
workloads and high web workloads, the optimal policy is more
prone to allocate as few servers for MapReduce as possible
while ensuring 1) interactive MapReduce tasks are well served
and 2) web workload can make use of the residual servers. It
is worth noting that in most of the numerical experiments the
optimal policy makes extreme decisions similar to “All in or
nothing”, and rarely falls in between.
IV. DATA - LOCALITY- AWARE SCHEDULER
A critical assumption used in our control algorithm described in the previous sections is that the scheduler is able
to achieve the optimal throughput function f (m) based on
the upper bound probability pl (m) of finding at least one
server having a local copy of the data. To achieve this optimal
throughput we consider the scheduler presented in [14], with
several critical enhancements. First, we extend the original
scheduler with priority classes to handle multiple task classes
at the same time. In particular we consider two classes one
for batch (low priority) and one for interactive (high priority)
MapReduce. Second, we address a stability issue of the original scheduler when it is forced to work in the overload region.
This is critical requirement since our system design relies on
temporary overloaded regions to delay the low priority batch
MapReduce tasks. Third, we optimize the scheduler to deal
with time-varying number of servers mt .
The base version of this scheduler from [14] handles one
queue per server S for local tasks5 , denominated Q1 . . . Qm ,
5 For the sake of briefness we refer to tasks accessing local/remote data as
local/remote tasks

plus one for remote tasks, denominated Q, shared across all
servers. These queues are handled through two policies: one
to route a new task when it arrives to the system and one to
schedule the next task to be processed when a server becomes
available. Figure 3 shows the original scheduler in black and
our enhancements in blue.
The original scheduler uses a join-the-shortest-queue policy to route new tasks to either the shared remote queue
or the appropriate available local queue(s), i.e., the queues
corresponding to servers having a local copy of the data.
When a server i becomes available, the original scheduler
uses a max-weight policy which picks the task from either
the associeted local queue Qi or the shared remote queue Q
based on the queue lengths weighted by the inverse of the
associated slowdown factor, i.e., 1 for the local queue and
α for the remote queue. To be able to handle multiple task
classes, we extended the original scheduler with a set of such
queues Q for each priority class p in the system. When a new
task of priority p arrives, it is first routed to the correponding
set of queues Q p based on its priority class and then joins the
shortest queue as in the base version. When a server i becomes
available, the scheduler will first try to dispatch a task from
the highest priority queue set Q p where p = P. If both the
local queue Qip and remote queue Q p are empty the scheduler
will consider the next set of queues in order of decreasing
priority.
The original data-locality-aware scheduler from [14] performs very poorly in the overload region, i.e., arrival rate
greater than departure rate. This can be clearly seen in Figure 4
(a). Our system design however relies on overloaded control
periods to delay the batch MapReduce workload. Indeed, during the periods in which the number of available MapReduce
servers m is set low, the arrival rate exceeds the maximum
available capacity. If m is low, the probability of finding a
local copy Pl (m) is also low and most tasks go to the remote
queue. The problem lies in the max-weight policy which will
mainly dispatch tasks from the remote queue being the longest
causing a system throughput lower than the optimal one. To
overcome the problem we replace the max-weight policy with
a strict-local policy which always serves first the local queue.
Without any control this policy bears the danger of starving
the remote tasks. In our system the controller has the goal and
responsibility to always allocate enough servers to handle the
workload over the time horizon. Temporarily “starving”, i.e.,
delaying, the lower priority batch MapReduce tasks, is part of
our system design.
For the complete system scenario, we include two more
scheduler optimizations to better deal with the transition
between different values of mt . If mt decreases, servers must be
freed up. The scheduler will do so in reverse order of the length
of the local queues, i.e., trying to preserve the servers with
most local tasks. If mt increases, new servers are available. The
scheduler rebalances the remote queue trying to move tasks
from the remote queue to the newly available local queue(s).
To empirically prove that it is possible to achieve the
optimal maximum throughput f (m) assumed in Section II, we

