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Abstract Data centers now play an important role in modern IT infrastructures. Re-
lated research shows that the energy consumption for data center cooling systems
has recently increased significantly. There is also strong evidence to show that high
temperatures in a data center will lead to higher hardware failure rates, and thus an
increase in maintenance costs. This paper devotes itself in the field of thermal aware
workload placement for data centers. In this paper, we propose an analytical model,
which describes data center resources with heat transfer properties and workloads
with thermal features. Then two thermal aware task scheduling algorithms, TASA
and TASA-B, are presented which aim to reduce temperatures and cooling system
power consumption in a data center. A simulation study is carried out to evaluate
the performance of the proposed algorithms. Simulation results show that our algo-
rithms can significantly reduce temperatures in data centers by introducing endurable
decline in system performance.
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1 Introduction

Electricity usage is the most expensive portion of a data center’s operational costs. In
fact, the US Environmental Protection Agency (EPA) reported that 61 billion KWh,
1.5% of US electricity consumption, is used for data center computing [3]. Addi-
tionally, the energy consumption in data centers doubled between 2000 and 2006.
Continuing this trend, the EPA estimates that the energy usage will double again
by 2011. As shown in Fig. 1, it is reported that power and cooling cost is the most
dominant cost in data centers [9, 14]. The cooling costs can be up to 50% of the
total energy cost [22]. Even with more efficient cooling technologies in IBM’s Blue-
Gene/L. and TACC’s Ranger, cooling cost still remains a significant portion of the
total energy cost for these supercomputers [15]. It is also noted that the life of a
computer system is directly related to its operating temperature. Based on Arrhe-
nius time-to-fail model [10], every 10°C increase of temperature leads to a dou-
bling of the system failure rate. Hence, it is important to decrease data center op-
erational temperatures for reducing energy cost and increasing reliability of compute
resources.

Consequently, resource management with thermal considerations is important for
data center operations. Some research has developed elaborate models and algorithms
for data center resource management with computational fluid dynamics (CFD) tech-
niques [5, 6]. Other work [17, 26], however, argues that the CFD based model is
too complex and the computation is time consuming. It is thus not suitable for online
scheduling. This has lead to the development of some less complex online scheduling
algorithms. Sensor-based fast thermal evaluation model [25, 27], Generic Algorithm
and Quadratic Programming [18, 26], and the Weatherman—an automated online
predictive thermal mapping [16] are a few examples.

In this paper, we propose a Thermal Aware Scheduling Algorithm (TASA) and
a Thermal Aware Scheduling Algorithm with Backfilling (TASA-B) for data center
task scheduling. The TASA schedules data workloads via tasks’ temperature profiles
to reduces temperatures of a data center. The TASA-B extends the TASA by allowing
the backfilling of tasks under thermal constrains. Our work differs from the above
systems in that we have developed some elaborate heat transfer models for data cen-
ters. Our model, therefore, is less complex than the CFD models and can be used
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Thermal aware workload placement with task-temperature profiles

for online scheduling in data centers. It still can provide enough accurate description
of data center thermal maps than [18, 26]. In detail, we study a temperature based
workload model and a thermal based data center model. This paper then defines the
thermal aware workload scheduling problem for data centers and presents the TASA
and TASA-B for data center workloads. We use simulations to evaluate the TASA
and TASA-B and discuss the trade-off between throughput, cooling cost, and other
performance metrics.
Our unique contribution is listed as follows:

— We propose a general framework for thermal aware resource management for data
centers. Our framework is not bound to any specific model, such as the RC-thermal
model, the CFD model, or a task-temperature profile.

— We develop a new methodology for thermal aware workload scheduling: “pre-
dict temperature increase — distribute workloads — update thermal informa-
tion.” The online task-temperature profile and the RC-model are used to predict
resource temperature increase. New heuristics of TASA and TASA-B are devel-
oped and evaluated, in terms of performance loss, temperature reduced, and power
saved.

— We implement a simulation study on the TASA and TASA-B and develop a
discussion of their impact on the environment, for example, the CO; emis-
sion.

The rest of this paper is organized as follows. Section 2 introduces the related work
and background of thermal aware workload scheduling in data centers. Section 3
presents mathematical models for data center resources and workloads. In Sect. 4, we
present our thermal aware scheduling framework and formally defines the research
issue of thermal aware scheduling in a data center. It flows the description of TASA
and TASA-B in Sects. 5 and 6. We evaluate the algorithm with a simulation in Sect. 7.
The paper is finally concluded in Sect. 8.

2 Related work and background
2.1 Research on thermal management for a data center

There are some existing research on thermal management in a data center. The most
elaborate thermal aware schedule algorithms for tasks in data centers are with com-
putational fluid dynamics (CFD) models [5, 6]. Some research [17, 26] declares that
the CFD based model is too complex and is not suitable for online scheduling in a
data center.

