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Abstract—The emergence of Internet of Things increases
the complexity and the heterogeneity of computing platforms.
Migrating workload between various platforms is one way to
improve both energy efﬁciency and performance. Effective migration decisions require accurate estimates of its costs and beneﬁts.
To date, these estimates were done by either instrumenting the
source code/binaries, thus causing high overhead, or by using
power estimates from hardware performance counters, which
work well for individual machines, but until now have not been
accurate for predicting across different architectures. In this
paper, we propose P4 , a new Phase-based Power and Performance
Prediction framework which identiﬁes cross-platform application
power and performance at runtime for heterogeneous computing
systems. P4 analyzes and detects machine-independent application phases by characterizing computing platforms ofﬂine with
a set of benchmarks, and then builds neural network-based
models to automatically identify and generalize the complex
cross-platform relationships for each benchmark phase. It then
leverages these models along with performance counter measurements collected at runtime to estimate performance and
power consumption if it were running on a completely different
computing platform, including a different CPU architecture,
without ever having to run it on there. We evaluate the proposed
framework on four commercial heterogeneous platforms, ranging
from X86 servers to mobile ARM-based architecture, with 129
industry-standard benchmarks. Our experimental results show
that P4 can predict the power and performance changes with only
6.8% and 5.6% error, respectively, even for completely different
architectures from the ones applications ran on.
Index Terms—Power prediction, performance prediction,
phase recognition, neural networks

I. I NTRODUCTION
With the emergence of the Internet of Things (IoT), application tasks can run on many different platforms (e.g., X86
Xeon server vs. ARM-based mobile device) and at varying
operating conditions (e.g., CPU frequency, sleep states) [1].
In these computing ecosystems consisting of heterogeneous
devices, dynamic management and task mapping to meet
diverse objectives cannot be done without an accurate way
to estimate the performance/power costs and beneﬁts.
Much research has been conducted to build the power and
performance models targeting a single machine [2, 3, 4]. A
basic assumption of the existing modeling techniques is that
the power level is proportional to the workload intensity,
such as the amount of computation and memory accesses.
Despite much research over the last decades, predicting power
behavior across multiple heterogeneous machines still remains
a difﬁcult problem since application behavior signiﬁcantly
varies as a function of CPU architecture, platform design,
and runtime conditions. In our analysis, power consumption
to run the same application varies more than 100x between
two CPU architectures. Power consumption of two different
applications running on a single machine can be more than 3
This work was supported by Intel Corporation and NSF grant 1527034.

