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a b s t r a c t
Mobile devices and applications exhibit highly diverse behavior in their usage and power/performance
requirements. In order to accommodate such diversity, this paper presents ‘HeteroMates’ system that uses
heterogeneous processors to extend the dynamic power/performance range of client devices, i.e., offer
both high performance and reduced power consumption. It proposes core group abstraction that groups a
small number of heterogeneous cores to form a single execution unit. Group heterogeneity is exposed as
multiple heterogeneity (H) states, an interface similar to the P-state interface already used for frequency
scaling. Further, the core group abstraction is extended to a multicore group to allow multiple cores within
a group to be active concurrently. Also demonstrated is the importance of ‘uncore’ power in total SoC
power consumption and the need for uncore-aware operation and uncore power scalability when seeking
to extend a platform’s dynamic power/performance range using heterogeneity. Experimental evaluations
use real-world client applications and a unique experimental testbed comprised of heterogeneous cores
and a shared uncore component. Results show that HeteroMates can provide signiﬁcant performance
improvements while also lowering energy consumption for a diverse set of applications when compared
to homogeneous processor conﬁgurations.
Published by Elsevier Inc.

1. Introduction
Mobile devices have emerged as a dominant computing platform for end users, resulting in an unprecedented increase in the
range of performance demands imposed on them by their many
rich applications, and at the same time, battery life and energy efﬁciency remain critical concerns. Yet modern processors are typically
designed to meet only one, not both, of these two conﬂicting goals of
performance vs. efﬁciency. In response, chip vendors have adopted
heterogeneous multicore processors (HMPs) as their platforms of
choice, which consist of cores with different performance/power
characteristics. Examples include Variable SMP from NVIDIA [1]
and Big.LITTLE processing from ARM [2]. HMPs make it possible
for different applications within a diverse mix of workloads to be
run on the ‘most appropriate’ cores [3–6]. For example, applications not time critical to the user can be run on low-power small
cores, while applications with their outputs visible to the user can
be allocated to high-performance big cores.
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In addition to performance and energy-efﬁciency goals, the
processors used in mobile platforms also need to operate under
stringent power constraints, in part due to the devices’ limited
cooling options. At the same time, growing transistor counts under
such limited budgets, coupled with poor per-transistor power scaling, are not only creating a utilization wall that limits the fraction
of a chip that can run at full speed at one time, a trend also
known as dark silicon [7], but they also create new opportunities
for realizing application performance goals under stringent power
constraints.
This paper presents the HeteroMates solution that utilize
such ‘excess’ silicon by intentionally over-provisioning the CPU
using heterogeneous cores in order to provide a wider dynamic
power-performance range for client devices, to meet both their highperformance and low-power demands. Within a heterogeneous
mix, it opportunistically uses the right set of cores for execution to
meet the diverse requirements of mobile applications. Due to overprovisioning, only a subset of the cores are activated for concurrent
use that ﬁt within the power budget, while the rest are forced into
inactive mode to save power. The presence of heterogeneity allows
the system to make optimal use of constrained power resources,
by matching heterogeneous CPU resources to current application
needs.

V. Gupta et al. / Sustainable Computing: Informatics and Systems 3 (2013) 194–206

HeteroMates forms execution units using the core group abstraction, where each group consists of a small number of (e.g., 2–4)
heterogeneous cores. Cores within a core group are exposed to
the system as multiple heterogeneity (H) states, similar to the Pstates used for voltage and frequency scaling. An H-state controller
module performs H-state transitions based upon workload behavior and user-deﬁned policies. Depending on the selected H-state,
the workload is transparently migrated to the appropriate core by
a core switcher. The work also highlight the growing importance of
uncore power in total SoC power consumption and the need for a
scalable uncore in order to fully realize the potential gains obtained
from the use of heterogeneity. To this end, we augment the H-state
controller for uncore-aware operation by adding energy-override
condition and thus improve energy-efﬁciency. H-state abstraction
decouples heterogeneity from scheduling such that the scheduler
perceives only homogeneous cores. The performance/power differences among cores are transparently handled by a separate H-state
driver. H-states can be implemented in hardware, ﬁrmware, or
software, thereby providing a way to hide heterogeneity from the
operating system to support legacy software for wider adoption.
Further, core groups allow the system to easily accommodate a
variable number of different heterogeneous cores, by adding an
H-state for each core. Finally, core groups can be useful in thermalconstrained scenarios (also known as dark silicon [7]) which allow
only a fraction of the chip components to be active simultaneously.
The core group abstraction is extended to multiple concurrently
executing cores using multicore groups. A multicore group is a set
of different multicore conﬁgurations of a platform by choosing a
subset of the heterogeneous cores that meet the power budget.
The platform’s activity in different CPU conﬁgurations is exposed
using multicore states (M-states). Each M-state represents a different platform conﬁguration and a switch between two M-states
causes the execution to move a different set of cores, i.e., the ones
matching the chosen M-state. Transitions among these states are
governed by a controller module depending on the application
behavior and platform power constraints.
HeteroMates is implemented on top of the Linux kernel. Experimental evaluations use a unique, experimental heterogeneous
multicore platform comprised of both high and low power cores,
along with client applications typically seen in modern end-user
devices. Two different usage policies are compared for H-state
solution: a performance-driven policy favors high performance
for user-facing applications, whereas a power-driven policy favors
reduced power consumption and longer battery life. Similarly,
an analysis is performed for M-state solution comparing several
under-provisioned (all-small, all-big, heterogeneous) and overprovisioned conﬁgurations (with parallelism-aware and static
oracle M-state controllers). Experimental results demonstrate that
by opportunistically utilizing heterogeneous cores, HeteroMates
can provide both improved performance and lowered energy
consumption for various client applications when compared to
homogeneous cores.
The rest of the paper is organized as follows: Section 2 presents
motivational examples and use cases from client domain. Section 3 discusses emerging trends in the semiconductor industry. A
detailed design of HeteroMates system describing core group and
multicore group abstractions is presented in Section 4. Section 5
analyzes the impact of uncore power on the design. Evaluation
methodology and experimental results are provided in Sections 6
and 7, respectively. Finally, Sections 8 and 9 summarize related
work and conclusions from the work.

