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Abstract

Several projects involving high-level thermal man-
agement | such as reducing cooling coststhrough
intelligent workload placement | require ambient
air temperature readingsat a �ne granularit y. Un-
fortunately, current thermal instrumentation meth-
ods involve installing a set of expensive hardware
sensors. Modern motherboards include multiple
on-board sensors,but the valuesreported by these
sensorsare dominated by the thermal e�ects of the
server's workload.

We proposeusing machine learning methods to
model the e�ects of server workload on on-board
sensors.Our models combine sensorreadingswith
workload instrumentation and \mask out" the ther-
mal e�ects due to workload, leaving the ambient
air temperature at that server's inlet. We present a
formal problem statement, outline the properties of
our model, describe the machine learning approach
weuseto construct our models,and present ConSil,
a protot ype implementation.

1 In tro duction

As the number of servers and power requirements
of servers increase,data center designersand man-
agers must account for factors beyond standard
performance issues. Yet instrumentation of these
factors that is available to management agents lags
far behind that for performanceconsiderations.

The �rst prerequisite of integrating power and
thermal concernsinto a management agent is accu-
rate and completeinformation to drive the manage-
ment policy. A crucial component is a detailed ther-
mal mapof the data center, containing temperature
and air
o w information at a �ne-grained resolution.
For example, recent work in data center thermal
management reveals that maintaining a low inlet
temperature leadsto lower cooling costs[12, 7]. Im-
plementing this policy requiresan accuratereading
of the inlet temperature at every server.

Yet the amount and type of thermal data we can
monitor is less�ne-grained than that available for
application and system performance. A manage-
ment agent attempting to optimize system perfor-

mancecan utilize raw data from processors,mem-
ory subsystems,network devices, and storage de-
vices, as well as application-level metadata from
batch queues, web servers, and other data cen-
ter applications. A management agent attempt-
ing to control thermal conditions must draw from
sparseor ine�ectiv e sensors. Useful data, such as
ambient air temperatures, are generally collected
using a separate network of temperature sensors.
Thesesensors,placed on rack enclosuresand A/C
units [9, 5], can be expensive to obtain, time-
consumingto deploy, and di�cult to read; it is not
uncommon to have only two or three such sensors
placed on a standard rack enclosure.

Other temperature sensorswe can monitor, such
as those on most modern motherboards, report
the temperature at selectedpoints within a server.
However, thesesensorsdo not provide a good proxy
for ambient temperature since their values are in-

uenced heavily by local thermal conditions, such
as heat from the processor(s). While someservers
contain a temperature sensornear the front inlet,
a data center owner should not be forced to limit
their purchasingoptions basedon this singlefactor.

We proposeconstructing a thermal map by mod-
eling local thermal conditions in each server. While
a singlesensormay be dominated by the local ther-
mal e�ects of that server's workload, the readings
from multiple sensorsover time allow us to model
the e�ects of a given workload on those sensors.
We leveragemachine learning techniques to com-
bine existing workload data with multiple internal
temperature readingsto infer the current server in-
let temperature. We demonstrate the e�ectiv eness
of this approach by building thermal models for an
existing line of servers. With a few hundred data
points per server, our models are capable of infer
inlet temperatureswithin 1� C over 80%of the time,
and within 2� C over 98% of the time. This degree
of accuracy is similar to that of o�-the-shelf tem-
perature sensors.

2 Motiv ation

Current-generation 1U servers consume over 350
Watts at peak utilization, releasing much of this
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energyasheat; a standard 42U rack of such servers
consumes over 8 kW. As data centers migrate
to bladed servers over the next few years, these
numbers could potentially increaseto 55 kW per
rack [8].

A thermal management policy that considersfa-
cilities components { such as A/C units and the
layout of the data center { and temperature-aware
IT components can decreasecooling costs [9], in-
crease hardware reliabilit y [2], and decreasere-
sponsetimes to transients and emergencies[6]. Sig-
ni�can t recent work in data center management fo-
cuseson formulating e�ectiv e thermal management
policies; Multiple projects reducedata center cool-
ing costs, such as optimizing cooling [9], minimiz-
ing global power consumptions[10, 4], and e�cien t
heat distribution [7, 3]. These projects depend
on an underlying instrumentation layer to provide
the thermal map. In the absenceof �ne-grained
thermal instrumentation, these policies must rely
on simplistic heuristics, such as minimizing server
power consumption, A/C return temperature, or
generating a uniform exhaust pro�le.