978-1-5386-3093-8/17/$31.00 ©2017 IEEE

times different. Thus, to perform the prediction tasks successfully, it is essential to proﬁle machine-independent application
behavior at a ﬁne granularity and to identify the general
cross-platform relationships given the particular workload’s
behavioral patterns. A recent work presented an accurate
cross-platform prediction technique by identifying workload
behavior at the level of basic blocks [5]. Their technique
requires application source code to identify these basic blocks
at compile time, which may not be always possible, thus
limiting its applicability.
In this work, we propose a novel Phase-based Power
and Performance Prediction technique (P4 ) for heterogeneous
computing ecosystems. P4 utilizes application phases to characterize ﬁne-grained system behavior on different operating
platforms. Application phase is deﬁned as an execution period which homogeneous system usage behavior is observed.
Unlike earlier work [5, 6] that depends on either source
code or binary instrumentation, P4 can automatically recognize
the application phases in a non-intrusive way by using only
Performance Monitoring Counters (PMC) which are readily
available in the existing systems. P4 characterizes each machine ofﬂine by running a small subset of benchmarks that
allow us to develop power and performance models of each
hardware (HW) platform, and to identify application phases in
the benchmarks. With the application phases and the individual
machine characterization, we train neural network models to
generalize the cross-platform relationships of the workload
characteristics for each phase. The neural network models accurately predict how much power and how fast an application
will run on a platform that is completely different from the
one it is currently running on. Online, when a machine is
running an application that has not been characterized before,
and a decision if to migrate to a different system needs to
be made, our P4 framework uses the models to estimate how
much power and performance that application would have if
it were migrated to a completely different system.
We evaluate the proposed technique on four completely
different platforms/architectures (e.g., x86 Xeon E5440 vs.
x86 Westmere vs. ARM Cortex A15) and scales (e.g., servers
vs. mobiles), with 129 industry-standard benchmarks. The
experimental results show that P4 can automatically identify
the workload phases, and predict time-variant power consumption and performance with only 6.8% and 5.6% error, on
completely different architectures running different numbers
of threads, such as Intel x86’s eight to ARM’s four threads.
II. R ELATED W ORK
Most power models in literature assume linear relationship
between power and performance monitoring counters [2], as
summarized in the following surveys [3, 4]. A number of publications have explored estimates of power consumption when
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a machine changes C and P power states, rarely change for different power states in a single machine, and developed a linear
regression model to estimate power and performance. Similar
techniques have been proposed for frequency changes [7] and
for cores in heterogeneous multicore systems [8]. Due to
increasing complexity and heterogeneity of architectures, the
cross-platform workload behavior cannot be estimated by only
relying on the assumption of the linearity between the PMC
events to the power consumption, and thus it requires a more
sophisticated approach to get the desired level of accuracy.
A promising way to better understand the workload behavior across architectures is to exploit ﬁne-grained application
phases. Different sections of a program execution show distinct
power characteristics [6, 9]. The phase detection technique
presented in [10] identiﬁed the application status by tracking function calls of Java mobile applications to design a
phase-driven power management which applies different CPU
frequencies to improve the energy efﬁciency. Work in [11]
inferred the phases from system events of mobile device subcomponents, such as CPU and GPS to detect abnormal power
behavior. Another work modeled the phases of HPC applications based on MPI-speciﬁc APIs to automatically generate
parallel benchmarks [12]. Based on their phase identiﬁcation
algorithm, they developed phase-aware power management
mechanism for multicore systems. Work in [13] proposed a
thread scheduling technique which ﬁnds stable phases based
on performance counters and migrates threads when a stable
phase is ﬁnished to reduce long memory latencies.
Work in [5] recently showed that the phase information is
useful to predict cross-platform power levels. They proposed
a technique which identiﬁes the phases during compile time at
the level of basic blocks. In contrast, our technique is different
from their cross-platform power prediction technique in that
we extract the application phases by monitoring only HW
performance counters, which are available on most existing
processor architectures. This enables our prediction to be
independent of a priori knowledge of applications such as
program basic blocks, application source code or binaries.
III. OVERVIEW OF P4
Figure 1 shows an overview of our proposed P4 framework.
The framework characterizes power/performance tradeoffs of
each machine of interest, and develops models to estimate
power consumption of the machine and application phases
observed in the benchmarks. It then formulates the model
for prediction of power consumption and performance across
different HW conﬁgurations. The ofﬂine characterization is
done by running a set of benchmarks while collecting PMC
data and measuring the power consumption on the multiple
HW platforms of interest.
The ﬁrst single-machine characterization step is performed
by two modules, the event-based power estimation and application phase extraction module. The event-based power estimation module (Section IV-A) takes the measured power consumption and the performance counter events as inputs. The
module automatically selects strongly power-related events
among all collected events using Lasso analysis and builds
a single-machine power estimation model for each platform.
The selected events are used as key parameters for the further learning stages, i.e., application phase extraction and
cross-platform prediction. The application phase extraction
module identiﬁes application phases from the selected events

Fig. 1: An overview of the P4 framework

by utilizing an automated unsupervised clustering procedure
(Section IV-B). The goal of the cross-platform prediction is to
train power/performance prediction models that are later used
online. P4 utilizes the phases as a basic unit to understand
cross-platform relationships of application tasks. Since the
application phases are identiﬁed for a single machine in the
ﬁrst step, we further identify the same phases across platforms
through a phase matching procedure (Section V-A). Then, we
can relate per-phase event behavior between platforms, and
generalize the relationship by training two types of neural
network (NN) models (Section V-B), which are designed
to predict cross-platform power and performance behaviors.
Combining the neural network models with the power estimation model, we can predict time-variant power consumption
of arbitrary programs at runtime (Section V-B2).
IV. S INGLE -M ACHINE C HARACTERIZATION
A. Event-based Power Estimation
In modern computing systems, there are more than a
hundred PMC events, but only a few can be collected at
the same time due to monitoring overhead. Thus, a key
challenge is how to select the minimum number of the powerrelated performance counters among all available. In the past,
system engineers would select the right PMCs by leveraging
domain knowledge. Increasing system heterogeneity makes
this manual event selection difﬁcult. We instead fully automate
the PMC selection by using Lasso statistical analysis (Least
Absolute Shrinkage and Selection Operator) [14]. The Lasso
method exploits l1 -regularization to perform feature selection
while building a regression model.
app
app
app
app
Let Vti j = e1,ti j , e2,ti j , . . . , ek,tij  be a vector for k
PMC events e at a time interval i for an application j, called
an event vector. Then, the collected data for a computing
platform CA can be represented by a set of event vectors,
0
0
N
DCA = {Vtapp
, Vtapp
, . . . , Vtapp
}. For a general event
0
1
L
vector Vt = e1,t , e2,t , . . . , ek,t , a linear power model for
CA is represented by
Pt  =