severely restricted due to constraints on size and weight, energy
efﬁciency is critical to their usability. To provide extended battery
life and at the same time, meet the rapidly increasing demands of
high performance mobile use cases, a client device must offer a wide
dynamic power-performance range – it must be able to operate both
in high-performance and in power-savings modes. As explained in
detail in Section 3.1, heterogeneous cores can be used to extend
the dynamic power/performance range offered by homogeneous
processor conﬁgurations. In that context, this section discusses
examples of client workloads (see the list in Table 2), and the usage
patterns of client devices that motivate the need for a wide dynamic
power/performance range and discusses opportunities for using
heterogeneous cores for this purpose.
2.1. Client workloads
Client applications exhibit highly diverse behavior in their processor usage and performance requirements. These applications
can be categorized based on their behavior as described below.
2.1.1. Intermittent workloads
Client devices like cell phones and tablets are typically poweredon for long periods of time, but often perform their heavy
processing in short bursts. Web-browsing is an example of such
usage, and workloads browse and palbum in Table 2 belong to this
category. A timeline trace of IPC (instructions-per-cycle) for the
browse workload is shown in Fig. 1(a). Idle periods are marked
by low IPC periods, while page-loads correspond to spikes in the
graph. Since page-loads generate high IPC activity, a big core can
be used for rendering the pages and improving page-load performance, while resorting to a small core during low activity periods
to conserve power.
2.1.2. Sustained workloads
These differ from intermittent workloads in that their behavior
is uniform over a longer duration. They can be further classiﬁed into
two sub-categories: sustained-high and sustained-low.
Sustained-low: Client applications like gaming and media playback typically run for a long duration (a few minutes to hours).
Moreover, the wide adoption of accelerators allows them to ofﬂoad
signiﬁcant portions of their computation to accelerators. Fig. 1(b)
shows the IPC trace of the openarena gaming benchmark. As the
observed IPC is low for the application, it can be run on a small

2. Motivation
Users perform a wide variety of tasks on mobile devices, resulting in diverse platform demands. Since their battery capacities are
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Fig. 1. Diverse client workload proﬁles (IPC vs. time).
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core without signiﬁcant degradation in performance and at lower
power.
Sustained-high: Mobile devices are also used for computeintensive tasks such as media encoding, video editing, etc. These
applications typically have a high IPC (e.g., see x264 encoder in
Fig. 1(c)), and their performance scales well on a big core. This
makes big cores suitable for these applications when they require
high performance, e.g., when they are user-facing, while a small
core may provide higher energy-efﬁciency when they run in background mode (e.g., virus-scan).
2.1.3. Multi-threaded workloads
With increasing numbers of cores on mobile devices, parallelization of client applications is key to further performance
enhancement. Such multi-threaded applications also present
opportunities for exploiting heterogeneity. 7zip, gmagick, and
eclipse are examples of parallel applications. The mytube workload
also uses multiple threads for audio, video decoding, and rendering,
for instance. Since such threads differ in behavior and needs, their
performance will be affected by how they are mapped to different heterogeneous cores. For example, Fig. 1(d) shows that various
threads within the mytube workload differ signiﬁcantly in their IPC,
which can be leveraged by task mapping and scheduling methods.
2.2. Client devices
2.2.1. Mobility constraints
Mobility means that client devices will either be powered via
wall-power or by battery. Wall-power usage does not impose
energy constraints, so that big cores can provide desired high levels of performance. During battery-driven operation, however, a
user may be willing to accept lower performance at the beneﬁt of
higher battery life. Low-powered energy-efﬁcient small cores may
be more suitable under such conditions.
2.2.2. Thermal constraints
Client devices like cell phones and tablets rely on natural cooling.
Therefore, these devices are quite sensitive to platform thermal
constraints that impose limits on the extent to which it is possible to
use power-hungry big cores for sustained periods of time. A small
core can be used for moving the execution away from a big core
when thermal constraints are violated.
3. Processor design trends
Several emerging trends in microprocessor design including
heterogeneous cores and processor over-provisioning inﬂuence the
design of HeteroMates which are summarized in this section.
3.1. Heterogeneous cores
Modern processors are typically designed to satisfy only one of
the two conﬂicting requirements: high-performance and energyefﬁciency. Current low-power cores (e.g., Intel’s Atom processor)
are energy efﬁcient, but their performance is limited. More powerful big cores like Intel Core® processors provide high performance,
but at the cost of higher levels of power consumption. The
technological reasons for this are the fact that the power consumption of a processor core consists of static (leakage) power and
dynamic (switching) power. During high activity periods, the total
power consumption of the device is dominated by dynamic power
consumption, while during low activity periods, leakage power
becomes a signiﬁcant component of the total power consumption. Current high performance cores are built from transistors on
fast process technologies that have high leakage power and very
fast switching times [1]. Such big cores, therefore, consume high

