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ABSTRACT
In this paper we present a system for online power prediction in virtualized environments. It is based on Gaussian mixture models that
use architectural metrics of the physical and virtual machines (VM)
collected dynamically by our system to predict both the physical
machine and per VM level power consumption. A real implementation of our system shows that it can achieve average prediction
error of less than 10%, outperforming state of the art regression
based approaches at negligible runtime overhead.
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1.

INTRODUCTION

Power consumption is a critical design parameter in modern data
center and enterprise environments, since it directly impacts both
the deployment (peak power delivery capacity) and operational costs
(power supply and cooling). The energy consumption of the compute equipment and the associated cooling infrastructure is a major
component of these costs. The electricity consumption for powering the data centers in the US is projected to cross $7B by the end
of 2010 [13, 14].
Modern data centers use virtualization (eg. Xen [3] and VMware)
to get better fault and performance isolation, improved system manageability and reduced infrastructure cost through resource consolidation and live migration [6]. Consolidating multiple server ap∗This work has been funded in part by Sun Microsystems,
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plications running in different virtual machines (VMs) on a single
physical machine (PM) increases the overall utilization and efﬁciency of the equipment across the whole deployment. Thus, the
creation, management and scheduling of VMs across a cluster of
PMs in a power aware fashion is key to reducing the overall operational costs. Policies for power aware VM management have been
proposed in previous research [15] and are available as commercial
products as well. These policies require accurate understanding of
the power consumption of the PM, as well as its breakdown among
the constituent VMs for optimal decision making. Currently they
treat the overall CPU utilization of the PM and its VMs as an indicator of their respective power consumption, and use it for guiding the power management policy decisions (VM migration, DVFS
etc.). However, as we show in the latter sections, based on the
characteristics of these different co-located VMs, the overall power
consumption of the PM can vary by more than 2x at same CPU
utilization levels. This observation underlines the main objective
of this paper: to develop a system that can dynamically estimate
power consumption of the whole machine as well as of its constituent VMs.
Our system is based on a power model that co-relates power
consumption to the architectural metrics (instruction throughput,
memory access rate etc.) of the workloads running inside the VMs.
These metrics are collected dynamically at a per VM level, and
are fed to the model to make the power prediction. The system is
non-intrusive and requires no changes to the VMs and the applications running inside it. The model itself is based on Gaussian
Mixture Models (GMMs), that are trained by running a small set
of benchmark applications. We implement our system on a state of
the art machine running Xen as the virtualization technology, and
show that it can perform online power prediction with an average
error of less than 10% across workloads with varying characteristics and utilization levels. Our evaluation shows that our model
outperforms regression models based on just CPU utilization [9] by
a factor of 5, and the architectural metrics by a factor of 3. Furthermore, we show that our methodology also scales across different
machine conﬁgurations, which is common in modern real world
deployments, incurring minimal runtime overhead.
Based on this discussion, the primary contributions of our paper are as follows: (1) We propose a system for capturing both PM
and VM level power consumption in virtualized environments. To
our knowledge, this is the ﬁrst work targeting this problem. (2) We
propose a power modeling methodology based on Gaussian Mixture Models that is independent of the conﬁguration of the machine,
making it extremely scalable. (3) We implement and evaluate our
system on real machines, and show that it can achieve high accuracy at minimal runtime overhead compared to state of the art
regression based algorithms.
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2.

RELATED WORK

Most of the prior work has focused on modeling and predicting
power for standalone systems [5, 7, 11, 12, 16]. Bellosa et al [4]
were the ﬁrst to propose power models based on correlation between power consumption and performance counters that captured
activity across various functional units of the CPU. Similarly, Contreras et al [7] proposed a regression based power model for a
PXA255 processor based on performance counter activity. These
models were primarily targeted towards embedded processors, and
exploited ﬁne grained utilization information. At a more coarse
grained level, Li et al [12] identiﬁed a strong co-relation between
IPC (Instructions per cycle) and CPU power consumption and utilized it to estimate run time power consumption of OS routines using a power/IPC regression model. Bircher et al [5] extend this idea
across other subsystems like memory, I/O etc. to provide a complete system power estimation. At server level, Lewis et al [11] provide a detailed model to account for all system components (CPU,
memory, disk, fans etc.) based on regression, while Fan et al [9]
propose simple power models based on just CPU utilization to account for the whole system power.
Most of these models have been proposed and veriﬁed in either
single core based systems ( [4, 5, 7, 12]) or with just one thread
running at any point in time [11], which limits their applicability
for multi-core based systems capable of running multiple threads
at a time. In addition, these models do not apply to virtualized
environments, where the OS itself runs on a virtualized hardware,
with no access to hardware performance counters.
The existing work on power estimation/modeling in virtualized
environments are based on using CPU utilization [15], which as we
show in this paper, can be misleading. We build upon the prior work
on power modeling in terms of co-relating architectural metrics of
the workload to its power consumption, and propose a power accounting system, that is able to provide complete observability into
the power consumption at the VM level across a cluster of PMs.

