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Abstract

Sewral projects involving high-level thermal manage-
ment | such aseliminating \hot spots" or reducing cool-
ing costs through intelligent workload placemert | re-
quire ambient air temperature readings at a ne gran-
ularity. Unfortunately , current thermal instrumentation
methods involve installing a set of expensive hardware
sensors. Modern motherb oards include multiple on-board
sensors,but the valuesreported by these sensorsare dom-
inated by the thermal e ects of the server's workload.

We propose using machine learning methods to model
the e ects of server workload on on-board sensors. Our
models combine on-board sensorreadings with workload
instrumentation and \mask out" the thermal e ects due
to workload, leaving us with the ambient air temperature
at that server'sinlet. We presert a formal problem state-
ment, outline the properties of our model, describe the
machine learning approach we useto construct our mod-
els, and presert ConSil, a protot ype implementation.

1 Intro duction

As the number of servers and power requiremerts
of serers increase, data certer designersand man-
agersmust accourt for factors beyond standard per-
formanceissues.Yet instrumentation of thesefactors
that is available to managemen agens lags far be-
hind that for performanceand IT considerations.

The rst prerequisite of integrating power and ther-
mal concernsinto a managemen agert is accurate
and complete information to drive the managemen
policy. A crucial componert is a detailed thermal
map of the data certer, containing temperature and
air o w information at a ne-grained resolution. For
example, recert work in data certer thermal man-
agemern revealsthat maintaining a low inlet temper-
ature leadsto lower cooling costs[12, 7]. Implemert-
ing this policy requires an accurate reading of the
inlet temperature at every sener.

Yet the amount and type of thermal data we can
monitor is less ne-grained than that available for ap-
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plication and system performance. A managemen
agert attempting to optimize system performance
can utilize raw data from processors,memory sub-
systems,network devices,and storagedevices,aswell
asapplication-level metadata from batch queues,web
seners, and other data certer applications. A man-
agemen agert attempting to cortrol thermal condi-
tions must draw from sparseor ine ectiv e sensors.
Useful data, such as ambient air temperatures, are
generally collected using a separate network of tem-
perature sensors. These sensors,placed on rack en-
closuresand A/C units [9, 5], can be expensive to ob-
tain, time-consumingto deploy, and di cult to read;
it is not uncommon to have only two or three such
sensorsplaced on a standard rack enclosure.

Other temperature sensorswve can monitor, suc as
thoseon most modern motherboards, report the tem-
perature at selectedpoints within a server. However,
thesesensorsdo not provide a good proxy for ambient
temperature sincetheir valuesare in uenced heavily
by local thermal conditions, such as heat from the
processor(s). While someservers contain a tempera-
ture sensornear the front inlet, a data certer owner
should not be forcedto limit their purchasingoptions
basedon this single factor.

We propose constructing a thermal map that in-
cludesper-sener inlet temperatures by modeling and
then \masking out" local thermal conditions in each
sener. While a single sensor| sud as those on
top of eadh processor| may be dominated by the
local thermal e ects of that serwer's workload, the
readings from multiple sensorsover time allow us to
model the e ects of a givenworkload on thosesensors.
We leveragemachine learning techniquesto combine
existing workload data with multiple internal temper-
ature readingsto infer the current sener inlet tem-
perature. We demonstrate the e ectiv enessof this
approadc by building thermal models for an existing
line of seners. With a few hundred data points per
sener, our models are capable of infer inlet temper-
atures within 1 C over 80% of the time, and within
2 C over 98% of the time. This degreeof accuracyis



similar to that of o -the-shelf temperature sensors.

2 Motiv ation

Current-generation 1U serwers consume over 350
Watts at peak utilization, releasingmuch of this en-
ergy asheat; a standard 42U rack of such senerscon-
sumesover 8 kW. As data certers migrate to bladed
seners over the next few years, these numbers could
potentially increaseto 55 kW per rack [8].