repeat the simulation shown in Figure 4 (a) while varying the
number of available servers. We then evaluate the maximum
achievable throughput by the position of the knee. As a baseline we also consider a simple data-locality-agnostic priority
scheduler. The results are shown in Figure 4 (b). One can
easily see that the maximum throughput of our enhanced strictlocal scheduler basically overlaps with the optimal achievable
throughput, both largely outperforming the locality-agnostic
scheduler. Hereon, our strict-local scheduler will be the default
scheduler.
V. E VALUATION
In this section, we use simulation to compare our optimal
perfect-knowledge (PK) algorithm with our MDP-based algorithm and two dummy allocation schemes referred to as D1
and D2. In each control period, D1 allocates enough servers to
complete the expected MapReduce workload, while D2 uses
a constant allocation based on the average workload over the
whole time horizon.
A. Experimental Setup
We consider a system comprising both a MapReduce cluster
and a web farm of size 1000 and 1800, respectively, over
a 1-day time horizon. At the beginning of each 30 minutes,
the control window size τ , the controller decides how many
servers mt to allocate to both the batch and interactive MapReduce jobs, while the remaining MapReduce servers are used
as web servers. The web workload can not be controlled by
the system and we assume to know the required web servers
mt′ . Both batch and interactive MapReduce tasks are handled
by a priority scheduler which dispatches them to the currently
available servers. To satisfy the different delay requirements
of batch and interactive MapReduce, the scheduler gives strict
priority to interactive MapReduce.
The task service rate is homogeneous across all servers, but
each server checks if the task being served is local or remote,
depending on the data availability. For the latter the service
rate is decreased by a slowdown factor α = 4. Moreover, we
set the unit energy cost per on/active server K = 250 Watt [21].
We consider two workload scenarios. The first scenario uses
geometrical distributed arrival rates for batch MapReduce λb,t
and interactive MapReduce λc,t . The second scenario uses a
day-night pattern where λb,t , λc,t follow a sinusoidal pattern
across the day. This pattern represents better the workloads
monitored in real datacenters. To make the two patterns
comparable, both use the same mean arrival rate across the 24
hours: E(λb,t ) = 20 and E(λc,t ) = 5. All inter-arrival rates and
task execution times are exponentially distributed with mean λ1
and µ = 10s, respectively, Finally, each task is randomly
assigned to a data chunk which is uniformly distributed across
the MapReduce servers with replication factor γ = [1, 3, 5].
We repeat each experiment 50 times and present the mean
values over all repetitions. The resulting confidence intervals
are quite narrow – between +0.25% and -0.25% of the mean
values in all cases except for batch MapReduce response times