k


βi ei,t + β0

(1)

i=1

where βi is the coefﬁcient correspondent to each event and
β0 is the intercept. The linear regression ﬁnds the parameters
using least square solutions. Unlike standard linear regression,
the coefﬁcients of less power-related events are set to zero by
Lasso, and thus we can automatically exclude them and build
the power model by only using the selected events.
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TABLE I: Selected PMC events
Event
CLOCK CYCLES
INSTRUCTIONS
RS UOPS DISPATCHED
FP COMP OPS EXE
BR INSTS
BR MISSS
L1-DCACHE LOADS
L1-DCACHE STORES
LLC REFERENCES
LLC MISSES
BUS CYCLE
RESOURCE STALLS
DP SPEC
UNALIGNED LDST SPEC

Description
Clock cycles
Instructions
Micro operations dispatched
Floating point operations
Branch instructions retired
Branch instructions missed
L1 data cache loaded
L1 data cache stored
Last level cache referenced
Last level cache missed
Bus cycles
Resource stalls
Speculative integer operations
Speculative ld/st operations

Availablity
x86
ARM
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•

Fig. 3: Automated decision on the number of application phases, k
(Left: single-core, Right: multicore on the Intel SR1560SF server)

Fig. 4: Cross-architecture instruction changes

Fig. 2: Power and performance behavior with PMC events for
Linpack benchmark on Intel SR1560SF server at maximum frequency

Table I shows the list of PMC events which are selected
by the Lasso method in the P4 framework. For three tested
servers Lasso selected 12 PMCs, while for ARM it selected
11. We evaluate the accuracy of selected performance counters
on the event-based power estimation in Section VI-B.
B. Application Phase Extraction
The application phase extraction module is responsible
to identify application phases, i.e., clusters of homogeneous
system usage behavior. To better explain the concept of the
phases, Figure 2 shows power measurements and two representative PMC events for a Linpack benchmark [15] running
on Intel SR1560SF server. As shown in the ﬁgure, the PMC
events have similar patterns of changes over time which represent latent states related to power consumption, e.g., (A,C) and
(B,D). In addition, similar performance characteristic, e.g., the
number of instructions for an interval (INSTRUCTIONS), is
observed for each labeled period.
Our solution automatically relates the similar event behaviors to different application phases with k-means clustering
algorithm [16]1 . This algorithm requires two parameters, the
number of clusters k, and the initial center of each cluster.
The phase extraction procedure uses the set of event vectors
DCl , as the input data set of the k-means algorithm. Then,
the algorithm assigns a cluster index ρi,j to each vector
app
Vti j ∈ DCl , where 0 ≤ ρi,j < k.
Automated parameter selection: The framework also automatically selects the two parameters: the number of clusters,
k, and the initial centers of each cluster. First, k is selected
1 We also tested other clustering algorithms such as DBSCAN and hierarchical
clustering, and chose the k-Means since it identiﬁed the phases for most benchmarks
sufﬁciently compared to the other algorithms.