A thermal managemen policy that considersfacil-
ities componerts { such as A/C units and the lay-
out of the data certer { and temperature-aware IT
componerts can decreasecooling costs [9], increase
hardware reliabilit y [2], and decreaseresponsetimes
to transients and emergencieq6]. Signi cant recert
work in data certer managemen focuseson formu-
lating e ectiv e thermal managemen policies; Multi-
ple projects reducedata certer cooling costs, suc as
optimizing cooling [9], minimizing global power con-
sumptions[10, 4], and e cien t heat distribution [7, 3].
Theseprojects depend on an underlying instrumenta-
tion layer to provide the thermal map. In the absence
of ne-grained thermal instrumentation, these poli-
ciesmust rely on simplistic heuristics, such as mini-
mizing server power consumption, A/C return tem-
perature, or generating a uniform exhaust pro le.

We are not aware of any other work looking at soft-
ware models for thermal mapping of data certers.
Related work has primarily used ad-hoc collections
of external sensorsto monitor serer inlet tempera-
ture at a few selectedlocations [12]. As discussed
earlier, in addition to the large costswith wiring and
maintenance, these approades also su er from in-
accuraciesfrom inadequate coverage. In lieu of ac-
tual deployments, other studies have usedsimulation
to determine thermal maps [9, 11]. However, these
simulations use complex uid dynamics, ead taking
seweral hours of run time.

Common thermal managemenm practices involve
placing two or three sensorson the front and badk
of eath rack. This results in lessthan 150 sensors
providing data for up to 1000seners. Furthermore,
the total costof deploying theseor additional sensors
can be prohibitiv e, up to $100per sensor.

Modern motherboards, on the other hand, pro-
vide the status of multiple relevant on-board compo-
nents, including fans and internal temperature sen-
sors. These sensorsimprove coverage, but presen
other challenges;namely, that the readings provided
by these sensorsare heavily in uenced by local heat
sourcessudch as processorsand disks. A temperature
sensoron a 3 GHz Pentium IV processor| using
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Figure 1: ConSil combinesreadingsfrom internal sen-
sorsin ead sener platform with other instrumenta-
tion data to produce detailed thermal maps.
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Number of motherboard sensors
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Table 1: Parametersfor problem formalization.

over 115Watts at maximum utilization | canregis-
ter temperatures in excessof 25 C above that of the
air coming into the sener.

3 Formalizing the Problem

Figure 1 depicts how ConSil ts in to a modern data

certer operations infrastructure. The role of ConSil

is to analyze data from internal and external ther-

mal sensorsand produce an accurate map of current

thermal conditions in the data certer, for input to

the control policy. To extract this information, Con-

Sil builds and applies models of heat o w in the data

certer and the senersit contains. It usesthesemod-

elsto infer the thermal map from the internal sensors
in each sener platform.

3.1 Problem Statemen't

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

f (Qintet ; Qworkload )

Qmeasur ed



However, this equation omits seweral details. For

example, most servers have multiple internal sensors.

The amourt of heat generatedby the workload and
measuredby these sensorsvaries signi cantly within
the sener. For example, the values reported by a
sensornear a processorare in uenced heavily by the
recen activity of that processor.

Given that workload and air o w are dynamic, it
is dicult to infer the thermal e ects of workload on
ead sensorindividually . Instead, we leveragethe fact
that the heat measuredat eat sensoris the combina-
tion of heat generatedby the workload and the heat
from the ambient air at the sener's inlet. By infer-
ring and subtracting the commonelemen { ambient
air temperature { from measuredvalues, we reduce
the number of outputs from X to one.

While processor utilization may be the primary
cortributor to heat production by a sener, it is not
the only one. Thermodynamics tells us that all com-
ponerts that consumenon-trivial amounts of power {
including RAM, storagedevices,and graphicscards{
convert some of this power into heat. Our model
must be able to accourt for thesesources.In order to
leveragethe relationship between system utilization
metrics { processorusage,memory accesgates, disk
read/write throughput, etc { we update our model
to include workload information as a proxy for the
amount of heat injected into the system.