Weatherman [16] is a proof-of-concept implementation for automated model-
ing of data center thermal topology. It provides an online approach to predicting
the heat profile for a given data center configuration with Artificial Neural Net-
work (ANN). In our paper, we use task-temperature profiles for temperature pre-
diction and thermal aware scheduling. The task-temperature profiling and calcu-
lation are less complex than the ANN based temperature prediction, thus suit-
able for on-line scheduling. Based on the temperature prediction, we develop a
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thermal aware scheduling algorithm, which is not included in the implementation
of [16].

Moore et al. in [17] develop a temperature-aware workload placement in data cen-
ters based on thermodynamic formulations, job power profiles, and information about
inlet and outlet temperatures. We noticed that the power profiles in [17] are not easy
to measure precisely for a large number types of jobs. It is also argued in [26] that the
thermal model and power model in [17] are not accurate for data centers.

Lee et al. [13] propose a proactive control approach that jointly optimizes the
air conditioner compressor duty cycle and fan speed to prevent heat imbalance to
minimize the cost of cooling in data centers.

ASU researchers developed a software/hardware architecture for thermal man-
agement in data centers [18, 25, 26]. ASU’s work solves the research problem of
minimizing the peak inlet temperature within a data center through task assign-
ment (MPIT-TA), consequently leading to minimal cooling requirement. Our im-
plementation in this paper is different from ASU’s work in that (1) we introduce
task-temperature profile for task sorting, and (2) we do not introduce power pro-
files, cooling system, and inlet and outlet temperatures in our model. Therefore, our
work is a lightweight implementation and suitable for online scheduling in a data
center.

If we know how much temperature degrees increase to execute a task, it would
be easier to develop a task scheduling algorithm to reduce data center tempera-
ture. However, this is not easy work. None of the above work directly models the
relationship between task execution and ambient temperature, and use this rela-
tionship for task scheduling. The reason is that the task-temperature relationship
modeling requires long time profiling and complex calculation, which is difficult
or expensive to achieve. In this paper, we traced the workload of a real data cen-
ter, and also use the RC model for task-temperature relationship calculation. With
the calculated task-temperature profile, we developed scheduling algorithms to dis-
tribute incoming tasks to compute nodes based on the ambient temperature predic-
tion.

2.2 Data center organization

The racks in a typical data center with a standard cooling layout based on under-
floor cold air distribution are back-to-back and laid out in rows on a raised floor
over a shared plenum. Modular computer room air conditioning (CRAC) units along
the walls circulate warm air from the machine room over cooling coils, and direct
the cooled air into the shared plenum. As shown in Fig. 2, the cooled air enters
the machine room through floor vent tiles in alternating aisles between the rows
of racks. Aisles containing vent tiles are cool aisles; equipment in the racks is ori-
ented so their intake draws inlet air from cool aisles. Aisles without vent tiles are hot
aisles, providing access to the exhaust air and, typically rear panels of the equipment
[23].

Thermal imbalances interfere with efficient cooling operation. Hot spots create a
risk of redlining servers by exceeding the specified maximum inlet air temperature,
damaging electronic components, and causing them to fail prematurely. Nonuniform
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Fig. 2 Data center cooling system

equipment loads in the data center cause some areas to heat more than others, while ir-
regular air flows cause some areas to cool less than others. The mixing of hot and cold
air in high heat density data centers leads to complex airflow patterns that create hot
spots. Therefore, objectives of thermal aware workload scheduling are to reduce both
the maximum temperature for all compute nodes and the imbalance of the thermal
distribution in a data center. In a data center, the thermal distribution and computer
node temperatures can be obtained by deploying ambient temperature sensors, on-
board sensors [25, 27], and with software management architectures like Data Center
Observatory [12], Mercury and Freon [11], and LiquidN2 and C-Oracle[20].

2.3 Task-temperature profiling

Given a compute processor and a steady ambient temperature, a task-temperature pro-
file is the temperature increase along with the task’s execution. It has been observed
that different types of computing tasks generate different amounts of heat, therefore,
resulting with distinct task-temperature profiles [28].

Task-temperature profiles can be obtained by using some profiling tools. Fig-
ure 3 shows the task-temperature profile of a compute node in the Center for
Computational Research (CCR) of State University of New York at Buffalo. The
X-axis is the time and the Y-axis gives two values: the workload (task execution
time in the passed hour) and the temperature for a compute node. Figure 3 clearly
indicates the task and temperature correlation: normally as computation loads in
term of task CPU time augment, compute node temperatures increases inciden-
tally. Therefore, it is both constructive and realistic to assume that the knowledge
of task-temperature profile is available based on the discussion [7, 31] that task-
temperature can be well approximated using appropriate prediction tools and meth-
ods.
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Fig. 3 Task-temperature profile of a compute node in buffalo data center

3 System models and problem definition
3.1 Compute resource model

This section presents formal models of data centers and workloads and a thermal
aware scheduling algorithm, which allocate compute resources in a data center for
incoming workloads with the objective of reducing temperature in the data center.