so that distinct system usage is sufﬁciently separated by the
identiﬁed clusters. The similarity of event vectors in each
cluster increases as k grows, and converges at value k for
which event vectors of each cluster have enough similarity.
The module automatically identiﬁes the converged point using
kNeedle algorithm [17]. Figure 3 illustrates the k decision
procedure based on the kNeedle algorithm for a dataset
collected on a Intel server. We ﬁrst execute the k-means
algorithm with k = 2, and calculate the standard deviation,
denoted as STDEV, for the distances between each data point
and its cluster center. Then, we increment the k values and
compute the standard deviation again. This iteration is repeated
up to kmax . We empirically set kmax to 100 since it provides
sufﬁcient convergence of the standard deviation. The kNeedle
algorithm then computes a guideline, depicted as the black dotted line, and determines the difference between the guideline
and the standard deviation line, indicated as the ‘difference’
line. The parameter k is selected as the point which gives
the maximum difference, that is, where the variance starts
converging. Based on these results, we set k to 11 and 16 for
the single- and multi-threaded application cases, respectively.
Once k is found, we also determine the initial cluster centers
using the k-means++ approach [16], which automatically ﬁnds
appropriate cluster centers to improve algorithm performance
and accuracy. Note that the identiﬁed phases are characterized
for a dataset of a single machine. Thus, we need to identify
the same phases across different machines. We present this
procedure in Section V-A.
V. C ROSS -P LATFORM P REDICTION
A. Cross-Platform Phase Recognition
To predict power and performance, we need to ﬁrst understand how application behavior changes across different HW
platforms. Intuitively, due to heterogeneity of architectures
and operating condition differences, the events monitored on
different platforms could vary even for the same application’s
task. As an example, Figure 4 shows how many instructions
should be executed to perform an identical task on two
different architectures. We compiled a code snippet of a simple
function and got the assembly code by using objdump. As
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Fig. 6: An NN model for workload amount identiﬁcation

has a high positive value close to 1.0 (where r ≤ 1.0), while
r < 0 when it has a negative relationship. Since we are only
interested in a positive relationship, the Pearson Delta, in short
Δ, is deﬁned as follows:

Fig. 5: PMC event pattern recognition

shown in the ﬁgure, due to the ISA differences between
x86 (CISC) and ARM (RISC), the generated assembly code
includes signiﬁcantly different instructions. For example, since
the function calls are handled differently, only 5 instructions
are executed on x86, whereas 11 instructions are needed on
ARM due to its smaller instruction set.
In order to capture cross-platform behavioral changes in
a general way, we exploit the extracted application phases.
Although applications have varying PMC patterns on different
platforms, these patterns can be generalized patterns by how
each phase utilizes the system. For example, a computeintensive phase in a given platform is likely to be computeintensive in another platform as well. We identify this relationship by associating the application phases extracted on a single
machine with machine-independent phases on other platforms.
The task is accomplished by two sub procedures, (i) event
pattern recognition and (ii) cross-platform phase matching.
1) NN-Based Event Pattern Recognition: Figure 5a shows
measurement results of a blackscholes benchmark for 60
seconds on two architectures, Intel Xeon E5440 and ARM
Cortex A15 processor. Different clusters identiﬁed by the
phase extraction procedure are denoted by different colors
in the bar graph of the Intel processor. These results show
that PMC event patterns are similar for the two platforms
even though they are different architectures. The patterns are
identiﬁed by the extracted phases on the Intel processor. For
example, the green phase is characterized by a lower number
of instructions and cache misses as compared to the purple
phase. Since these patterns are observed on both platforms, we
could estimate that the execution time of 60 seconds on the
ARM is reduced to around 32 seconds on the x86 processor.
The event pattern recognition procedure of P4 systematically
relates the phases of the same workload running on two
app
app
different platforms. Let TCA p and TCB p be the execution
time of each of two computing platforms CA and CB for
a benchmark. For the two platforms, we consider two event
app
vectors, one for a sub-duration (e.g., TCA p −δCA where δCA is
appp
a time duration less than TCA ) and the other one for the full
app
duration (e.g., TCB p ). Then, it compares the two event vectors
with a custom difference metric, called Pearson Delta to ﬁnd
the sub-duration which exhibits the most similar PMC pattern.
Pearson Delta exploits Pearson’s correlation coefﬁcient [18]
to ﬁnd the dependence of an event for the data collected on
two different platforms per each time duration. If there is a
strong positive linear relationship, the Pearson coefﬁcient, r,

Δ = avg i (Δi ) where

1 − ri , if ri ≥ 0
Δi =
1,
otherwise

(2)