3.

MOTIVATION

The power consumption of a given PM can be divided into two
parts:
(1) Baseline Power (Pbase ): The power consumption when the
machine is idle. This comprises of power consumption due to the
fans, CPU, memory, I/O and other motherboard components in
their idle state.
(2) Active Power (Pactive ): The power consumption due to the
execution of the workload. The active power component is determined by the kind of workload that executes on the machine, and
the way it utilizes CPU, memory and I/O components.
The primary focus of this paper is on dynamic estimation of
Pactive of the whole system as well as each VM running on it.
This is important, since it is representative of the power consumption of the workload, and can be used by VM management policies
for better power management and provisioning across the cluster of
systems [9, 15].
In a virtualized system, there might be multiple VMs, each with
its own OS, running together on a PM. For proper power accounting
in such a scenario, we should be able to breakdown the active power
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related work in section 2 followed by motivation on our approach
towards power modeling in section 3. We then present the details of
our system design in section 4, followed by the discussion on our
implementation, experimental methodology and results in section
5. We ﬁnally conclude with a discussion on the major results and
future directions in section 6.
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Figure 1: Active Power consumption of application at different
CPU utilization levels
of the system at each VM level. To develop such a power accounting system for VMs, we ﬁrst try to understand the relation between
their execution characteristics and power consumption in isolation.
For this purpose, we perform experiments on a Dual Quad core
Xeon (hyper-threading equipped) [1] based machine. For all our
experiments, we measure and collect the power output from the
power supply of the machine. We ﬁrst estimate the Pbase of the
system by measuring the power when the machine is idle. We then
run different benchmarks from the CPU2000 suite in a VM at different CPU utilization levels, and record the system power periodically. We use multiple threads of the benchmarks to generate higher
utilization levels. We then subtract the baseline power (Pbase ) from
the measured power to estimate the active power (Pactive ) due to
the benchmark execution. Note, in this paper we do not model
fan power consumption. Recent work has shown that fan power
can be estimated through modeling of its power characteristics and
fan speed [17] that can then be plugged into the model we present
in this paper. In all our experiments, the fan speed was constant,
which ensures that Pactive does not include fan power component.
Figure 1 plots the active power consumption (Pactive ) of ﬁve
benchmarks (ammp, mcf, mesa, twolf, art) at different utilization
levels. We can clearly observe that the power consumption has no
direct corelation to the CPU utilization. For instance, for mesa,
the power consumption increases almost linearly to the increase in
utilization, since it has high IPC, which implies higher CPU power
consumption. We observe that the slope of increase changes at 50%
utilization. This happens since our machine has eight cores and
sixteen CPUs (due to hyper-threading), with two CPUs per core.
When we reach 50% utilization that corresponds to eight threads
of the benchmark, and beyond that the threads start sharing the
pipeline, which reduces the individual IPC of threads sharing the
pipeline. Thus, the contribution of new threads to power consumption beyond the 50% utilization point is lower. In contrast, for mcf,
we observe that the power consumption saturates at 25% utilization. This happens since mcf has very high memory access rate
(Memory accesses per cycle or MPC), and adding more threads increases cache contention, and results in lower IPC per thread. For
art, we observe that the power consumption actually starts to drop
after 50% utilization. This happens due to pipeline sharing and
higher cache conﬂicts, which signiﬁcantly reduce the overall IPC.
In summary, we observe that the power consumption of a workload is much more than a function of just its CPU utilization level.
The power consumption between two workloads at same level of
CPU utilization can be as high as 70 Watts. Architectural metrics
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like IPC, MPC, cache conﬂicts etc. are very important to predict
the power consumption of a workload at any given CPU utilization
level.
Based on these observations, we design a system, that can dynamically capture the VM level and whole PM level architectural
metrics and accordingly predict the active power consumption of
the PM as well as its constituent VMs. The prediction is done using a Gaussian mixture model (GMM) based predictor that can map
the architectural metrics to power consumption. The choice of selecting GMM as opposed to regression based approaches adopted
by existing state of the art is motivated by the observation in this
section, that power consumption is a function of architectural interactions at different levels (IPC, memory, cache etc). This results
in different clusters of power consumption values, with each cluster representative of some architectural interaction that is difﬁcult
to capture through a single set of coefﬁcients generated by regression. As we show in section 5, multiple Gaussian components of a
GMM are able to represent and capture these interactions and clusters much better, and consequently outperform regression based approach.