Fig. 2. Big cores are less efﬁcient at low activity points, while small cores are less
efﬁcient at high activity points. Using a heterogeneous processor provides a wide
dynamic power/performance range.

leakage power under idle or near-idle conditions, but can provide
high performance without signiﬁcant increase in dynamic power,
as shown in Fig. 2. Conversely, low power small cores are built from
low power process technologies with low leakage power but slower
switching times [1]. Such processors consume small amounts of
leakage power, but signiﬁcantly increase dynamic power consumption to provide a high-performance mode (see Fig. 2). Static power is
mainly determined by the silicon process technology, and dynamic
power is determined by silicon process technology and by operating voltages and frequencies.
The intuitive outcome is that by using both types of cores, a
single platform can be optimized for both high performance and
low power consumption. The objective of such a system would be
to always use its most efﬁcient cores for the tasks at hand (shown
by the solid line in Fig. 2). Such a heterogeneous platform exhibits a
higher power-performance range than individual big or small cores.
This paper explores whether and to what extent the hardwarebased arguments for heterogeneity stated above lead to realistically
achievable gains on client devices.
3.2. Over-provisioned processors
The transistor density on modern processors continues to grow,
but due to poor Dennard scaling, i.e., reduction in CMOS threshold
and supply voltages, per-transistor power is decreasing at a much
slower rate. Under constant power budgets, which are governed by
the cooling technology of the platform, the gap between the transistors that can be ﬁt into the die area and the transistors that can be
activated simultaneously is widening (see Fig. 3) [7]. Thus, future
processors are likely to have signiﬁcant dark resources, e.g., it is estimated that in 8 years, we will be faced with designs that would have
93.75% silicon over its provisioned power limit. This phenomenon
is more severe in passively cooled mobile devices such as netbooks,
tablets, and smart phones.
Mitigating or exploiting dark silicon presents new challenges
and opportunities in terms of ﬁnding novel ways to utilize such
over-provisioned resources to improve performance or energyefﬁciency. One way to address the problem of dark silicon is to build
smaller processors and discard dark silicon, but various economic

Fig. 3. Future processors are likely to be over-provisioned due to the increasing
gap between transistor density and transistors that can be sustained within power
budgets.
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constraints are likely to promote large size chips that will have
far more transistors than can be used simultaneously. Another
approach to mitigate dark silicon is to slow down all of the components on the processor to ﬁt into the power envelope, but this
approach is energy-inefﬁcient as DVFS incurs a quadratic power
cost for a linear frequency boost. Therefore, the approach explored
in this work is to design processors which are provisioned above
their TDP (thermal-design-power) limits, but it employs heterogeneity to exploit over-provisioning such that only a subset of
components are used for concurrent execution.
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Fig. 5. H-state and P-state transition state machines. H-state determine the core for
execution, while P-states determine the frequency on that core.

4. HeteroMates design
HeteroMates enables a wide dynamic power/performance range
using heterogeneous cores. This section describes its key concepts
and components.
4.1. Core groups
A heterogeneous core group is a collection of a small number
of (e.g., 2–4) heterogeneous cores that are grouped together to
form a single execution unit. For example, Fig. 4 shows a core
group consisting of three heterogeneous cores: a big (B), a small
(S), and a tiny (T) core. The core group appears as a single execution unit with multiple performance/power levels. Depending on
application behavior and user-deﬁned policies, an appropriate core
is dynamically chosen to run the user task in question, by transparently moving the task’s execution to that core, and by placing the
other inactive cores into a low power idle state to conserve power.
For example, the tiny core can be used for background tasks like
email update checks, the small core for normal user operation, and
the big core is reserved for performance-critical tasks.
4.1.1. Heterogeneity-states
Different cores within a core group are exposed using
heterogeneity-states (H-states), an interface similar to the P-state
(performance-states) interface deﬁned by the ACPI standard and
used by operating systems to scale the frequency and voltage
of processors. Higher P-state numbers represent slower processor speeds. Thus, P0 is the highest-performance state, with P1
to Pn being successively lower-performance states. Similarly, an
H-state is assigned to each type of core in the core group. A highperformance big core corresponds to a lower numbered H-state,
while a low-power small core corresponds to a higher-numbered
H-state. Thus, a core group exposes a set of H-states (H0 , . . ., Hn )
which are controlled by an H-state controller module. Depending on
the state transition logic and the resultant H-state, a core switcher
transparently migrates the execution to the appropriate core. In
this manner, applications perceive only homogeneous cores with