where ri is the Pearson coefﬁcient for an i-th PMC event.
By changing δCA , we calculate the Pearson Delta values for
different sub-durations of the event vector of CA to the full
duration of CB . We also consider the opposite case, say the
app
subduration of TCB p − δCB , i.e., when the performance of
CA is slower than that of CB for the benchmark. Figure 5b
shows how Δ changes while running blackscholes. The result
shows that this procedure can ﬁnd the valid sub-duration of
32 seconds in CA which exhibits the most similar pattern to
the full duration of CB . We call the identiﬁed duration pair
on the two platforms as the best-pattern duration pair.
In our experiments, this procedure could ﬁnd execution
time changes of many benchmarks, e.g., more than half
of benchmarks across x86 and ARM. However, for some
benchmarks there are no outstanding similar sub-durations
or only monotonous PMC events keep occurring, so we get
relatively high Pearson Delta values which result in inaccurate
estimates. Thus, we build a neural network model which is
capable of automatically identifying complex patterns from
input data and capturing nonlinearity which are often observed
in the cross-architecture event relationship. The NN model,
called NNworkload , identiﬁes how many instructions should be
executed on a computing platform, say CB , using PMC events
observed on another platform, CA , as the input. Figure 6a
shows the neural network structure. The model consists of
an input layer, a hidden layer, and an output layer. Each
neuron of the input layer corresponds to each PMC event
collected during the sampling interval on a platform CA . The
output layer produces a single output given the number of
instructions on the predicted platform CB . The hidden layer
has 30 neurons, fully-connected to the two adjacent layers. The
sigmoid function with bias is used for the activation function,
and the back propagation method is used for training. To
converge the NN weights, the model is trained 100 times for
each training dataset2 .
We train the NNworkload using a subset of benchmarks
whose best-pattern duration pairs are correctly estimated. The
training procedure starts with the best estimated benchmark
which exhibits the minimum Pearson Delta. To generate the
2 We also trained different NN structures, e.g., more neurons of the hidden layer (up
to 100), more training iterations (up to 1000) and more hidden layers (up to 3), there
was no meaningful improvement in the prediction results.

686

Fig. 8: Cumulative distribution of instructions for two clusters
Fig. 7: Cross-platform phase matching (Intel SR1560SF to SUN
X4270, splash2x.lu cb)

training data of the benchmark, we align the event vectors
of CA and CB with the best-pattern duration pair. Then,
the event vector of CA and the number of instructions of
CB are sampled at the interval (ICB ) that the PMC events
are originally collected, as the NN training input and output
respectively. Once the model is trained for the benchmark, we
evaluate R2 score of the model. This procedure is repeated
by retraining the model with another benchmark in the order
of Pearson Delta values. Figure 6b presents how the R2 score
changes through the iterations along with the Pearson Delta of
the trained benchmarks. As shown in the results, the R2 score
suddenly drops after training the benchmark to 58%, since it
has an inaccurate duration pair. Based on this observation, we
choose the trained NN weights when R2 > 0.7 as the ﬁnal
NNworkload model.
Using the ﬁnal model, P4 re-calculates the best-pattern
duration pairs for all benchmarks. For a benchmark, let VtCi A
B
be the event vector collected at ti on CA , and InstC
tj be the
number of instructions collected at tj on CB . For VtCi A , the
NNworkload estimates the number of instructions on CB , say
C
 B . Thus, we can estimate the best-pattern duration pair
Inst
ti
by identifying ti and tj so that


C
B
 A=
InstC
Inst
tj .
ti
i

j

4

P exploits the event vectors within the identiﬁed durations to
ﬁnd the cross-platform phases.
2) Cross-Platform Phase Matching: In this step, P4 identiﬁes the machine-independent, cross-platform application
phases using a modiﬁed k-means algorithm with the application phases identiﬁed while running on a single machine.
Figure 7 illustrates the cross-platform phase matching proceapp
dure. Let VCA p = {υρ1,p , . . . , υρk,p } be a set of cluster centers
for the phases obtained for appp on a platform CA . Also, let
app
DCB p (⊂ DCB ) be the dataset of appp executed on another
app
platform CB . To identify the clusters of DCB p while keeping
the identiﬁed phase indexes, we apply the k-means algorithm
app
again with the initial cluster centers VCA p . Then, the k cluster
centers are moved with the k-means procedure so that each
phase is adjusted and ﬁt into the new application dataset. The
clusters newly identiﬁed for all benchmarks on CB represent
how each cluster on CA behaves on a different platform CB .
We utilize the per-phase behavior to train the cross-platform
prediction NN model described in the next section.