Finally, we addressthe time-dependenceof heat
ow. While serwer utilization can change instanta-
neously it will take time for the temperature distri-
bution to adjust. For example,a sener that hasbeen
100%utilized will heat up; however, whenthat server
goesidle it will take secondsor minutes for the server
to ejectthe excesdheat. Giventhat the current work-
load is constart (idle) but the internal temperature
variesduring this period, depending solely on current
workload readings as a proxy for local thermal con-
ditions would be unreliable. We must include recert
data in order to make accurate inferencesof a work-
load's e ect on internal measuremets. If we include
the Z most recert data setsat time t, we can provide
a formal description of our model.

4 ConSil

At a high level, we are dealing with a model that has
Z (X +Y)inputs | our workload and instrumen-
tation data for each epoch | and oneoutput | the
inferred ambient air temperature at the sener inlet.

The rst stepin implementing ConSil is to collect
the data necessaryto construct our model. Sincethe
model is constructed o -line, it is not necessaryto
aggregatethe data as readings are taken; it is su -
cient to timestamp the reading asit is taken for later
correlation. Our input data is available through a
variety of standard monitoring infrastructures.

The output data | sensorsthat measureambient
air temperature outside the front inlets of seners |
can be collected through any number of available
hardware and software infrastructures. While com-
plete coverageof the data certer using these sensors
alone is cost-prohibitive and complex, our method
doesnot su er from this limitation; we require only
10 or 15 sensorsper type of sener.

4.1 Machine Learning

The method we selectto model heat ow and in-
fer ambient air temperature must produce an output
that falls within a continuous range of values, repre-
sent complexrelationships, construct the model using
a large input set, and make \liv e" inferencesusing
the most recert instrumentation data. Approximate
solutions that run on the order of 1 secondare su-
perior to more accurate solutions that take minutes.
This class of problem bene ts from the application
of machine learning techniques. Howevwer, machine
learning covers a broad class of methods, not all of
which meetthe criteria we setforth. Our criteria rule
out techniques sud as decisiontrees, tree induction
algorithms, and propositional learning systems.

Neural nets, on the other hand, meet our criteria
and present a reasonableanalogy to the scenarioat
hand. Just as the strength of the relationship be-
tweenparticular input and output valuesof a neural
net dependson the internal structure of the net, the
correlation betweenworkload and obsened tempera-
ture dependson the physical ow of heat from server
componerts to internal sensors.The strength of this
approad is that it allows us to add obsenations to
our model during normal operation of our servers.

For a model using the Z most recen 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
presert within the sener.

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



4.2

There are se\eral o -the-shelf neural net developmert
libraries, enabling us to leverage these techniques
rapidly. We selectedthe Fast Arti cial Neural Net
(FANN) developmert library [1]. FANN implements
standard neural net training and executionfunctions,
allowing usto focuson exploring e ectiv e methods of
constructing our models.

We selectedthe sigmoid function asour neuron ac-
tivation function. Next, we must determine an ap-
propriate exponert, which cortrols the shape of the
output distribution. A \steep" sigmoid function re-
quires preciseinputs at all layersto produceaccurate
outputs; small errors grow as they passthrough the
network. A \at" sigmoid function may result in an
overly-trained network. In other words, it can make
accurate inferencesfor inputs similar to previously-
seendata, but is not generalenoughto provide accu-
rate answers for new input sets.

Beforeconstructing our model we processour input
and output data. Giventhat output valuesfrom the
sigmoid function will bein the range[0; 1] we scaleall
input and output valuesto fall within this range. This
provides consistencybetweeninput and output data.
We ewaluate the accuracy of the models using v e-
fold cross-walidation (FFCV) and measingthe mean
squarederror (MSE) over the test data.

Implemen tation

5 Results

For eat type of sener we collect data from external
temperature sensors,and internal temperature and
workload data from those servers whose inlets are
adjacert to the external sensors.Our prototype im-
plemertation abstracts away certain details and com-
plexity for the sake of speedand simplicity. For exam-
ple, we use CPU utilization asa proxy for workload.
We felt this to be a reasonablesimpli cation given
that our CPUs are responsible for nearly over 80% of
the sener's power consumption.