which have a maximum confidence interval between +7.8%
and -7.8% of the mean.
B. Energy Saving
The objective of the controller is to minimize the system energy consumption through the number of allocated MapReduce
servers mt . We present the impact of the allocation decisions
taken by different algorithms on the energy consumption in
Figure 5 (a) and (b). As baseline we also present the always
on energy consumption of the whole MapReduce cluster. Note
that the consumed energy refers only to the MapReduce cluster
since the number of web servers is not controlled and adds
23.9 MWh to all scenarios. The figures distinguish between
power used for busy servers and power used for idle servers.
Idle servers are possible because during low load periods
the total workload of MapReduce and web does not suffice
to saturate the capacity of the MapReduce cluster. One can
observe that in both scenarios our schedulers outperform the
baseline by up to 59.3% and the dummy controllers by up to
30.7%. Surprisingly, the MDP controller is not worse than the
PK controller in most cases. The PK controller gains from
its knowledge of the future, but it suffers more from any
randomness-induced deviation due to its open-loop mode of
operation. On the contrary MDP controller might suffer from
the complexity constrained discretization levels, but can react
to system deviations thanks to its closed operation. This is
a welcome result since MDP better adapts to practical use
cases. Finally, one can observe higher energy savings when
increasing the replication factor. A higher replication factor
allows to raise the probability of finding a server with a local
data copy and the achievable throughput. Hence it allows to
diminish the number of servers required to satisfy the same
demand.
C. (Un)Finished Tasks and Its Locality
While energy minimization is the optimization objective,
we still want to satisfy all the requests coming to the system.
Considering again all four controllers and the same scenarios
as in our previous section, we depict in Figure 6 (a) and (b)
the amount of finished tasks over the whole time horizon split
per data locality and type and compare it to the total input
load. One can observe that both the MDP and D1 controllers
are able to almost always complete all the tasks, while PK
and, definitely, D2 lag behind. Here the PK controller really
suffers from its open-loop operation which prevents it to react
to errors in each control period and these errors accumulate
over time. Even if both D1 and MDP controllers succeed,
D1 lacks the energy saving possibilities given by the MDP
controller. Hence, MDP consistently achieves the best trade-off
between energy and finished jobs. In a practical scenario, the
problem of unfinished tasks can be easily treated as additional
workload in the first control period of the new time horizon.
Looking more in detail and comparing the number of
interactive and batch MapReduce tasks, we see that it mostly
reflects the 1 to 4 ratio between the two classes input lambdas.
Only when there are unfinished task this ratio tilts in favor
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of the interactive MapReduce due to their higher priority.
Similarly comparing the amount of local and remote tasks we
observe again the influence of the replication factor. With a
γ = 1 the average local task are 75% which increases to 89%
with γ = 3 and 94% with γ = 5.
D. Response Times
We conclude our evaluation presenting the effect of each
control allocation on the mean response time. These are shown
in Figure 7 (a) and (b) split by interactive and batch MapReduce. Comparing across the two MapReduce classes, we can
easily confim that the priority scheduler is able to allocate
more resources to interactive MapReduce. This results in lower
response times fro interactive MapReduce across all scenarios
even if both classes have the same service demand. Comparing
across the four controllers, the best results are obtained by D1,
followed by D2. Overall the energy minimizing controllers
aim at delaying part of the workload to be able to group it

PK

MDP

D1

D2

and achieve higher energy efficiency. Hence they loose against
D1, which tries to always finish all the workload in each
control window, and D2 which delays only the peak demands.
Even so, PK and MDP succeed in delaying mostly the batch
MapReduce tasks while keeping the interactive MapReduce
delay almost in par with D1 and D2.
VI. R ELATED W ORK
There are plethora of studies aiming to improve energy
efficiency for different types of systems, ranging from conventional web service systems [?], [?], [7], [22] to modern big data
systems [3], [11], [13], [23], such as MapReduce. To minimize
energy consumptions, server resources are dynamically provisioned and workloads are scheduled correspondingly. Thereby,
we summarize the related work in the area of dynamic sizing
and scheduling policies, with special focus on MapReduce
systems.

A. Dynamic Sizing
Dynamic sizing is proven effective for workloads that show
strong time varying patterns, e.g., switching on/off servers for
web services [7], [22]. Due to the issues of data accessibility
of underlying file systems [12] and performance dependency
on data localitydynamic sizing is applied on in a partial
manner. Current work either control the fraction of time
of the entire cluster [11] or the fraction of servers all the
time [13]. On the one hand, to harvest the maximum data
locality, data intensive workloads are batched and executed
together on the MapReduce clusters [3], [11] for certain
duration, often at midnight. On the other hand, another set
of studies [3], [13] leverage the data replication factor (e.g.,
3 replicas per data [10]) and propose the concept of covering
set, which keeps only a fraction of servers on all the time.
Certain modifications on file systems are usually needed.
To address the emerging class of interactive MapReduce
workloads, BEEMR [3] combines the merits of both types
of approaches by partitioning the MapReduce clusters into
two zones, namely interactive and batch. However, how to
optimally (and dynamically) allocate and execute interactive
and batch MapReduce is yet to be discussed. Motivated by
the complimentary performance requirements of service and
data-intensive workloads, another hosts of studies [16] try to
schedule MapReduce workloads according to the dynamics of
web workloads, considering only the batch MapReduce and
(often) overlooking the locality issues. In our prior work [20],
we optimized the dynamic allocation of servers to web and
MapReduce workloads without considering workload uncertainty and locality aware scheduling. All in all, the related
work partially address how to dynamically size the server
resources for executing web, interactive and batch MapReduce
in an energy optimal fashion.
B. Scheduler
The scheduler design is one of central themes for MapReduce. The majority of related work centers on the performance
of particular types, either through the system development
or theoretical framework. A few studies [25] explore the
opportunities of energy optimization for MapReduce, only
using the scheduler without controlling server allocation. On
the one hand, several practical schedulers, in particular priority
ones, are developed for various types of big data applications,
e.g., Sparks [4] on stream processing, Natjam [5] on batch,
and BlinkDB [6] on interactive queries. Wood [16] developed
hybrid scheduler for executing MapReduce and service workloads. On the other hand, Tan et. al. [14] develop scheduling
algorithms, which are shown optimal in achieving perfect
data locality and thus throughput. However, they consider
single type of MapReduce in a stationary environment with
constant number of servers and where the system loads never
saturate. Overall, it is not clear how to design a scheduler
that can consider multiple types of workloads with different
performance and system requirements, i.e., delay tolerances
and data locality, in conjunction with dynamic sizing.