We are not aware of any other work looking at
software models for thermal mapping of data cen-
ters. Related work has primarily used ad-hoc col-
lections of external sensorsto monitor server inlet
temperature at a few selected locations [12]. As
discussedearlier, in addition to the large costswith
wiring and maintenance,theseapproachesalsosuf-
fer from inaccuraciesfrom inadequatecoverage. In
lieu of actual deployments, other studies have used
simulation to determinethermal maps[9, 11]. How-
ever, thesesimulations usecomplex 
uid dynamics,
each taking several hours of run time.

Common thermal management practices involve
placing two or three sensorson the front and back
of each rack. This results in lessthan 150 sensors
providing data for up to 1000servers. Furthermore,
the total cost of deploying theseor additional sen-
sorscan be prohibitiv e, up to $100per sensor.

Modern motherboards, on the other hand, pro-
vide the status of multiple relevant on-board com-
ponents, including fans and internal temperature
sensors. These sensors improve coverage, but
present other challenges;namely, that the readings
provided by thesesensorsare heavily in
uenced by
local heat sourcessuch as processorsand disks. A
temperature sensoron a 3 GHz Pentium IV proces-
sor | using over 115 Watts at maximum utiliza-
tion | can register temperatures in excessof 25� C
above that of the air coming into the server.

3 Formalizing the Problem

Figure 1 depicts how ConSil �ts in to a modern
data center operations infrastructure. The role of

Figure 1: ConSil combines readings from internal
sensorsin each server platform with other instru-
mentation data to produce detailed thermal maps.

Sym bol Meaning

Q Measureof heat (Watts)
W Set of workload metrics
X Number of workload metrics
M Set of motherboard sensorreadings
Y Number of motherboard sensors
D Complete set of metrics (W and M )
D k kth most recent data set
Z Number of recent data sets

Table 1: Parametersfor problem formalization.

ConSil is to analyze data from internal and exter-
nal thermal sensorsand produce an accurate map
of current thermal conditions in the data center, for
input to the control policy. To extract this infor-
mation, ConSil builds and applies models of heat

o w in the data center and the servers it contains.
It usesthesemodels to infer the thermal map from
the internal sensorsin each server platform.

3.1 Problem Statemen t

The heat measuredwithin our server as being the
combination of the heat at the inlet of the server
and the heat generated by the server's workload.
Table 1 outlines the terminology and de�nitions we
use.

Qmeasur ed = f (Qinlet ; Qwor k load )

However, this equation omits several details. For
example, most servers have multiple internal sen-
sors. The amount of heat generatedby the work-
load and measuredby these sensorsvaries signi�-
cantly within the server. For example, the values
reported by a sensornear a processorare in
uenced
heavily by the recent activit y of that processor.

Given that workload and air
o w are dynamic, it
is di�cult to infer the thermal e�ects of workload
on each sensor individually . Instead, we leverage
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the fact that the heat measuredat each sensoris the
combination of heat generatedby the workload and
the heat from the ambient air at the server's inlet.
By inferring and subtracting the commonelement {
ambient air temperature { from measuredvalues,
we reducethe number of outputs from X to one.

While processorutilization may be the primary
contributor to heat production by a server, it is
not the only one. Thermodynamics tells us that
all components that consumenon-trivial amounts
of power { including RAM, storage devices, and
graphics cards { convert some of this power into
heat. Our model must be able to account for these
sources. In order to leverage the relationship be-
tweensystemutilization metrics { processorusage,
memory accessrates, disk read/write throughput,
etc { we update our model to include workload in-
formation as a proxy for the amount of heat in-
jected into the system.

Finally, we addressthe time-dependenceof heat

o w. While server utilization can changeinstanta-
neously, it will take time for the temperature dis-
tribution to adjust. For example,a server that has
been 100% utilized will heat up; however, when
that server goes idle it will take secondsor min-
utes for the server to eject the excessheat. Given
that the current workload is constant (idle) but the
internal temperature varies during this period, de-
pending solely on current workload readings as a
proxy for local thermal conditions would be unre-
liable. We must include recent data in order to
make accurate inferencesof a workload's e�ect on
internal measurements. If we include the Z most
recent data setsat time t, we can provide a formal
description of our model.