called NNP M C , which infers PMC events across platforms
to predict the time-variant power levels. The NNP M C has a
similar structure to the NNW orkload , but has multiple neurons
of the output layer which corresponds to the performance
counters of the predicted platform. To generate the training
dataset, we utilize the event distribution of each phase to
capture the event changes between platforms. To better clarify,
Figure 8 shows the cumulative distribution function (CDF)
graphs of the INSTRUCTIONS event for two representative clusters, running on the Intel Xeon E5440 processor at
2.8 GHz frequency and the ARM Cortex A15 at 1.8 GHz
frequency. The results show that different clusters for each
platform could present very different trends, while the events
in the same cluster behave very similarly across platforms.
The per-phase patterns are captured by training the neuapp ,C
ral network model. Let Vt p A be an event vector in a
computing platform CA . In the cluster distribution of each
app ,C
event of CA , we compute the percentile of ei,t p A of
app ,C
Vt p A , and ﬁnd e
i,t which is the event value at the same
percentile of the distribution of the same event in CB . For
example, in Figure 8, the two arrows respectively describe
the estimation of INSTRUCTIONS at the 0.2 percentile for
Cluster 1 and the 0.5 percentile for Cluster 2. Then, we create
appp ,CB
in CB where each element of the
an event vector Vt
vector is e
i,t . Some events are available only for CB , e.g.,
UNALIGNED_LDST_SPEC of ARM processor. In that case,
e
i,t is computed by selecting N event vectors of CB which
most similarly behaves in terms of each of N common events
and averaging the event values of the selected vectors. Then,
appj ,CB
app ,C
the model is trained with Vt j A as the input and Vt
as the output.
2) Complete NN model for Online Prediction: Power consumption is computed at runtime using NNP M C , NNworkload
and the Lasso power estimation model with PMCs. For the
instantaneous power prediction, P4 combines the NNP M C and
the single-machine model described in IV-A. The predicted
appj ,CB
, is used as an input of the regression
event vector, Vt
model since the NNP M C predicts how PMC events will
behave on a different platform for the same application. The
execution time for a sampling period on a different platform,
τCB , can be predicted by using that on the current platform
(τCA ), NNworkload which estimates the number of instructions
executed on CB (ICB ), and an output neuron of NNP M C
which produces the speed in Instructions Per Sampling interval
(IPS) on CB (IP SCB ) with the following equation3 :
τCB = τCA ×

B. Performance and Power Prediction
1) Phase-Based Prediction Model Learning: Once the
cross-platform phases are identiﬁed, we train a new NN model,

I CB
IP SCB

(3)

3 Due to the space limitation, we do not include the detailed proof steps. It can be
derived from τCi × IP SCi = ICi and ICA = IP SCA in a straight-forward way.
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TABLE II: Evaluated heterogeneous platforms

Fig. 9: A feed-forward neural network for online prediction

Figure 9 illustrates the online prediction procedure as a
feed-forward network for a platform pair, CA and CB . Once
the PMC events are collected as event vectors for an interval
τCA on CA , the sampled event vector is input into the two
neural networks. The number of instructions of CB , i.e.,
ICB , identiﬁed by NNworkload , is delivered to the execution
time conversion function, π, which computes τCB based on
Equation 3.
When P4 predicts power consumption for different frequencies on the same platform, the NNworkload is not activated
since the number of instructions required to run the workload
is the same regardless of frequency they are run at. Thus,
the IPS of CA is provided to the execution time conversion
function. At the same time, the power is predicted using the
regression-based power estimation model where the input of
the regression model is given as the output of the NNP M C .
Note that all the computation of the complete NN model are
performed only using the PMC events periodically monitored
on CA . Thus, P4 can do cross-platform prediction online by
just using collected PMC events.
VI. E VALUATION
A. Experimental Setup
The proposed P4 framework has been implemented using
Python 2.7 with Scikit-learn 0.17.1 library for the statistical analysis [19]. We conducted the measurements on four
computing platforms: Intel SR1560SF, Sun X4270, Dell PowerEdge R810, and Odroid XU3. Table II summarizes the
speciﬁcations of each platform. For the server systems, we
measure the supply power using the HIOKI 3334 power meter,
while the power consumption of Odroid XU3 is measured
by reading the embedded sensors on each core. The Intel
SR1560SF has also been instrumented to measure CPU power
consumption by reading voltage drop of two 0.1Ω shunt
resistors which are installed in the cables providing power
to the two quad cores, e.g. CPU 0-3 and 4-7 respectively. All
the power measurements are sampled at a rate of 100 ms. For
each platform, we execute the benchmarks at three processor
frequency levels, i.e., lowest (L), medium (M) and highest (H).
Benchmarks: We select industry-standard benchmarks which
represent a wide range of workloads. Benchmarks are executed
on each platform with varying number of threads and at
various processor frequencies. The benchmark set includes
SPEC2006 [20], PARSEC/SPLASH2x [21] with native inputs,
NERSC datacenter benchmarks [22], and Linpack [15], which
has been used for TOP500 runs [23]. A few of PARSEC
benchmarks (e.g., raytrace), Intel Linpack, and NERSC could
not be ported to the Odroid ARM processor due to the ISA