The raw data for ead sener type comesfrom three
sources: CPU utilization data, internal temperature
data from kernel interfaces, and external tempera-
ture sensornetworks. Once the raw data was col-
lectedfrom all three sourceswe synchronizedinternal
and external data. Internal data for which the corre-
sponding external data was \stale" (over 60 seconds
old) was discarded. Finally, we selecteda random
subsetof 10 senersfor v e-fold cross-\alidation.

In addition to varying the number of recert epochs
we use as input, we vary the number of workload
epochs and internal sensor epochs independertly.
This separation allows us to examine whether work-

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: Percert of variancein accuracyattributable
to rst-order eects. Other than variance among
FFCV experiments, only the target MSE accourts
for any measurablevariation.

load or internal sensorsplay a more signi cant role
in constructing accurate models. While not exhaus-
tive, this parameter spaceexploration comprises810
uniqgue models. Using general full factorial design
analysis, we can identify which parameters have a
signi cant e ect, and for which parameters we can
simply selecta \reasonable" value.

Certain FANN implementation parameters were
constart for all experimerts, including the maximum
number of training iterations (10°), the number of
hidden layers (two), and the size of the hidden layers
(twice the number of neuronsasthe input layer).

5.1 Preliminary Exp erimen ts

Our data set comesfrom a corporate data certer con-
taining seweral hundred DL360 seners. We identi ed
adozensenerswith external temperature sensorssit-
uated directly in front of their front air inlet panels.
For a period of 45 hours, we collected CPU data at 1
secondgranularities, internal temperature data at 5
secondgranularities, and external temperature data
when provided by the external sensorinfrastructure.

At the time of obsenation the data certer wasin
heavy use running large computational batch jobs.
This provided for moderate variation in both proces-
sor utilization and ambient air temperature. Serwer
inlet temperatures varied between20 C and 28 C.

Table 2 charts the average sum-of-squared error
(SSE) between the inferencesmade by our models
and the actual ambient air temperatures, and quarnti-
es the rst-order e ects of eadh parameter on model
accuracy Again, while rst-order e ects do not cap-
ture any interactions between parameters they de-
scribe over three-quarters of the variance regarding
inferenceaccuracy

Variancein inferenceaccuracyis dominated by one
factor: the FFCV sub-experiment. All other rst-
order factors combined accourt for approximately 2%
of the variance in inference accuracy However, this
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Figure 2: The CDF of inferenceerror for v e dier-
ent models on the HP DL360; the epoch time is 30
seconds.In ead caseover 80% of the inferencesare
within 1 C of the actual sener inlet temperature.

may indicate that the range of values we selected
were not su cien tly varied to reveal signi cant dif-
ferencesbetweenthem. It is worth noting, though,
that combining the e ects of certain parameter selec-
tions could have more signi cant implications on the
accuracy of our inferences.

Finally, we graph the accuracy of our inferences.
Figure 2 shows the CDF of our model's inferenceac-
curacy for 5 combinations of our parameters. The
x-axis is the absolute value of the di erence between
the inferred value of ambient air temperature and the
actual temperature. In ead case,over 80% of the
inferencesare within 1 C, and over 95% of the infer-
encesare within 1:5 C of the correct value.

6 Conclusion

Our approach leveragesongoing standardization in
on-chip and on-board internal sensorsand the rich set
of tools available for workload instrumentation. We
dewvelop a model that usesinternal sensorreadings
and workload utilization metrics to infer the external
ambient air temperature at every sener inlet in the
data certer, basedon a one-time calibration on a few
machines. In addition to the increasedcoverage,our
results also has fairly high accuracy. Our analysis
shows that the model is capable of inferring ambient
air temperature within 1 C over 80% of the time.
Furthermore, our approach just needsus to deploy
the model on the server and can easily be ported to
any data certer in a fairly small amourt of time.
Additionally , our approach addressesanother key
challengewith external sensors,namely the problem
of synchronizing and correlating ambient tempera-
ture readingswith the equivalent workload utilization
metrics. This enablesbetter integration into higher-

levelthermal cortrol loopssuch asfor reducedcooling
costsand greater reliabilit y.
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