Qinlet = f
�
D t ; D t � 1; : : : ; D t � Z

�

4 ConSil

At a high level, we are dealing with a model that
has Z � (X + Y ) inputs | our workload and in-
strumentation data for each epoch | and oneout-
put | the inferred ambient air temperature at the
server inlet.

The �rst step in implementing ConSil is to collect
the data necessaryto construct our model. Since
the model is constructed o�-line, it is not neces-
sary to aggregatethe data as readingsare taken; it
is su�cien t to timestamp the reading as it is taken
for later correlation. Our input data is available
through a variety of standard monitoring infras-
tructures.

The output data | sensorsthat measure am-
bient air temperature outside the front inlets of
servers | can be collected through any number
of available hardware and software infrastructures.

While complete coverageof the data center using
thesesensorsaloneis cost-prohibitiv eand complex,
our method doesnot su�er from this limitation; we
require only 10 or 15 sensorsper type of server, and
for a limited time.

4.1 Mac hine Learning

The method we selectto model heat 
o w and infer
ambient air temperature must produce an output
that falls within a continuousrangeof values,repre-
sent complex relationships, construct the model us-
ing a large input set, and make \liv e" inferencesus-
ing the most recent instrumentation data. Approx-
imate solutions that run on the order of 1 second
are superior to more accurate solutions that take
minutes. This class of problem bene�ts from the
application of machine learning techniques. How-
ever, machine learning coversa broad classof meth-
ods, not all of which meet the criteria we set forth.
Our criteria rule out techniques such as decision
trees, tree induction algorithms, and propositional
learning systems.

Neural nets, on the other hand, meet our criteria
and present a reasonableanalogy to the scenario
at hand. Just as the strength of the relationship
between particular input and output values of a
neural net dependson the internal structure of the
net, the correlation betweenworkload and observed
temperature depends on the physical 
o w of heat
from server components to internal sensors. The
strength of this approach is that it allows us to add
observations to our model during normal operation
of our servers.

For a model using the Z most recent epochs, with
X internal temperature sensorsand Y metrics used
to characterizecurrent systemworkload, there will
be Z � (X + Y ) inputs to our system. The output of
our model is the inferred ambient air temperature;
from there we can deducethe amount of additional
heat present within the server.

It is important to note that we are not claiming
neural nets are the best modeling method. Instead
we show that, asan instanceof a machine-learning-
basedapproach, they have the properties we desire.

4.2 Implemen tation

There are several o�-the-shelf neural net develop-
ment libraries, enabling us to leveragethese tech-
niquesrapidly. We selectedthe Fast Arti�cial Neu-
ral Net (FANN) development library [1]. FANN
implements standard neural net training and exe-
cution functions, allowing us to focus on exploring
e�ectiv e methods of constructing our models.

We selectedthe sigmoid function as our activa-
tion function. Next, we determine an appropriate
exponent, which controls the shape of the output
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distribution. A \steep" sigmoid function requires
preciseinputs at all layersto produceaccurateout-
puts; small errors grow as they pass through the
network. A \
at" sigmoid function may result in an
overly-trained network. In other words, it canmake
accurateinferencesfor inputs similar to previously-
seendata, but is not generalenoughto provide ac-
curate answers for new input sets.

Beforeconstructing our model we processour in-
put and output data. Given that output values
from the sigmoid function will be in the range[0; 1]
we scaleall input and output values to fall within
this range. This provides consistencybetween in-
put and output data. We evaluate the accuracy of
the models using �v e-fold cross-validation (FFCV)
and summing the mean squarederror (MSE) over
the test data.

5 Results

For each type of server we collect data from exter-
nal temperature sensors,and internal temperature
and workload data from those servers whoseinlets
are adjacent to the external sensors. Our proto-
type implementation abstracts away certain details
and complexity for the sake of speed and simplic-
it y. For example,weuseCPU utilization asa proxy
for workload. We felt this to be a reasonablesim-
pli�cation given that our CPUs are responsible for
nearly over 80%of the server's power consumption.

The raw data for each server type comesfrom
three sources:CPU utilization data, internal tem-
perature data from kernel interfaces, and external
temperature sensornetworks. Once the raw data
was collected from all three sources,we synchro-
nized internal and external data. Internal data for
which the corresponding external data was \stale"
(over 60 secondsold) was discarded. Finally, we
selecteda random subsetof 10 servers for �v e-fold
cross-validation.