Fig. 4. A core group consisting of three heterogeneous cores: a big (B), a small (S),
and a tiny (T) core exposed as three H-states.

larger dynamic power/performance range than any of the individual cores.
4.1.2. H-state controller
H-states on a core group are controlled by the H-state controller,
in a manner similar to frequency scaling operations performed by
a CPU governor. A CPU governor is a kernel module that changes
core P-states based on a policy. In a similar manner, the H-state
controller performs H-state scaling operations. However, instead of
changing voltage and frequency as in the case of P-states, a change
in H-state causes the execution to move to a different core. The
functions of the H-state controller and of the traditional P-state
governor complement each other. For example, Fig. 5 shows the
combined P-state and H-state transition diagram for a two-core
heterogeneous core group. Here, Hk corresponds to the small core,
and Hk−1 corresponds to the big core. P-state changes within a core
are performed by the P-state governor, while cross-core migrations
are governed by the H-state controller.
CPU governors available in current operating systems (e.g., the
ondemand governor in Linux [8]) dynamically change CPU frequency in response to CPU load (utilization). However, CPU load
alone is not sufﬁcient to drive H-state scaling operations, which
also require determining whether a bigger or smaller core is more
suitable for execution. Previous work on heterogeneous processor
scheduling [4–6] has identiﬁed application IPC (instructions-percycle) as a key metric to select the right core for execution.
Therefore, HeteroMates uses a combination of CPU load and application IPC to form the H-state transition logic shown in Fig. 6.
The intuition behind the scaling algorithm can be explained as
follows. An application with high CPU load but low IPC is likely to
perform equally well on both big and small cores due to its low IPC
requirements, which can easily be met on a small core. Applications
with high IPC but small CPU load under-utilize the big core. Moving
such applications to a smaller core results in higher utilization of the
small core, but without a signiﬁcant penalty in application performance. When both of these conditions are violated, the application
is likely to gain performance by executing on a bigger core.
The H-state controller monitors application IPC and CPU load at
periodic intervals and compares them with pre-deﬁned thresholds

Fig. 6. H-state scaling operations in response to application IPC and CPU load.
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to determine the resultant state (see Algorithm 1). If both the IPC
and load are above thresholds IPCHI and LoadHI , respectively, the
core group is scaled up, i.e., moved to a higher-performance or
lower numbered state (Hcur−1 ). If either IPC or load are lower than
thresholds IPCLO and LoadLO , the H-state is scaled down to a lowerperformance state (Hcur+1 ). For values in between these thresholds,
no H-state change is performed. These thresholds are deﬁned for
each type of core in the system. By setting different values for these
thresholds, different policies can be enforced. For example, low values of thresholds force the execution to big cores, and thus prefer
performance over power. Similarly, a policy having thresholds with
high values picks smaller cores more often.

Fig. 7. Over-provisioned platform can be morphed into different conﬁgurations by
dynamic core selection.

Algorithm 1 (H-state controller heuristic).

An H-state change operation causes the execution to switch to
a different core. This switching overhead could be substantial due
to migration latency and loss of private cached data if such changes
are very frequent. In response, we use history counters to dampen
core switching frequency. A switch is performed only after a certain number of consecutive identical H-state change requests are
received. The history counter is a simple integer counter associated
with each core group, which is incremented whenever consecutive
intervals generate the same requests and reset otherwise.
4.1.3. Advantages
The design of HeteroMates offers multiple advantages. First,
H-state interface decouples heterogeneity from scheduling such
that the scheduler need not deal with performance/power differences among cores. Instead, a separate H-state driver handles
this transparently to the scheduler. Second, H-states can be implemented either in hardware, ﬁrmware, operating system, or even
hypervisors, allowing a broader applicability. As an architectural
solution, it provides a way to completely hide heterogeneity from
the operating system, which is critical to support legacy software
and applications. Further, core groups provide a uniﬁed mechanism
to easily accommodate a variable number of heterogeneous cores
by adding an H-state for each type of core. Finally, core groups can
be useful when TDP (thermal-design-point) limits may constraint
the number of cores that can be active simultaneously. As transistor
density on modern processors keep increasing, such TDP limits are
proving to be a critical design constraint in the form of dark silicon
[7].
4.2. Multicore groups
The core group abstraction can be extended to multicore systems using multicore groups. This section describes how multicore
groups can exploit dark silicon using over-provisioned heterogeneous processors.