A data center DataCenter is modeled as:

DataCenter = {Node, TherMap} )

where Node is a set of compute nodes, TherMap is the thermal map of a data center.

A thermal map of a data center describes the ambient temperature field in a
3-dimensional space. The temperature field in a data center can be defined as fol-
lows:

TherMap = Temp((x, v,2), t) 2)

It means that the ambient temperature in a data center is a variable with its space
location (x, y, z) and time ¢.

We consider a homogeneous data center: all compute nodes have identical hard-
ware and software configurations. Suppose that a data center contains / compute
nodes as shown in Fig. 4:

Node = {node;|1 <i < I} 3)
The ith compute node is described as follows:

node; = ((x, y,z), 1%, Temp(1)) (€))
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(x,y,z) is node;’s location in a 3-dimensional space. t¢ is the time when node; is
available for job execution. Temp(t) is the temperature of node;, t is time.

Figure 4 shows the layout compute nodes and their ambient environment. For
simplicity, we assume the compute nodes and their ambient environment shares the
same 3-dimensional position (x, y, z).

The process of heat transfer of node; is described with a RC-thermal model [21,
24, 32]. As shown in Fig. 5, P denotes the power consumption of compute node
at current time ¢, C is the thermal capacitance of the compute node, R denotes the
thermal resistance, and Temp(node;-(x, y, z), t) represents the ambient temperature
of node; in the thermal map. Therefore, the heat transfer between a compute node
and its ambient environment is described in (5) (also shown in Fig. 6).

d node;-Te t
node;-Temp(t) = RC x %emp%) + Temp(nodei-(x, ¥, 2), t) —RP (5

It is supposed that an initial die temperature of a compute node at time O is
node;-Temp(0), P and Temp(node;-(x,y, z), t) are constant during the period [0, 7]
(this can be true when calculating for a short time period). Then the compute node
temperature Node;-Temp(t) is calculated as (6).

node;-Temp(t) = PR + Temp(node,~~(x, v,2), 0)
+ (node,-Temp(O) — PR — Temp(node,-~(x, Y, 2), O)) x e kC
(6)
3.2 Workload model
Data center workloads are modeled as a set of jobs:

Job = {job;|1 < j < J} (7
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J is the total number of incoming jobs. job; is an incoming job, which is described
as follows:

jObj — (p’ tarrive’ tstart’ treq’ ATemp(t)) (8)

where, p is the required number of compute nodes for job It £A1Ve s the arrival time

of job It 81 i the starting time of job It "4 is the required execution time of job It
ATemp(t) is the task-temperature profile of job; on compute nodes of a data center.

3.3 Online task temperature calculation

When a job job; runs on certain compute node node;, the job execution will increase
the node’s temperature job;-ATemp(t). In the mean time, the node also disseminates
heat to ambient environment, which is calculated by (6). The online node temperature
is the real temperature profile of the node. Thus, the online task temperature profile
of node; is calculated as (9).

node;-Temp(t) = node;-Temp(0) + job j~ATemp(t)
—{PR + Temp(node,--(x, ¥,2), 0) + (node,--Temp(O) — PR

— Temp(node;-(x, y, z),0)) x e_Rt_C} ®)

3.4 Research issue definition

Based on the above discussion, a job schedule is a map from a job job; to certain
work node node; with starting time job ;-start:

schedulej : job; — (node;, job j.tstart) (10)
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A workload schedule Schedule is a set of job schedules {schedule;|job; € Job} for
all jobs in the workload:

Schedule = {schedule j|job; € Job} an

We define the workload starting time 7p and finished time T, as follows:

_ . _4Start . .4Teq
Too = lléljaécj{]obj 1+ job -1} (12)
— : ;1 . parrive
To= lgljl;lj{job] el (13)

Then the workload response time Tresponse 1S calculated as follows:
Tresponse =Tx —To (14)

Assuming that the specified maximum inlet air temperature in a data center is
TEMPpax, thermal aware workload scheduling in a data center could be defined as
follows: given a workload set Job and a data center DataCenter, find an optimal
workload schedule, Schedule, which minimizes Tresponse Of the workload Job:

min Tresponse (15)

subject to:

1m'axl{node,- Temp(t)|Ty <t < Too} < Temp pax (16)
<i<

It has been discussed in our previous work [30] that research issue of (15) is an NP-
hard problem. To solve this research issue, in the next section, Sect. 4, we introduce
a general concept framework for thermal aware workload scheduling. Sections 5 and
6 present our thermal aware scheduling algorithms, TASA and TASA-B.