In addition to varying the number of recent
epochs we use as input, we vary the number of
workload epochs and internal sensorepochs inde-
pendently . This separation allows us to examine
whether workload or internal sensorsplay a more
signi�can t role in constructing accurate models.
While not exhaustive, this parameter spaceexplo-
ration comprises 810 unique models. Using gen-
eral full factorial design analysis, we can identify
which parametershave a signi�can t e�ect, and for
which parameters we can simply select a \reason-
able" value.

Certain FANN implementation parameterswere
constant for all experiments, including the maxi-
mum number of training iterations (105), the num-
ber of hidden layers (two), and the sizeof the hid-
den layers (twice the number of neuronsas the in-

ID Parameter % of Variation
A Epoch Length (s) 0.34
B Workload Epochs 0.14
C SensorEpochs 0.05
D Target MSE 1.55
E Sigmoid Slope 0.00
F FFCV Index 74.49

Table 2: Percent of variance in accuracy at-
tributable to �rst-order e�ects. Other than vari-
ance among FFCV experiments, only the target
MSE accounts for any measurablevariation.
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Figure 2: The CDF of inferenceerror for �v e di�er-
ent models on the HP DL360; the epoch time is 30
seconds.In each caseover 80%of the inferencesare
within 1� C of the actual server inlet temperature.

put layer).

5.1 Preliminary Exp erimen ts

Our data set comes from a corporate data cen-
ter containing several hundred DL360 servers. We
identi�ed a dozen servers with external tempera-
ture sensorssituated directly in front of their front
air inlet panels. For a period of 45 hours, we col-
lected CPU data at 1 secondgranularities, internal
temperature data at 5 secondgranularities, and ex-
ternal temperature data when provided by the ex-
ternal sensorinfrastructure.

At the time of observation the data center was
in heavy use running large computational batch
jobs. This provided for moderate variation in both
processorutilization and ambient air temperature.
Server inlet temperaturesvaried between20� C and
28� C; weplan to collect data for a larger varianceof
inlet temperatures,aspermitted by the data center
operators.

Table 2 charts the averagesum-of-squarederror
(SSE) between the inferencesmade by our mod-
els and the actual ambient air temperatures, and
quanti�es the �rst-order e�ects of each parameter
on model accuracy. Again, while �rst-order e�ects
do not capture any interactions between parame-
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ters they describe over three-quarters of the vari-
anceregarding inferenceaccuracy.

Variance in inference accuracy is dominated by
one factor: the FFCV sub-experiment. All other
�rst-order factors combined account for approxi-
mately 2% of the variance in inference accuracy.
There are a few possibleexplanations for this dis-
tribution of variance. We may not have su�cien t
sourcedata to construct our models. There aresev-
eral dimensions we could explore, including using
more than 10 servers, obtaining data from servers
in a wider variety of physical positions within the
data center, expanding our workload data beyond
CPU utilization, and collecting data for a longer
period of time.

However, the distribution of variance may indi-
cate that the rangeof parametersvaluesweselected
werenot su�cien tly varied to reveal signi�can t dif-
ferences. It is worth noting, though, that combin-
ing the e�ects of certain parameter selections |
secondand third-order e�ects | could have more
signi�can t implications on the accuracy of our in-
ferences.

Finally, we graph the accuracyof our inferences.
Figure 2 shows the CDF of our model's inference
accuracyfor 5 parameter combinations. The x-axis
is the absolute value of the di�erence between the
inferred value of ambient air temperature and the
actual temperature. In each case,over 80% of the
inferencesare within 1� C, and over 95% of the in-
ferencesare within 1:5� C of the correct value.

6 Conclusion

Our approach leveragesongoingstandardization in
on-chip and on-board internal sensorsand the rich
set of tools available for workload instrumentation.
We develop a model that usesinternal sensorread-
ings and workload utilization metrics to infer the
external ambient air temperature at everyserver in-
let in the data center, basedon a one-time calibra-
tion on a few machines. In addition to the increased
coverage,our results also have high accuracy. Our
analysis shows that the model is capable of infer-
ring ambient air temperature within 1� C over 80%
of the time.

Furthermore, our approach just needsus to de-
ploy the model on the server and can be ported to
any data center in a matter of hours or days. Addi-
tionally , our approach addressesanother key chal-
lenge with external sensors,namely the problem
of synchronizing and correlating ambient tempera-
ture readingswith the equivalent workload utiliza-
tion metrics. This enablesbetter integration into
higher-level thermal control loops such as for re-
duced cooling costsand greater reliabilit y.
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