ﬁxed power budget (equivalent to CPU area in the ﬁgure). One
design option is to use only homogeneous cores, while staying
below the platform power budget. Thus, it may contain few big
cores or many smaller cores. However, these different conﬁgurations are suited for different types of applications. For example, the
big core can deliver high responsiveness for single-threaded userfacing applications, while multiple small cores are more suited for
applications with parallelism. Therefore, heterogeneous cores can
be used to extract the beneﬁts of both types of cores. However,
ﬁxed CPU power budget constraints require either slower or fewer
processors to be used in the heterogeneous conﬁguration to stay
within budget ceiling when compared to homogeneous options,
thus, comprising performance for certain applications.
In comparison, the over-provisioned conﬁguration (bottom
ﬁgure) exploits dark silicon by employing heterogeneous cores consisting of many low-powered smaller cores and high-performance
bigger cores. Since the total power consumption of all the cores
exceeds the TDP limits of the platform, it requires dynamic core
selection mechanisms to activate a subset of the cores such that
they conform to the budget speciﬁcations. Such an over-provisioned
heterogeneous processor can be used to provide the goodness of
various conﬁgurations shown, by opportunistically using the right
set of cores for application execution depending on application
behavior and user preferences. By matching execution resources
to application needs, it maximizes system performance/energyefﬁciency under power-constrained conditions.
4.2.2. Platform reconﬁguration
Various platform conﬁguration that satisfy the budget requirements can be pre-conﬁgured or dynamically created during
execution, which are exposed using multicore-states (M-states). As
different H-states represent various cores within a core group, an
M-state is similarly assigned to each platform conﬁguration. For
example, a state M0 could represent a conﬁguration consisting of
fewer high-performance big cores, while a conﬁguration consisting of many low-power small cores corresponds to a different state
(M1) which are controlled by an M-state controller module. Depending on the state transition logic and the resultant state, a task
switcher transparently migrates the execution to the appropriate
cores. M-state switching operations are controlled by the M-state
controller. A change in M-state causes the execution to move to a
different set of cores. The controller needs to take platform power
constraints, application power consumption, and thread behavior
into account to select the optimal execution environment.
4.3. Implementation

4.2.1. Exploiting over-provisioning
Due to the presence of dark silicon [7], future platforms are
likely to be constrained by CPU power rather than die area. This
presents interesting choices for platform designers to utilize such
excess die area. For example, Fig. 7 shows several processor design
choices containing homogeneous and heterogeneous cores for a

HeteroMates is implemented for the Linux kernel. The current
implementation of core groups considers systems involving pairs of
heterogeneous cores. H-states are implemented by customizing the
P-state tables on each core to expose two P-states corresponding
to each core in a pair. H-state changes work in lock-step on both
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of these cores to avoid conﬂicting operations. An H-state change
causes execution to switch cores instead of performing DVFS. Our
current implementation does not consider traditional voltage and
frequency scaling. This is because there is substantial previous work
on DVFS [9–12], which can be used to perform P-state scaling in
addition to H-state transitions.
The H-state controller is implemented as a kernel module which
runs on each active core as a kernel thread. It periodically (40 ms)
reads various hardware performance monitoring counters (PMCs),
applies models, and performs any H-state changes depending on
the policy and thresholds chosen. The overhead of running models
is measured to be small (approximately 2% increase in core active
and 5% increase in package active residency). The core switcher is
implemented in the OS kernel by changing the runqueue pointer
for the tasks in the source runqueue to point to the destination
runqueue. The overhead of this operation is minimal when runqueue length is not large, which we have observed as being the case
for the typical client workloads used in our experiments. We note
that similar functionality can be provided by hardware, to further
reduce overheads. Also, only active cores are made available for
scheduling to the Linux CFS scheduler. Inactive cores are put into
an ofﬂine mode using a lightweight mechanism. A value of three is
used for history counters.
For the M-state solution, this paper considers designs where
the system is conﬁgured to operate in one of the many built-in
M-states that are under budget limits. Further, a simple heuristic
based upon the thread-level-parallelism in the application is used
for analysis as described in Section 7.2.1. As part of our future work,
we are exploring designs which dynamically compose various platform conﬁgurations based on the power proﬁle and thread behavior
of running applications.
5. Beyond core:uncore
The dynamic power/performance range offered by a platform
consisting of heterogeneous cores can be strongly affected by the
uncore subsystem present on modern multicore processors.
5.1. What is uncore?
The uncore is a collection of components of a processor not in
the core but essential for core performance. The CPU core contains
components involved in executing instructions, including execution units, L1 and L2 cache, branch prediction logic, etc. Uncore
functions include the last level cache (LLC), integrated memory
controllers (IMC), on-chip interconnect (OCI), power control logic
(PWR), etc. as shown in Fig. 8. With growing cache sizes and the
integration of various SoC components on CPU die, the uncore is
becoming an increasingly important contributor to total SoC power.
5.2. Idle state coordination
Modern multicore processors contain core idle states (C-states)
to progressively turn off components in order to conserve power.

Fig. 8. Core and uncore in multicore processors.
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Table 1
Core and package idle state coordination.
Package PCx