VII. C ONCLUSION AND S UMMARY
This study considers both control knobs of dynamic sizing and scheduling policies simultaneously, for three types
of workloads: web service, batch MapReduce and interactive MapReduce. We are able to achieve minimum energy consumption by allocating optimal servers across the
three types of workloads, factoring their data locality, delay
constraints, and workload uncertainties, while dynamically
scheduling/delaying batch MapReduce. We developed an optimal algorithm under perfect knowledge with complexity
O(T 2 ) and relaxed our assumption via MDP to model a certain
length of optimization horizon, e.g., one day. We contrived a
throughput optimal scheduler which improves upon the state of
the art via throughput stability in the overload region and task
prioritization support. By means of extensive simulation, we
show energy savings of up to 30% and 59% over dumb and no
allocation strategies, respectively, without affecting interactive
MapReduce delay significantly.
A PPENDIX
First, we need following definitions and lemmas.
Definition 3 (Submodularity): Let X and Y be partially
ordered sets and g(x, y) a real-valued function on X ×Y . We
say that g is submodular if for x+ ≥ x− in X and y+ ≥ y− in
Y , it holds that
g(x+ , y+ ) + g(x− , y− ) ≤ g(x+ , y− ) + g(x− , y+ ) .
Moreover, if X = Y = R and g(x, y) is twice differentiable,
then submodularity is equivalent to

∂ 2 g(x, y)
≥0.
∂x ∂y
Lemma 4: Suppose g is a submodular function on X × Y
and for each x ∈ X, miny∈Y g(x, y) exists. Then
{
}
f (x) = min y′ ∈ argmin g(x, y)

.

y∈Y

is monotone non-decreasing in x.
Lemma 5: Let {x j }, {x′j } be real-valued non-negative sequences satisfying
∞

∞

j=k

j=k

∑ x j ≥ ∑ x′j ,

for all k, with equality holding for k = 0. Suppose v j+1 ≥ v j
for j = 0, 1, . . ., then
∞

∞

j=0

j=0

∑ v j x j ≥ ∑ v j x′j .

Lemma 6: Assume random variable X is sampled from
some geometric distribution PX (x) = (1 − p)x p, it holds that
the function
∞
f (k) = ∑ PX (x)
x=k

is a decreasing discrete convex sequence in k. Namely, for any
k1 ≤ k2 ≤ k3 ≤ k4 satisfying k1 + k4 ≤ k2 + k3 , it holds that
f (k1 ) + f (k4 ) ≥ f (k2 ) + f (k3 ) .

x
k
We have f (k) = ∑∞
x=k (1− p) p = (1− p) , which can be easily
verified to be a decreasing discrete convex sequence.

is a submodular function in rt + τλb,t and mt . The result
follows from Lemma 11.