4.

DESIGN

The design of our system is based on a client server computing
model as shown in Figure 2. The clients are the PMs in the cluster responsible for characterizing the architectural metrics of the
running VMs and updating the server with this information. The
server is a machine that collects this data from all the client PMs in
the cluster, and predicts the active power consumption of the client
and its constituent VMs using a power model based on a GMM in
the form of a power report as shown in Figure 2. This information
can then be used by the policies running on the server for effective
power provisioning, power and thermal management through VM
migration, DVFS etc. In this section we will describe the design of
these components in detail.

4.1 Clients
The clients in our system are the PMs in the cluster that are part
of a common virtualized environment as shown in Figure 2. We
use Xen for virtualization in our setup, since it is open source and
forms the baseline technology for several commercial products like
XenSource and Sun xVM. In Xen, a VM is an instance of an OS
that is conﬁgured with virtual CPUs (VCPUs) and a memory size.
The number of VCPUs and memory size is conﬁgured at the time of
VM creation. A PM can have multiple VMs active on it at any point
in time, and Xen multiplexes their VCPUs across the real physical
CPUs (PCPUs) in the machine. Thus, a VCPU is analogous to a
thread, and a VM is analogous to a process in a system running
a single OS like Linux. Besides this, Xen has a control domain,
known as Domain-0 or Dom-0, which provides interfaces to the
user to create and manage VMs in the system.
From the discussion in the previous section, we know that power
consumption of each VM is a function of the architectural metrics
like IPC, MPC etc. and the CPU utilization of the workloads running inside it. Thus, we need mechanisms to extract these metrics
dynamically in a way that is minimally invasive for the running applications. For obtaining the CPU utilization of each VM, we make
use of Xen-API, that is implemented by Xen over Dom-0. However, Xen has no default mechanism to collect architectural metrics
(like IPC, MPC etc.) of VMs at run time. For this purpose, we augment Xen and implement a “performance counter manager” inside
the Xen scheduler to dynamically characterize the IPC, MPC and
CTPC (cache transactions per cycle) of the running VMs at runtime using performance counters widely available in modern CPUs
(see Figure 2). The system starts by characterizing the VCPUs as
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Figure 2: Overall System Design
they are scheduled on the PCPUs by programming their respective performance counters to account for the number of instructions
executed, memory accesses and cache transactions. Using these
counts it is able to dynamically maintain the architectural metrics
for each VCPU as they get scheduled on and off the PCPUs, and
uses them to derive the VM level metrics as well. It is able to isolate
these metrics at per VM level by storing them in the VM data structure and also aggregate them to derive the client/PM level metrics.
This information is regularly collected by an application sitting inside Dom-0 of Xen. The information for each VM (architectural
metrics + CPU utilization) and the whole client is then grouped together in the form of a metric vector and transmitted to the server
periodically as illustrated in Figure 2. The overall design of our
infrastructure is similar to the system proposed in [8]. As desired,
this system is minimally invasive and requires no modiﬁcations to
the OS and applications running inside the VM.
The server gets the metric vectors from all the clients in the cluster, and uses the GMM for each client (described in the following
section) to predict the active power consumption of the client and
its breakdown at per VM level in a power report as shown in Figure
2.