Type

Model

Mobile

Odroid
XU3
(ARM)

Server

Intel
SR1560SF

Server

Sun Fire
X4270

Server

Dell
PowerEdge
R810

Hardware component description
Exynos5422 ARM big.LITTLE
Cortex-A15 big: 1.4 GHz ∼ 1.0 GHz,
Cortex-A7 LITTLE: 2.0 GHz ∼ 1.2 GHz
L1 cache sizes: 32KB, DRAM size: 2GB
Intel Xeon E5440
1.99GHz ∼ 2.83GHz
L1 cache sizes: 64KB, DRAM size: 8GB
Intel Xeon E5500
1.6GHz ∼ 2.93 GHz
L1 cache sizes: 64KB, DRAM size: 24GB
Intel E7 4870 Westmere
2.39 GHz ∼ 1.06 GHz
L1 cache sizes: 32KB, DRAM size: 128GB

TABLE III: Overhead of P4 modules

Online
Ofﬂine

Power
Estimation
1.8 μs
4.6 s

Phase
model
N/A
161 s

Perf. prediction
model
34 μs
34 min.

Power prediction
model
88 μs
68.4 s

difference and library dependencies. In total, we could execute
129 benchmarks (50 single-core and 79 multicore) on the three
server platforms, and 88 benchmarks on the ARM platform.
We run the workloads for more than 2 hours, and collect the
performance counter events using perf tool every 250 ms while
measuring power consumption.
The experimental results for power estimation and prediction are cross-validated using the “leave-one-out” strategy to
evaluate each benchmark by separating the tested program
from the training set. We pick a benchmark for testing the
online identiﬁcation stage while all other benchmarks are used
to build the models in the ofﬂine learning stage. This crossvalidation was performed for all benchmarks. The accuracy
of the estimation and the prediction is evaluated using Mean
Absolute Percentage Error (MAPE).
Overhead: Table III shows the overhead of P4 modules
evaluated on Intel i7-6700k quad-core CPU. We report the
average process time of each event vector for the online stage
and the running time of each platform pair for the ofﬂine stage.
In the online stage, P4 computes the feed forward network and
only requires selected event counters. The runtime overhead
to process each event vector is less than 124 μs. Compared
to the PMC sampling rate of 250 ms, the runtime overhead is
negligible. Most overhead of the ofﬂine learning stage arose
from the benchmark execution. In our evaluation, the ofﬂine
learning stage was performed for 200 minutes, including the
benchmark execution of 165 minutes. Since the ofﬂine learning
happens only once for each machine, the overhead of the
ofﬂine stage is negligible.
B. Event-Based Power Estimation
To evaluate the event selection of the Lasso method, we
compare it against linear regression. The linear regression
method uses 10 additional performance counters, including
TLB misses, thermal trip, SSE execution, and snoop-related
events, on top of the event counters that P4 selected. We
also compare the results with two state-of-the-art processor
models published in Su et al. [24] and Lee et al. [7]. The
models exploit 8 and 3 events, respectively, selected based on
the domain knowledge of their architecture. Figure 10 shows
the comparison of estimation accuracy for processor power
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Fig. 12: Identiﬁed phases for four benchmarks
Fig. 10: Single-machine power estimation

Fig. 11: Power estimation error per platform

Fig. 13: Performance-aware power prediction for four heterogeneous
platform combinations

and supply power of the Intel server for the single- and the
multi-threaded test cases running at the highest frequency.
We also tested an NN model which estimates the power
level with 30 neurons to account for non-linearity. Because
of the limited space, we show 14 representative benchmarks
out of 129 and the average error over all tested benchmarks.
The results show that Lasso estimates processor and supply
power accurately, even though Lasso is using only a subset
of available performance counters. The Lasso estimation error
is similar to the linear regression (LR) model, which uses 22
PMC events, with only 0.2% difference on average. Lasso
model has better accuracy than the two published models,
since P4 automatically selects strongly power-related events
for the given target platforms. In addition, it shows comparable
results to the NN-based model. Thus, we conclude that the
events statistically selected by P4 provide very accurate power
estimates without the need for domain knowledge as was done
by Su et al. [24] and Lee et al. [7].
Figure 11 summarizes the power estimation error of P4
which uses the selected events for other platforms. The result shows that the power estimates of multicore and higher
frequency cases are more challenging due to the larger ﬂuctuations in power levels. Nevertheless, P4 estimates power with
5.4%, 3.23%, 4.98%, 4.28%, and 7.5% of average error for
the Intel, Sun and Dell servers, Cortex A15, and Cortex A7
respectively. The error on Cortex A7 is a bit higher than others,
since the processor has relatively low static power, making it
highly sensitive even to small errors.Even for the worst case
benchmark, the model can estimate within 13% of error.
C. Application Phases Identiﬁcation
Figure 12 presents a qualitative comparison of the crossplatform phase behavior for four benchmarks with different
colors denoting different clusters (phases). The IntelH (Intel
server running at the highest frequency) is used as the reference platform to detect the baseline phases. The phases of