4 Thermal aware workload scheduling framework

This section introduces the concept of the framework for thermal aware workload
scheduling as shown in Fig. 7. The online task-temperature profile is the temperature
profile obtained by running a task on a compute node and the ambient environment
temperature. The online task-temperature profile is calculated with the input of the
task-temperature profile, the RC-thermal model, and the thermal map. A thermal map
is the current temperature field in the data center space. A data center monitoring
system, for example, either a temperature sensor based monitoring service [26, 27]
or by using compute fluid dynamics software [5, 6], can generate a thermal map
for a data center. An alternative to cooling system operating patterns can change the
thermal map of a data center.

Workloads of a data center are characterized with task compute requirements:
number of required compute nodes, execution time, and a task-temperature profile.

With a data center resource model and a workload model, a thermal-aware sched-
uler can place workloads on the proper compute nodes with the objective to reduce
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Fig. 7 Thermal aware workload scheduling framework

maximum node temperature. The workload placement can also predict future ther-
mal maps and then give advise to future cooling system operations. Cooling system
operations can change future thermal maps.

As shown in Fig. 8, with periodically updated data center information, the
TASA-B executes periodically to accept incoming jobs and schedule them to compute
nodes of multiple racks.

5 Thermal aware workload scheduling algorithm

This section discusses our Thermal Aware Scheduling Algorithm (TASA). The TASA
is implemented in a data center scheduler and is executed periodically. Normally,
a scheduling algorithm contains two stages: (1) job sorting, and (2) resource allo-
cation. The TASA sorts incoming jobs in a decreasing order of predicted increased
temperature and allocate jobs to resources with low temperatures. In other words, the
TASA schedules “hot” jobs on “cold” compute nodes and tries to reduce the tem-
peratures of compute nodes. The TASA is an online scheduling algorithm, which
periodically updates resource information as well as the data center thermal map via
temperature sensors.

Based on (1) temperatures of ambient environment and compute nodes which can
be obtained from temperature sensors, and (2) on-line task-temperature profiles, the
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Fig. 8 The TASA-B execution context

compute node temperature after job execution can be predicated with (9). The TASA
algorithm schedules jobs based on the temperature prediction.

Now, we introduce the TASA in detail. Algorithm 1 presents the Thermal Aware
Scheduling Algorithm (TASA). Lines 1-4 initialize variables. Line 1 sets the initial
time stamp to 0. Lines 2-4 set compute nodes available time to 0, which means all
nodes are available from the beginning.

Lines 5-29, of Algorithm 1 schedule jobs periodically with an interval of 7interval,
Lines 5 and 6 update thermal map TherMap and current temperatures of all nodes
from the input ambient sensors and on-board sensors. Then line 7 sorts all jobs
with decreased job ;- ATemp(job ;-1™9): jobs are sorted from “hottest” to “coolest.”
Line 8 sorts all nodes with increasing node temperature at the next available time,
node;-Temp(node;-t*): nodes are sorted from “coolest” to “hottest” when nodes are
available.

Lines 9-14 cool down the over-heated compute nodes. If a node’s temperature is
higher than a predefined temperature TEMP™?*, then the node is cooled for a period
of T°°!, During the period of 7!, there is no job scheduled on this node. This node
is then inserted into the sorted node list, which keeps the increased node temperature
at the next available time.

Lines 16-26 allocate jobs to all compute nodes. Related research [31] indicates
that based on the standard model for the microprocessor thermal behavior, for any
two tasks, scheduling the “hotter” job before the “cooler” one, results in a lower final
temperature. Therefore, line 16 gets a job from sorted job list, which is the “hottest”
job and line 17 allocates the job with a number of required nodes, which are the
“coolest.” Lines 18-20 find the earliest starting time of the job on these nodes. After
that, line 24 calculates the temperature of the next available time for these nodes.
Then these nodes are inserted into the sorted node list, which keeps the increased
node temperature at the next available time.

@ Springer



L. Wang et al.

Algorithm 1 Thermal Aware Scheduling Algorithm (TASA)

01
02
03
04

05
06

07
08

09
10
11
12
13

14
15

16
17

18

19
20
21
22
23
24

25

26

27
28
29

t=0

Fori =1TO I DO
node; -t* =0;

ENDFOR

update thermal map TherMap
update node;-Temp(t), node; € Node

sort Job with decreased job ;- ATemp(job ;-t™9)
sort Node with increased node; -Temp(node; -t*)

FOR node; € Node DO
IF (node;-Temp(node;-t*) > TEMP™*) TEHN
node;-t* = node; 1% + T
calculate node; - Temp(node; -t*) with (6)
insert node; into Node, keep the increased order
of node;-Temp(node;-t*) in Node
ENDIF
ENDFOR