4.2 Server and Power Prediction Model
The server runs the power prediction model in our system (as
shown in Figure 2), and is responsible for generating client power
reports based on their metric vector updates. The power model is
speciﬁc to each client in the system and is trained ofﬂine. The underlying theory behind the model is GMMs and Gaussian Mixture
vector quantization (GMVQ) [10] based training and classiﬁcation.
GMMs are essentially a collection of Gaussian distributions that we
use to capture the different possible architecture level interactions
(IPC, cache and memory usage etc.) for a given client system. The
methodology comprises of ﬁrst building the GMM based on power
and metric values from some representative benchmarks that display different level of architecture interactions and power levels.
We refer to this as the training phase. For this purpose, GMVQ is
used to ﬁt a GMM to the training data (metric and power values),
which essentially tries to ﬁnd the “best” model by minimizing the
mismatch between the model being considered and the training data
being observed. Once the GMM is formed, it can be used for performing online power prediction based on the client level metrics
in the prediction phase. The predictor employs a GMVQ based
classiﬁer, that maps the input metric vector to the Gaussian component “closest” to it, and uses the components parameters (average
power in our case) to perform online prediction. We now present
the details on how these phases are accomplished in our system.

Training Phase: To perform power prediction, the model must
ﬁrst understand the relationship between the metric vector of a
workload and the active power consumption of the client it executes on. This necessitates a training phase, where the model is
constructed by feeding it with metric vectors and the corresponding
Pactive of the client system for workloads with varying characteristics. Let the input training vector be of the form x = {xipc , xmpc ,
xctpc , xutil , xpower }, where the IPC, MPC, CTPC and CPU utilization metrics are collected by our infrastructure discussed above,
and Pactive is measured using our setup described in section 3.
Once we have such input vectors for different kind of workloads,
we build the GMM using the following steps:
(1) We divide the CPU utilization space (0-100%) into bins, and
assign the input vector to the bin corresponding to its CPU utilization (xutil ). The size of the bins are decided experimentally during
the training phase itself, and will be discussed shortly.
(2) Inside each bin, we then ﬁt the vectors using GMVQ that
uses the quantizer mismatch (QM) distortion [2]. This ﬁtting generates multiple Gauss components (gi ) in each bin, where each
component captures cluster of vectors representative of the relationship between the architectural metrics and power consumption
within that cluster. Each gi found by the algorithm is described
by its mean mi = {mipc , mmpc , mctpc , mutil , mpower }, covariance Ki (xipc , xmpc , xctpc , xutil , xpower ) and probability pi .
These Gaussian components form a power prediction model for the
corresponding client.
(3) The power prediction model is then tested on the training
vectors. For this purpose we remove the xpower from the training vectors and feed it to the model as test vectors. The model
then uses a methodology based on GMVQ classiﬁcation [10] for
power prediction. The classiﬁer uses the minimum distortion, or
the “nearest-neighbor” approach to classify test vector, which is
the same distortion measure (QM distortion) used to design GMM,
as the classiﬁcation rule. Based on this, it selects the best Gaussian
component from the mixture, and then predicts the mean power of
the selected Gaussian component mpower as Pactive for the test
vector. The prediction is then compared to xpower of the vector to
measure the accuracy of the predictor.
(4) We do multiple iteration of steps 1-3 with different bin sizes
(ranging from 20% to 100%), and settle for the GMM which gives
the least prediction error. The intuition behind using multiple bins
is that it allows formation of more ﬁne grained Gaussian, which can
potentially capture the power clusters in the training data better, and
hence result in better predictions.
Prediction Phase: Once the GMM for a client is trained, it can
be used to perform online power prediction using the GMVQ classiﬁer based predictor described above in step 3 dynamically. The
client metric vector is used to predict the Pactive for the whole
client system, and the VM level metric vectors are used to perform
VM level power breakdown.
To illustrate the operation of the proposed algorithm, consider
the following example. Let the training vectors xtrain = {xipc ,
xmpc , xpower } be taken from randomly chosen application at runtime. For simpliﬁed analysis we assume just IPC and MPC as
architectural metrics and a single bin, so all the training vectors
are used together to generate the GMM. The resulting GMM consists of the Gaussian components with the following mean vectors: m1 = {7.8, 0.0134, 90W }, m2 = {14, 0.0027, 120W },
m3 = {9.8, 0.004, 103W } (we omit covariance matrix and the
component probability since it is not used for prediction). Note,
these IPC and MPC values are at PM/VM level, i.e. they are a sum
of the IPC and MPC of all the threads running within it. The resulting GMM is illustrated in Figure 3. Each point in the plot corre-
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Figure 3: Example of training and prediction using GMVQ
sponds to a training vector instance (the color indicates their power,
with brighter colors indicating higher power), and the ellipses indicate the Gaussian in the GMM. Now, let xtest = {15, 0.01} be the
test vector corresponding to a VM, for which we want to estimate
power. Using QM distortion, we ﬁnd g2 to be the closest to the test
vector. Thus, the power dissipated by the VM executing workload
described by xtest is predicted as 120W.