Core 1

C0
C1
C2

Core 0

C0

C1

C2

PC0
PC0
PC0

PC0
PC1
PC1

PC0
PC1
PC2

These C-states are denoted as Cx, where x is a digit. C0 is the active
C-state when processor is executing instructions, while a higher
numbered C-state (e.g., C2) is a deeper sleep state consuming lesser
power.
In addition to core C-states, processors also contain package idle
states (PCx states) that govern uncore power consumption. These
package C-states are related to core C-states in that the processor
can only enter a low-power package C-state when all of the cores
are ready to enter that same core C-state. Table 1 shows this coordination of core and package idle states for a two-core system with
three idle states. The resultant package C-state is always the lower
of the two core C-states. Thus, the uncore subsystem remains active
and consumes power as long as there is any active core on the CPU.
5.3. Impact of uncore
Fig. 9 illustrates the impact of uncore power on the energy consumption of an application executing on heterogeneous cores. A big
core running an application ﬁnishes its execution faster and enters
a low-power idle state. The same application when executed on a
small core takes longer (tsmall ) to ﬁnish, which also keeps the uncore
active for a longer period of time. If uncore power is substantial in
comparison to core power, then the energy gains from running on
a small core are strongly affected by the uncore power. For such a
system, energy-efﬁciency gains from small core execution may be
offset by the increase in uncore energy consumption due to longer
execution time [13]. This observation is in line with prior work
that highlights the tradeoff between CPU and system-level power
reduction in the context of frequency scaling [14,9].
Energy consumption for the big core and small core execution
for such platforms can be modeled using Eqs. (1) and (2), respectively. Here, E refers to the energy consumed, t denotes execution
time, and Pcore and Puncore represent average core and uncore power,
respectively. Pidle is the idle platform power, and tidle is the corresponding idle time.
big

big

Ebig = tbig ∗ (Pcore + Puncore ) + Pidle ∗ tidle

(1)

small
small
+ Puncore
)
Esmall = tsmall ∗ (Pcore

(2)

To understand the impact of uncore power, the evaluation in
Section 7 considers two uncore conﬁgurations: ﬁxed and scalable.
The ﬁxed uncore conﬁguration uses the same uncore subsystem
when executing on either big or small cores. The scalable uncore
scenario models an uncore where certain uncore components such
as memory controllers or cache For example, fewer memory channels, memory controllers, or a smaller cache can be used with a slow

Fig. 9. Effect of uncore power on the dynamic power range of heterogeneous cores.
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small core that imposes smaller resource requirement on the cache
and memory subsystem. units are turned off or powered down as
we move to the small core. Hence, in this case, the uncore power
scales along with core power when a workload moves to a different
core.
5.4. Uncore-aware operation
As discussed above, the energy-efﬁciency of a platform is not
only determined by the type of core used for execution, but also
by the power consumption of the shared uncore subsystem. Workloads for which execution on a bigger core provides both higher
performance and better energy-efﬁciency due to improved performance scaling, should always be run on big cores as small core
degrades both performance and efﬁciency. HeteroMates addresses
this issue by adding the energy override condition in Eq. (3) to the
heuristic described in Section 4.1.2. If the energy consumption of
the current H-state (Hcur ) is greater than the energy consumption
of the next higher state (Hcur−1 ), a scale up operation is performed
to move the execution to the bigger core.
If

Energy(Hcur−1 )
< 1 then
Energy(Hcur )

Hnext = Hcur−1

(3)

For energy-aware operation, Eq. (3) requires the energy consumption of the application to be estimated on a different core
(H-state). This task can be divided into two components: processor power prediction and application behavior (e.g., execution
time, IPC) prediction. CPU power visibility to the operating system
is becoming increasingly important, with multiple CPU vendors
providing hardware counters to measure the power of different
components on the platform [15]. Further, previous work has developed light-weight models to accurately predict per-core power
using existing performance events [16]. Using a similar approach,
this work also uses power models, described in Section 6.3, to
obtain core and uncore power consumption.
In order to understand the impact of a core transition on application behavior, hardware assistance can be provided. For example,
HeteroScouts [17] proposes hardware performance counters to
predict workload behavior on a remote core (after-transition) from
the parameters available on the local core (before-transition). Due
to unavailability of such counters in current processors, simple
prediction models are developed using experimental data. The following section provides details of the modeling methodology.

a function of the IPC on the big core. As evident from the ﬁgure, a
linear curve ﬁts the data well, with the resultant model given by
the equations below.
IPC scaling = 0.6 ∗ IPC big + 1.01

(4)

IPC scaling = 1.31 ∗ IPC small + 0.94

(5)

The impact of IPC scaling on the execution time of an application
is workload dependent. CPU-bound workloads show a proportional relationship between IPC scaling and execution-time scaling.
However, this does not hold true for many client workloads with
signiﬁcant idle phases, e.g., media and graphics workloads. For such
workloads, execution time is not affected by the core performance.
Instead, a change in core performance translates into change in core
idle state residency. These conditions are modeled by applying the
scaling function to the product of core active state (Ractive ) residency and execution time (t), as shown in Eq. (6). The equation was
experimentally veriﬁed using all of the client workloads in Table 2
as majority of the workloads closely follow the modeled relationship. In the online model, sampling interval is substituted for the
execution time.
big

small
(Ractive
∗ tsmall ) = IPC scaling ∗ (Ractive ∗ tbig )

(6)

Further, the change in core idle residency (Ridle ) impacts package
idle state (Uidle ) residency in an application dependent manner.
Applications for which the package becomes idle as soon as the core
becomes idle, show a strong correlation between core and package
idle states. On the other hand for multi-threaded applications and
graphics-intensive applications, a core’s idle state does not necessarily translate to the package idle state since the package can still
be busy due to activity in another core or the graphics processor.
Such applications show a weak or negligible correlation between
core and package idle states. These two scenarios are modeled in
Eq. (7) where a difference of 20% between Uidle and Ridle is assumed
as an indicator of weak correlation. For such cases, Uidle is assumed
to be the same irrespective of the type of core used for execution.



small
Uidle

=

big

big

big

Uidle

if Uidle  Ridle ,

small
Ridle

otherwise

(7)

Using the models presented above and the power models
described later in Section 6.3, an application’s relative energy consumption on two different H-states can be obtained. These values
are used to perform energy override operations as deﬁned earlier
by Eq. (3).