FOR j=1TO J DO
get job ;- p nodes from sorted Node list,

which are {nodeji,nodejs, ...,nodej,}

to = max{nodey .t*}

nodey, € {nodej,nodej, ...,nodej,}

FOR nodey € {nodeji,nodej, ...,nodejp}
nodey-t* =ty + job;-t"4

ENDFOR

schedule jobj on {nodej,nodej, ..., nodej,}

jobj~tsmt =1

calculate nodey -Temp(nodey -t*) with (6) & (9)

nodey, € {nodeoji,nodej, ...,nodej,}

insert {node 1, nodej, ...,nodejp} into Node

keep the increased order of node; -Temp(node;-t*)
node; € Node
ENDFOR

t=1t4+ Tinterval
Accept incoming jobs
go to 05
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Algorithm 1 waits a for period of Tinterval

ceeds to the next scheduling round.

and accepts incoming jobs. It then pro-

6 Thermal aware workload scheduling algorithm with backfilling

Algorithm 2 Thermal Aware Scheduling Algorithm with Backfilling (TASA-B)

01 walltime <— 0
02 Fori=1TO I DO
03 node;-t* <0;
04 ENDFOR
05 extranodeset <
06 update thermal map TherMap
07 update node;-Temp(t), node; € Node
08 sort Job with decreased job ;- ATemp(job ;-t™9)
09 sort Node with increased node; -Temp(node; -t%)
10 FOR node; € Node DO
11 IF (node;-Temp(node;-t*) > TEMPn,x) TEHN
12 node;-t® < node;t* + T
13 calculate node;-Temp(node;-t*) with (6)
14 insert node; into Node keep the increased order
of node;-Temp(node;-t*) in Node
15 ENDIF
16 ENDFOR
17 FOR j=1TO J DO
18 1Fjob;-p =1THEN
19 schedule job; with backfilling by Algorithm 4
20 ENDIF
21 IFjobj-p>1or
Jjob; cannot be scheduled with Algorithm 4 THEN
22 schedule job; with Algorithm 3
23 ENDIF
24 ENDFOR
25 walltime < walltime + Tmerval
26 Accept incoming jobs
27 goto 06

This section discusses our Thermal Aware Scheduling Algorithm with Backfilling
(TASA-B). The TASA-B is implemented based on the TASA. Jobs can be backfilled
if they do not violate (1) the starting time of scheduled jobs, and (2) maximum tem-
perature of resources which have been allocated to the scheduled jobs; (1) is the
requirement for normal backfilling algorithm. A scheduled job, for example job A,
is allocated resources based on the resources’ temperature profile. If a backfilled job,
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Algorithm 3 Thermal Aware Scheduling Algorithm for job ;

1 getjob P nodes, nodeset ;, from sorted Node set:
nodesetj <— {nodeji,nodej, ...,node;p}

2ty < max{nodey-t“|nodey € nodeset ;}
nodemayx1 is the node which gives max{nodey -t}

3 schedule job; on nodeset

4 job ;""" <19

5 Temp®™3X  max{nodey-Temp(t*)|nodey € nodeset j}

nodemax2 is the node which gives max{nodey -Temp(t)}

6 FOR nodey € nodesetj — {nodemax1, nodemax2 }

7  nodey-bf < yes

8  nodey-tP™? «— nodey -1

9 nodey-tPfnd 1y

10 nodey-TempP™?@ « nodey - Tempodec

11 nodey-Temp®®©™d « Tempbmax

12 insert nodey into an extra node set, extranodeset

keep the increased order of nodey -1

13 ENDFOR

14 FOR nodey. € nodeset

15 nodey-t* < 1y —i—jobj-treq

16 calculate nodey-Temp(nodey-t*) with (6) & (9)

17 ENDFOR

18 insert every node in nodeset ; into Node
keep the increased order of node;-Temp(node;-t%)
node; € Node

e.g., job B, violates the maximum temperature of scheduled resources, the resource
temperature profiles for scheduling job A are violated. Therefore, maximum tempera-
ture for resources allocate to job A should be not violated by executing the backfilled
job B. This is why we keep Rule (2) in the TASA-B.

Algorithm 2 presents the TASA-B. We now give a detailed explanation. TASA-B’s
implementation is similar with TASA except that lines 18-20 try to schedule a job
on some backfilled nodes with the backfilling Algorithm 3 if the job only requires 1
processor. If the job requires more than 1 processor or the job cannot be scheduled on
backfilled nodes, lines 21-23 schedule the jobs on some nodes with thermal aware
scheduling Algorithm 4. We restrict the backing jobs on 1 processor to reduce the
complexity of TASA-B, thus it is suitable for online scheduling. Our previous work
of multiple resource coreservation algorithm [29] can be used for backfilling jobs that
require more than 1 processor. This discussion goes beyond this paper’s topic.