the top two benchmarks, spec.bzip2 and spec.gcc, are from
single-threaded benchmarks, while the bottom are of multithreaded ones. The comparison includes different frequencies, i.e. IntelH vs. IntelL, various platforms, i.e. IntelH vs.
SunH, and completely different CPU architectures, i.e. IntelH
vs. A15H. The result shows that the phase recognition and
matching techniques accurately recognize the phases across
different platform conﬁgurations. For example, the spec.bzip2
benchmark has a dominant phase, denoted with red color,
and an intermediate phase of pink color. The pink color is
not visible on A7H, since the benchmark terminates before
executing this phase. Similar ﬁndings are also observed for
parsec.blackscholes in the multi-threaded case. P4 identiﬁes
the cross-platform phases accurately for more complex benchmarks, e.g., spec.gcc and parsec.facesim.
D. Cross-Platform Prediction
Our key contribution is the generalized power prediction
capability across heterogeneous platforms. Figure 13 shows
how the proposed P4 predicts power consumption using the
online prediction network described in Section V-B2. The
results show four heterogeneous platform combinations, (a)
two different-architecture, Intel x86 to ARM Cortex A15,
(b) a cross-server case from IntelH to SunH, (c) a big-toLITTLE example in moving from A7 to A15, and (d) a
frequency change from IntelH to IntelL, for four representative
multi-threaded benchmarks. The results show that based on
the trained neural networks, P4 can accurately predict power
changes over time for all the heterogeneous platform combinations. The execution time for each benchmark is also predicted
for each of the platforms. For example, the prediction of
parsec.canneal of the 60 seconds on Cortex A15 is made
with the PMC events for 18.5 seconds observed on IntelH.
This means that P4 can predict both instantaneous power and
performance changes using monitored events.
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Fig. 14: Summary of cross-platform time-variant prediction accuracy

Figure 14 reports the prediction results for the six conﬁguration change cases. In the evaluation, we observed that our
methodology can accurately predict performance and power
consumption. P4 gets 5.2% error on average for predicting time-varying power consumption on servers for multithreading benchmarks. Similarly, when comparing completely
different architectures for multi-threading benchmarks, P4 gets
7.2% and 6.8% error on average, for A15H-to-IntelH and
IntelH-to-A15H cases respectively. Note that, for in this case
the number of threads is also different, i.e., 8 on Intel vs. 4 on
ARM A15, as well as their frequency levels. When predicting
power consumption for the big-LITTLE example (A7-to-A15),
the error is 6.9%. We also compute the performance prediction
error with the IPS metric. The results show that the average
error is less than 6% for even the most challenging crossarchitectural prediction cases such as A15H-to-IntelH and
IntelH-to-A15H. Thus, P4 can accurately predict the power
and performance for the complex combinations, including
changes in the number of threads, CPU frequencies, platforms
(mobile to server), and CPU architectures (x86 to ARM).
VII. C ONCLUSION
In this paper, we propose P4 , which characterizes the diverse workload for heterogeneous computing ecosystems and
accurately predicts power and performance across different
CPU architectures and computing platform conﬁgurations. Our
technique automatically selects the event counters strongly
related to the power consumption and extracts application
phases which represent the groups of similar system usage
behavior without a priori knowledge. Then, it automatically
trains neural networks to predict power and performance
across different platforms at runtime with negligible overhead.
In our evaluation conducted on four heterogeneous computing
platforms, we showed that our framework successfully recognizes the distinct application power states, and accurately
predicts power consumption with less than 7.2% of error for
all diverse conﬁguration changes, including frequency levels,
platforms, and CPU architectures.
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