5.5. Remote behavior prediction
To model the relationship between application IPC on a big and
a small core in our experimental platform (see Fig. 11), the client
workloads in Table 2 and SPEC CINT2006 benchmarks are executed
on both types of cores. Fig. 10 plots the obtained IPCscaling data,
deﬁned as the ratio of the big core IPC and the small core IPC, as

Fig. 10. Modeling IPC scaling as a function of IPC.

Table 2
Client workload summary.
Workload

Description

Metric

7zip
applaunch
bodytrack
browse
c-ray
canvas
eclipse
ﬁlescan
gmagick
grayscale
gtkperf
javascript
lightsmark
mplayer
mytube
openarena
palbum
strike
x264
zoom

Text ﬁle compression using archiver
Application launch operation
Computer vision kernel
Web-page rendering (browser)
Image generation using ray-tracer
HTML5 canvasing tests (browser)
Java IDE performance tests
File-system read/write operations
Batch resizing of images
Image ﬁltering operation (browser)
GTK GUI performance tests
Scripting operations (browser)
3D graphics rendering tests
H/W accelerated video playback
Streaming video playback (browser)
3D ﬁrst-person-shooter game demo
Photo-album slide show (browser)
2D shooting game demo (browser)
Media ﬁle conversion using encoder
Image zoom operation (browser)

Time
Latency
Time
Latency
Time
FPS
Time
Time
Time
Latency
Latency
Latency
FPS
FPS
FPS
FPS
Latency
FPS
Time
Latency
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Fig. 11. Experimental heterogeneous platform.

6. Experimental evaluation

as a function of IPC in Eq. (10), as shown and validated by other
researchers [18]. Similarly, Eq. (11) models the capacitance for a
small core having three-times smaller area than the big core.

6.1. Experimental platform
Our experimental platform consists of a quad-core Intel i72600 client processor. To create heterogeneity, we use an Intel
proprietary tool to de-feature and emulate the performance of
low-powered small cores for a subset of the cores [4]. The block diagrams of two platform conﬁgurations used for analysis are shown
in Fig. 11. An on-die graphics processor is used to accelerate graphics workloads. All of the cores share an LLC of size 8 MB. All the
workloads are run using Linux kernel 3.0 and automated. Browser
workloads are run using Google Chrome 15.0.
The conﬁguration shown in Fig. 11(a) is used for forming two
core groups consisting of one big and one small core each, both
operating at a frequency of 2.6 GHz. Similarly, the platform conﬁguration in Fig. 11(b), consisting of one big core, three small cores,
is used to form a multicore group with three M-states as shown by
the table in the ﬁgure (on right). M0 consists of a single big core
(1B) running at a frequency of 2.4 GHz, while M2 state uses three
small cores (3S) each conﬁgured to run at 1.8 GHz. Similarly, M1
contains one big and one small core, but the big core is throttled to
run at 1.8 GHz to stay within power limits (1B*,1S).
6.2. Client workloads
To assess the viability of using heterogeneity for client systems,
a diverse set of real-world applications are chosen which are typical
of modern end-user devices since prior server-centric research on
heterogeneous processors [4–6] does not directly address the needs
and processor usage models seen on client devices. Table 2 provides
a summary of the applications used in our analysis which include
browsing, gaming, media, etc., and relevant performance metrics
which are different from server workloads.
6.3. Power model
The emulated heterogeneous platform mimics the performance
of small cores. However, it does not match the power characteristics
of an actual small core built using a different process technology
for low power consumption. We therefore, rely on power models
to obtain core and uncore power consumption.
6.3.1. Core power
The average power consumption of a CPU core can be modeled
using the following equations:
core
core
Pcore = Ractive ∗ Pactive
+ Ridle ∗ Pidle

(8)

core
= Cdyn ∗ V 2 ∗ f
Pactive

(9)

Here, Ractive and Ridle denote core active and idle state residencore and P
cies (%), and Pactive
idle are the corresponding power values.
Cdyn is the dynamic capacitance, V denotes the operating voltage,
and f represents the switching frequency. Big core Cdyn is modeled

Cbig = 0.499 ∗ ipc big + 0.841

(10)

Csmall = 0.472 ∗ ipc small + 0.176

(11)

6.3.2. Uncore power
Similar to core power, uncore power can be modeled using
package idle state residencies (Ux ) as shown in Eq. (12).
uncore
uncore
Puncore = Uactive ∗ Pactive
+ Uidle ∗ Pidle