Algorithm 4 schedules job ; on some compute nodes with thermal considerations.
Firstly, Algorithm 4 gets a set of nodes nodeset j for job ;, which are the coolest nodes.
Line 2 locates the earliest available time #) of all nodes in nodeset .

Then job; is scheduled on the node set nodeset j and the job starting time is set as
the latest available time of nodes in nodeset ;, which is #y of nodenx (lines 3—4).
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Algorithm 4 Thermal Aware Backfilling Algorithm for job;

FOR nodey, € extranodeset DO
IF nodey -t < walltime THEN
nodey-bf < no
remove nodey from extranodeset
g0 to nodey 1
ENDIF
nodey-t*? « max{walltime, nodey -t°™%}
IF nodey-1°" — nodey -t > job ;19 and
nodey,-Temp (nodey -t°™@ +job; -1"9) < nodey-Temp
THEN
9 schedule job; on nodey
10 job; 1" « nodey.-1*%
11 nodey-t"% «— job 1M - job ;1"
12 nodey-Temp®!s'*" < nodey-Tmep(job ;-1 + job ;-1™%), which is calculated with
(6) & (9)
13 ENDIF
14 1F nodey -2 > nodey,-°fnd THEN
15  nodey-bf < no
remove nodey from extranodeset
16 ENDIF
17 ENDFOR

0NN kAW~

bfend

Line 5 calculates the maximum temperature at time #o for all nodes in nodeset;,
which is used for later backfilling algorithms. For example, if some jobs want to be
backfilled on these nodes, these jobs should not delay the execution of any previously
scheduled jobs, and should not affect the maximum node thermal profiles, which were
used to schedule previous jobs.

Lines 6—13 update compute node information for backfilling. We use a conser-
vative backfilling algorithm, which means that all previously scheduled jobs should
be not affected. Therefore, the temperature profiles and resource available time that
determine the schedule of job; should not be affected. In specific, 7 and TempPfmax
should be not changed by the backfilled jobs. Figures 9 and 10 show the available
backfilling periods for nodeset ;. Then nodemax1 and nodemaxo cannot be backfilled
as they have no available time or temperature slot to accommodate any backfilled
jobs.

Line 7 sets nodes in nodeset; (except nodemaxi & nodemaxz) with a flag
nodey-bf = yes, which means these nodes can be backfilled. Line 8 sets the start-
ing time for backfilling of these nodes, which is the current available time for the
nodes. Line 9 sets the end time for backfilling of these nodes, which is the earliest
starting time of the job, job;, determined by the nodemax. Line 10 sets the start tem-
perature for backfilling of these nodes, which are the temperatures of nodes at time
of current available time. Line 11 sets the upper temperature limit for backfilling. If
some jobs are backfilled on these nodes, the node temperature should not exceed the
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node,.tbfend,

Time backfilling holes
end time for backfilling

AN
Available
time

t, e e

N

node,.t*f?, backfilling start time of node,

Fig. 9 Available time slots of thermal aware backfilling algorithm

node,. Temp®®nd, end
temperature for backfilling

e

Temperature Temperature backfilling holes
X .

Tempbfmax -—-

Node

node, Temp®, start temperature for backfilling of node,

Fig. 10 Available temperature slots of thermal aware backfilling algorithm

node temperature limit Tempbfma", which was used to determine the which nodes are

allocated for the job job ;. Finally, line 12 organizes all compute nodes for backfilling
into a node set, which is sorted by the available backfilling starting time.

Lines 14-17 set up available time for nodes in nodeset ; and calculate temperatures
of their next available time. Line 18 finally inserts these nodes into the Node list with
proper node temperatures of the next available time.

Algorithm 4 schedules the job; with backfilling. To decrease the algorithm com-
plexity, we only consider the jobs that require 1 processor. Algorithm 4 checks all
nodes in extranodeset, which are the nodes that are sorted by increased available
time for backfilling. If the end time for backfilling of a node has passed, this node
cannot be backfilled and should be removed from extranodeset (lines 2—6). Line 7
adjusts the start time for backfilling if it has passed. Line 8 checks whether the node’s
time slot and temperature slot can accommodate the job job;. If job; can be back-
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filled on nodey (line 10), then the backfilling information of nodey is updated (lines
11, 12). Lines 14—15 check whether node; can be further backfilled.

7 Simulation and performance evaluation
7.1 Simulation environment

We simulate a real data center environment based on the Center for Computational
Research (CCR) of State University of New York at Buffalo. All jobs submitted to
CCR are logged during a 30-day period, from 20 Feb. 2009 to 22 Mar. 2009. CCR’s
resources and job logs are used as input for our simulation of the TASA and TASA-B.

CCR'’s computing facilities include a Dell x86 64 Linux Cluster consisting of 1056
Dell PowerEdge SC1425 nodes, each of which has two Irwindale processors (2MB
of L2 cache, either 3.0 GHz or 3.2 GHz) and varying amounts of main memory. The
peak performance of this cluster is over 13 TFlop/s.