5. EVALUATION
In this section we present the details of the implementation of
our system, experimental methodology and the overall results. In
the presentation of the results, we also provide a discussion on the
results of our system compared to the state of the art regression
based approaches and the runtime overhead of our system.

5.1 Implementation & Methodology
We use state of the art 45nm 2.93GHz Dual Intel Quad Core
Xeon E5570 (16 CPUs) [1] based server machine with 8GB of
DDR3 SDRAM as the client. It runs Xen 3.3.1 as the hypervisor, and uses Linux 2.6.30 for Dom-0. The performance counter
manager (see Figure 2) is implemented as part of the Xen credit
scheduler (the default scheduler) to record VM level metrics. In
Dom-0, the VM characterization infrastructure is implemented in
two parts:
(1) A Linux driver that interfaces with the performance counter
manager to get the VM metrics and exposes it to the application
layer.
(2) An application client module that gets the VM metrics data
from the driver and passes it on to the server as part of the metric
vector for power prediction every 5s.
Our system requires no modiﬁcations to the applications and OS
in the VMs running on the client, which makes the system easily
deployable in real world setup. With each metric vector update we
also log the corresponding active power consumption of the system
using the setup described in Section 3. This is used to estimate the
goodness of our predictions.
The GMM for the client system is trained using four benchmarks
from the SPEC2000 suite, namely: mcf, gcc, mesa and gap. The
benchmarks are selected based on their varying characteristics in
terms of instruction throughput, and memory and cache behavior.
We run each of them inside a VM with utilization varying from
10-100% and generate 200 training vectors for each run. We test
our model with 18 benchmarks (including the four training benchmarks) from SPEC2000 suite running in single VM as well as multiple VMs with varying utilization levels. We generated 200 test
vectors for each run of the benchmarks, and compared the measured power against the predicted power to estimate the error for
each vector.
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(b) Individual benchmark predictions at 100% utilization level
Figure 4: Comparison of GMVQ with LSR and MR
We compare our model (which we refer to as GMVQ) against
two other regression based power models representative of state of
the art – (1) Linear regression with a single metric (CPU utilization): This model is representative of coarse grained power model
suggested in [9, 15]. We refer to it as LSR. (2) Multivariate regression on utilization + architectural metrics: This model uses exactly
the same training vector as we do. We refer to it as MR. There is
no prior work, which uses multi-variate regression for power prediction in virtualized environments. We include it to demonstrate
the robustness and suitability of a GMM based approach over regression for power modeling.