A. Proof for Theorem 8

B. Proof for Theorem 9

We first prove that if λb,t are sampled independently from
some geometric distribution (or exponential distribution), there
exists an optimal policy increasing in rt + τ · λb,t .6 The state
transition probability is

Since lt is derived from lt = f (M − mt′ ), while mt′ is strictly
increasing in λc,t , it suffices to prove that there exists an
optimal solution decreasing in lt . Moreover, lt has no effects
on the value of the function

Pr(st+1 |st , mt ) =
Pr(rt+1 + τλb,t+1 , λc,t+1 , lt+1 |rt + τλb,t , λc,t , lt , mt ) =
Pb ((rt+1 + τλb,t+1 − (rt + τλb,t + τλc,t − f (mt )) )/τ )·
Pc (λc,t+1 ) · Pl (lt+1 ) ,
+

∗
O(st , mt ) = K · mt + E (ut+1
(st+1 )|st , mt ) .
st+1

(8)

where Pb (·), Pc (·) and Pl (·) are the probabilities for random
variables λb,t , λc,t and lt (derived from λw,t ), respectively.
We use st+ and st− to denote ((rt + τλb,t )+ , λc,t , lt ) and ((rt +
τλb,t )− , λc,t , lt ), where (rt + τλb,t )+ ≥ (rt + τλb,t )− . We use
f (mt+ ) and f (mt− ) to denote arbitrary two feasible actions,
where mt+ ≥ mt− . Define that
(
)
x++ = rt+1 + τλb+1,t − ((rt + τλb,t )+ + τλc,t − f (mt+ ))+ /τ
(
)
x+− = rt+1 + τλb+1,t − ((rt + τλb,t )+ + τλc,t − f (mt− ))+ /τ
(
)
x−+ = rt+1 + τλb+1,t − ((rt + τλb,t )− + τλc,t − f (mt+ ))+ /τ
(
)
x−− = rt+1 + τλb+1,t − ((rt + τλb,t )− + τλc,t − f (mt− ))+ /τ .
It holds that x+− ≤ x−− ≤ x−+ , x+− ≤ x++ ≤ x−+ and x+− +
x−+ ≤ x−− + x++ . By Lemma 13, we have
∞

∞

∞

∞

x=x

x=x

x=x

x=x

∑++ Pb (x) + ∑−− Pb (x) ≤ ∑+− Pb (x) + ∑−+ Pb (x) .

(9)

Putting (10) and (11) together, it follows that the function
∞

∑

Pr(st+1 |st , mt ) :=

∑

Pr(rt+1 + τλb,t+1 , λc,t+1 , lt+1 |rt + τλb,t , λc,t , lt , mt )

rt+1 +τλb,t+1 =k
∞
rt+1 +τλb,t+1 =k

is submodular in rt + τλb,t and mt .
∗ (s
It can be proved by induction that ut+1
t+1 ) is nondecreasing in rt+1 + τλb,t+1 . Applying Lemma 12 yields
∞

≤

∑

∗
[Pr(st+1 |st+ , mt+ ) + Pr(st+1 |st− , mt− )]ut+1
(st+1 )

∑

∗
[Pr(st+1 |st− , mt+ ) + Pr(st+1 |st+ , mt− )]ut+1
(st+1 )

rt+1 +τλb,t+1 =0
∞
rt+1 +τλb,t+1 =0

Summing over λc,t+1 and lt+1 , we get
∗
∗
E(ut+1
(st+1 )|st+ , mt+ ) + E(ut+1
(st+1 )|st− , mt− )

∗
∗
≤ E(ut+1
(st+1 )|st+ , mt− ) + E(ut+1
(st+1 )|st− , mt+ ) .
∗ (s
Thus, E(ut+1
t+1 )|st , mt ) is submodular in bt and at . Since
K · mt is a single variable function in mt , it follows that
∗
O(st , mt ) = K · mt + E (ut+1
(st+1 )|st , mt )
st+1

6 This

implies the optimal policy is monotone in both rt and λb,t .

It only affects the feasible region of mt . More precisely, the
feasible set is Mt = {mt | max{τλc,t , lt } ≤ f (mt ) ≤ A}. The
upper bound is fixed and the lower bound is non-decreasing
in lt , which implies
mt∗ (st ) = argmin(O(st , mt ))
mt ∈Mt

is non-decreasing in lt .
Then the existence of optimal policy increasing in λc,t
follows, since mathematically, increasing λc,t is equivalent to
increasing both λb,t and lt .
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