The CCR cluster has a single job queue for incoming jobs. All jobs are sched-
uled with a First Come First Serve (FCFS) policy, which means incoming jobs are
allocated to the first available resources. There were 22,385 jobs submitted to CCR
during the period from 20 Feb. 2009 to 22 Mar. 2009. Figures 11, 12, and 13 show
the distribution of job execution time, job size (required processor number), and job
arrival rate in the log. We can see that 79% jobs are executed on one processor and
the job execution time ranges from several minutes to several hours.

Figure 3 shows the task-temperature profiles in CCR. In the simulation, we take the
all 22,385 jobs in the log as input for the workload module of TASA and TASA-B. We
also measure the temperatures of all computer nodes and ambient environment with
off-board sensors. Therefore, the thermal map of data centers and task-temperature
profiles are available. Online temperatures of all computer nodes can also be accessed
from CCR Web portal.

Fig. 11 Job execution time 8% 2%
distribution
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I 10~15mins
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[]90~120mins
[ 2~4hours
[ 4~shours
I 6-~8hours 3% 3 6%
B 5-50 &%

I >50hours

16%

19%
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Fig. 12 Job size distribution 2% 4o

4%

<1%

I 1 processor
Il 2 processors
[ 4 processors
[16~10 processors
[ 111~20 processors
[ 21-50 processors

Il > 50 processors
Fig. 13 Job arrive rate Jobs arrival rate
distribution

o
o _
w
Y
o
o |
o

> o

5

o

=

o o

2 B

&

*

8 o
S 8+
o

S
w0
o JL

T T T 1
0 200 400 600

Time(Hour)

In the following section, we simulate the TASA and TASA-B based on the task-
temperature profile, job information, thermal maps, and resource information ob-
tained in CCR log files. We evaluate the thermal aware scheduling algorithms (TASA
and TASA-B) by comparing them with the original job execution information logged
in the CCR, which is scheduled by FCFS. In the simulation of TASA and TASA-B,
we set the maximum temperature threshold of CCR to 125 F.
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7.2 Experiment results and discussion
7.2.1 Data center average temperature

Firstly, we consider the average temperature in a data center. We use V7empy, and
VTempf,:sgafb to show the maximum temperature reduced by TASA and TASA-B.

VTempiys = Templilcvf‘(’rS — Tempis (17

VTemp:i_b = Temp?;'fgS — Tempi;vsi_b (18)

where, Temp?cvfgS is the average temperature in a data center when FCFS is employed,
Tempilavsga is the average temperature in a data center when TASA is employed, and

Tempfgsi_b is the average temperature in a data center when TASA-B is employed.
In the simulation, we obtained VTempis = 16.1 F, VIemp:'2 . = 14.6 F. There-

tasa tasa—b

fore, TASA reduces 16.1 F and TASA-B reduces 14.6 F of the average temperatures
of the 30-day period in CCR.

7.2.2 Data center maximum temperature

We also consider the maximum temperature in a data center as it correlates with the

cooling system operating level. We use VTempgdy and VTempgey | to represent the

maximum temperature reduced by TASA and TASA-B.

VTempl® = TempP®* — TempX (19)
VTempay = Tempgg — Tempiho (20)

where, Temp?cl?sx is the maximum temperature in a data center when FCFS is em-

ployed, Temp{2X is the maximum temperature in a data center when TASA is em-
ployed, and Tempy;:>_ is the maximum temperature in a data center when TASA-B
is employed.

In the simulation, we got VTempgix = 6.1 F, VIempi | = 4.9 F. Therefore,

TASA reduces 6.1 F and TASA-B reduces 4.9 F of the maximum temperatures of the
30-day period in CCR.

7.2.3 Job response time

We have reduced power consumption and have increased the system reliability, both
by decreasing the data center temperatures. However, we must consider that there
may be trade-offs by an increased response time.

The response time of a job job ;1" is defined as job execution time (job;-1™9)

plus job queueing time (job; N [0 j -£2mVe) “ag shown below:
jObj-l‘reS =j()bj‘lreq —l—j()bj'lStan _J-Obj'tarrive 1)

To evaluate the algorithm from the view point of users, job response time indicates
how long it takes for job results to return to the users.
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Fig. 14 Job response time of
FCFS
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As the thermal aware scheduling algorithm intends to delay scheduling jobs to
some over-hot compute nodes, it may increase the job response time. Figure 14 shows
the response time of the FCFS, Figures 15 and 16 show the response time of the TASA
and TASA-B, respectively.