5.2 Results
Homogeneous VMs. In the ﬁrst set of experiments, we ran all the
benchmarks as part of a single/multiple VM(s) for overall model
veriﬁcation, and varied the CPU utilization by varying the number
of threads of the benchmark. Figure 4 shows the PM and VM level
active power prediction errors for LSR, MR and GMVQ models.
The per VM level predictions are veriﬁed against measured power
for the benchmark divided by the utilization of that VM. This is
reasonable since the same benchmark runs across all the VMs, and
thus their power consumption must be proportional to the number
of threads of the benchmarks they are running.
Figure 4a shows the average error across all the 18 benchmarks
at different utilization levels. We include results for utilization ≥
50%, since this is when the active power consumption becomes
signiﬁcant enough to require some dynamic power/thermal management decisions. We can observe that across all the utilization
levels, GMVQ is consistently low (<10%) in terms of prediction
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error. In contrast, for LSR and MR, the error increases signiﬁcantly
with increasing utilization levels. At 100% utilization, GMVQ outperforms LSR by almost a factor of 5, and MR by a factor of 3. LSR
performs poorly at high utilization levels due to the wide range in
active power consumption across different benchmarks at the same
utilization level (see Figure 1) that is difﬁcult to capture using simple linear regression. MR does better than LSR, since it models
architectural metrics of the workload, and is able to take into account the variations due to them at the same utilization level. However, it under-performs when compared to GMVQ; the reason for
this is that regression is based on a single set of coefﬁcients, which
implies a single source for prediction. In contrast, GMM is based
on multiple Gaussian components, each a possible source of prediction. As we observed in section 3, such an approach is more
suitable for power prediction, where multiple sources are representative of different level of architectural interactions, that result in
different levels of power consumption.
Figure 4b gives a detailed breakdown of prediction error on a per
benchmark basis at 100% utilization. We can observe that GMVQ
is precise and stable across the whole set, achieving <10% error
for around 85% of the benchmarks. LSR and MR are very inconsistent, with LSR incurring more than 60% prediction error for around
4 benchmarks. Thus, apart from higher prediction error, regression based models are also prone to inconsistency. One interesting
observation is that LSR performs extremely poor on benchmarks
from the training set (65% and 30% errors for mcf and mesa respectively), which further shows that CPU utilization alone is not
enough to capture variation in power consumption.
Heterogeneous VMs. In the second set of experiments we ran two
VMs on the client each running a different benchmark. Figure 5
shows the prediction results for PM level active power consumption for 10 such combinations at 100% utilization. We can observe
that GMVQ on an average achieves an error of just 7%, and outperforms LSR and MR by a factor of 5 and 2 respectively. We
can again observe the inconsistency of LSR prediction errors varying from 10% to as high as 68%. MR again performs better than
LSR by the virtue of taking architectural metrics into account, but
under-performs when compared to GMVQ. This experiment shows
that even with VMs concurrently running benchmarks with varying
characteristics, our model maintains its prediction consistency and
precision.
Different machine conﬁguration. To observe how our methodology scales if the machine conﬁguration changes, we trained all
the three models with the same training set (see section 5.1) for a
similar machine equipped with 24GB of memory instead of 8GB.
Figure 6 shows the average prediction errors for the three models
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Figure 6: Overall comparison on machine with 24GB memory
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across all the 18 benchmarks at different utilization levels. We can
again observe, that GMVQ is extremely stable achieving <10%
prediction error across all utilization levels. Interestingly LSR performs extremely well compared to the results achieved for 8GB machine (see Figure 4a), and even outperforms MR (though by small
margin) across all utilization levels. This happens since the benchmarks exhibit different power characteristics for this machine due
to its bigger memory size. Consequently, LSR is able to ﬁt the training data better compared to the training data for the 8GB machine.
However, at the same time this highlights the high dependence of
the accuracy of just CPU utilization based regression approach on
machine conﬁguration, and the results might be different for machines with much bigger memory sizes. MR does fairly well and
is more or less consistent in terms of its overall prediction when
compared to the 8GB results, but is still outperformed by GMVQ
by around factor of 2. Its consistency can be again attributed to it
taking architectural metrics of the workloads into account.
In summary, our results highlight two important ﬁndings. First,
it is important to take into account architectural metrics for server
class machines for power prediction. Models based on just CPU
utilization are highly inconsistent and are a function of the machine
conﬁguration. Second, the regression based models are inconsistent across varying workloads since they are unable to capture multiple architecture level interactions, which are representative of different levels of power consumption. These interactions are better
captured by GMM based model.
Overhead. In our experiments we observed negligible runtime or
power overhead due to our system. On the clients, the performance counter manager is implemented as a small module that
does simple performance counter operations and VCPU and VM
metric updates. The performance counters are hardware entities
with no overhead on software execution and accessing them is just
a simple register read/write operation. The Dom-0 application executes every 5s, and as explained in section 4 just reads and transmits the metrics vector updates to the server. In our experiments,
we observed negligible difference in execution time or power consumption of the system (<1%) across all the benchmarks with and
without our system. On the server side, the power model performs
online prediction based on simple GMVQ classiﬁcation, which in
our experiments was extremely quick (in the order of ms).

6.

CONCLUSION

In this paper we present a system for online prediction of power
consumption in virtualized environments. The system comprises of
an infrastructure to dynamically characterize VMs based on their
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