In the simulation, we calculate the overall job response time overhead as follows:

¢ _ l Z jObj 'ttrgssa _jObj'tggss (22)
tasa J : jOb _.qres
1<j<J J “fcfs
_ 1 jObJ’ 'ttre?:a—b _jOb./ 'tfrgqu
Ctasa—b = — Z . S (23)
J & job 118
1<j<J J “fefs

Ctasa and Ciasa—b are the overhead of TASA and TASA-B, respectively, which are
the average values of response time increase of TASA and TASA-B over FCFS.

In the simulation of TASA, we got the {iasa = 13.9%, which means that we reduce
the 6.1 F of maximum temperature and the average temperature by 16.1 F in CCR
data center by paying a cost of increasing 13.9% job response time. In the simula-
tion of TASA-B, we obtained the {i50—b = 11%, which means that we reduced the
maximum temperature by 4.9 F and the average temperature by 14.6 F in CCR’s data
center by paying a cost of increasing 11% job response time.

7.2.4 Impact on environment: CO; emission

It is reported that every 1 F of maximum temperature reduced in a data center, 2%
power supply of cooling system can be saved [8, 19]. Therefore, TASA can save up
to 12.2% power supply of CCR’s cooling system, which is up to 6.1% of CCR’s total
power. It is estimated that CCR’s total power consumption is around 80000 kW/Hour.
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Fig. 15 Job response time of
TASA
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Fig. 16 Job response time of
TASA-B
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Thus, the TASA can save around 5000 kW/Hour power consumption. In the same
way, the TASA-B can save around 4000 kW/Hour power consumption.

Table 1 shows the environmental effect of power consumption. The left column
shows the power sources; the second column shows the CO; emission of different
power sources [1]. The right column shows the power source distribution in New
York state [4]. Based on Table 1, we can coarsely estimate that CCR costs 33,000 kg
CO; emission every hour. Therefore, TASA and TASA-B can reduce 1900 kg CO,
and 1600 kg CO, emission per hour, respectively. We want to give a direct image on
this number. For example, Lizhe has a car, whose mark is SUBARU Legacy AWD 4
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Table 1 Environment effect of power consumption

Power CO; emission Power source
source (g/kWh) distribution
Oil 881 16%

Coal 963 14%

Natural gas 569 22%
Nuclear 6 29%
Hydroelectric 4 17%

Wind Power 3-22 <2%

Table 2 Comparison of TASA and TASA-B

Performance metrics TASA TASA-B
Reduced average temperature 16.1F 146 F
Reduced maximum temperature 6.1 F 49F
Increased job response time 13.9% 11%

Cyl. Suppose that every month, Lizhe drives this car for about 1500 km. In 6 months,
this car emits nearly 1900 kg CO; [2].

7.2.5 Backfilling vs. no backfilling

Table 2 compares the simulation results between the TASA and the TASA-B. From
Table 2, we can see that TASA can reduce more average temperature and maximum
temperature than TASA-B, however, it results in a larger average job response time.
This is easy to understand. The TASA-B puts some jobs into the backfilling slots
while the TASA leave these backfilling slots alone, thus resulting in more running
jobs and a larger reduced temperature. The various scheduling algorithm almost gives
the same system utilization.

7.3 Further discussion

In our research, we assume that we can get task-temperature profiles for task schedul-
ing. This can be done via task profiling and workload benchmarking. This require-
ment might require some addition work or incur some overhead for task scheduling.
Firstly, if a data center’s workloads always change their job execution patterns, like
task execution time and data access, task-temperature profiles might be not accurate
and will affect the performance of task scheduling algorithms. Furthermore, to save
task-temperature profiles requires additional memory and storage access for online
scheduling.
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8 Conclusion

With the advent of Cloud computing, data centers are becoming more important in
modern cyber infrastructures for high performance computing. However current data
centers can consume a city worth of power during operation, due to factors such
as resource power supply, cooling system supply, and other maintenance. The large
power consumption produces huge CO; emissions and significantly contributes to
the growing environmental issue of global warming. Green computing, a new trend
for high-end computing, attempts to alleviate this problem by delivering both high
performance and reduced power consumption, effectively maximizing total system
efficiency.

Currently power supply for cooling systems can occupy up to 40%—50% of total
power consumption in a data center. This paper presents thermal aware scheduling
algorithms for data centers to reduce the temperatures in data center. Specifically,
we present the design and implementation of energy-efficient scheduling algorithms,
TASA and TASA-B, which allocate workloads based on their task-temperature pro-
files and allocate suitable resources for job execution with or without job backfilling,
respectively. The algorithms are studied through a simulation based on real operation
information from CCR’s data center. In the simulation, TASA can reduce 16.1 F of
average temperature and 6.1 F maximum temperature with an overhead of increased
job response time of 13.9%. TASA-B can reduce 14.6 F of average temperature and
4.9 F maximum temperature with an overhead of increased job response time of 11%.
Test results and a performance discussion justify the design and implementation of
the thermal aware scheduling algorithms.
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