(12)

uncore
Pactive
= Pwake + Pactivity ∗ LLC rate

(13)

uncore ) is modeled as a function
Further, uncore active power (Pactive
the LLC activity in Eq. (13) where Pwake is the ﬁxed power cost of

of
waking up various uncore components, while the Pactivity component scales with the LLC access rate LLCrate (relative to peak access
rate including both cache hits and misses).
The analysis uses a value of 0.9 V for the voltage (V). For this
platform, the average big core and small core power for all our
workloads is obtained to be 2.37 W and 0.95 W, respectively. A
comparable uncore is modeled using a value of 1.2 W for Pwake and
Pactivity in case of a ﬁxed uncore and scaled down to half for a scalable uncore. Core and uncore idle power are assumed to be 0.1 W
and a 1.5 W power component is attributed to the on-die graphics
processor which also scales with the LLC activity.
7. Results
Experimental results evaluating H-state and M-state solutions
are presented in Sections 7.1 and 7.2, respectively.
7.1. H-state evaluation

7.1.1. Methodology
Two different policies, performance-driven and power-driven,
are used for evaluation. This is done by choosing different threshold values, obtained after experimenting with several combinations
of thresholds. Table 3 summarizes the various thresholds used to
cater to these policies. For a paired-core system, small cores can
only perform scale up operations and not scale down, therefore,
only HI thresholds are relevant for small cores. Similarly, only LO
thresholds are relevant for the big cores. The ﬁrst performancedriven policy favors performance over power by using big cores
Table 3
Thresholds for performance- and power-driven policies.
Small core
IPCHI
Performance-driven
Power-driven

0.5
0.7

Big core
LoadHI

IPCLO

LoadLO

70%
80%

0.8
1.25

40%
50%
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Fig. 12. A comparison of the behavior of several client workloads on big vs. small cores.

for execution in an aggressive manner. This is achieved by choosing smaller thresholds in the table. The power-driven policy, on
the other hand, focuses on power by choosing bigger thresholds
and forcing the execution to small cores more often. The evaluation is carried out by comparing the performance and energy
consumption of the performance-driven policy with only big core
execution and of the power-driven policy with just small core execution. These two comparison points provide us a perspective of
the advantage of using heterogeneous cores over homogeneous
conﬁgurations.
7.1.2. Client workload characterization
The results shown in Fig. 12 provide a comparison of the
behavior of various client applications on heterogeneous cores.
Speciﬁcally, they compare average IPC (instructions-per-cycle),
core idle residency, and package idle state residency for all of the
workloads in Table 2 for big and small core execution. As evident from Fig. 12(a), most of the applications observe a signiﬁcant
decrease in their IPC when running on the small core as compared
to the big core. This reduction in IPC results in the small core being
active for longer durations, thereby causing a decrease in core and
package idle residency (see Fig. 12(b) and (c)). Further, many applications are seen to have almost negligible package idle residency.
These applications either heavily use the graphics processor (e.g.,
openarena, lightsmark), or they always keep one of the CPU cores
busy (e.g., 7zip, gmagick, x264), and do not allow the uncore to
enter into an idle state.
7.1.3. Performance-driven policy
Fig. 13 provides results comparing the performance and energy
consumption of the performance-driven policy with execution on
big cores. Speciﬁcally, Fig. 13(a) shows performance loss (%) with
respect to the maximum performance achievable by using big
cores for the entire execution, and Fig. 13(b) shows corresponding energy savings by using small cores for partial execution when

big core is not energy-efﬁcient. Performance is measured based
upon the metrics in Table 2, with inverse of latency as the metric for latency-oriented workloads. As evident from the ﬁgures,
this policy is able to achieve performance within 15% of the big
core performance for all the workloads except browse and palbum.
This high performance loss for these two workloads is due to their
bursty nature, i.e., these applications exhibit sudden bursts of high
activity during page-rendering. HeteroMates uses history counters to dampen core switching frequency, which requires multiple
consecutive state change requests to be received before actually
making the change. Due to this reason, these bursty applications
observe a short delay before they are moved to the big core which
incurs a higher performance degradation. However, the absolute
increase in the latency for these applications may not be userperceivable.
Fig. 13(b) shows corresponding energy savings results for three
scenarios: core-only savings (C), SoC-wide savings (C + UC) with
a ﬁxed uncore, and SoC-wide savings with a scalable uncore. As
seen from the ﬁgure, it is able to save signiﬁcant energy for several applications with a small performance degradation. Workload
openarena achieves highest gains with 39% core energy savings.
However, these savings are strongly affected when the power consumption of the uncore is taken into account. On the other hand,
when a scalable uncore is used, these savings increase and become
comparable (25%) to core-only energy savings.
To elaborate on the importance of uncore power in total SoC
power, Fig. 13(c) shows the distribution of core and uncore energy
consumption for various applications. Core energy component
dominates for CPU-intensive applications like 7zip, eclipse, gmagick, and x264, while uncore component is signiﬁcant for other
applications including lightsmark, mplayer, and openarena. These
results highlight the growing importance of uncore power in the
processor power consumption and motivate the need for a scalable
uncore design when seeking to obtain large gains from heterogeneous multicores.

Fig. 13. Comparison of performance-driven policy with big core execution.
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Fig. 14. Comparison of power-driven policy with small core execution.

7.1.4. Power-driven policy
Results for the power-driven policy are presented in Fig. 14,
where Fig. 14(a) and (b), respectively, show performance gain and
energy loss (SoC-wide) in comparison to small-core-only execution. As results show, this policy is able to achieve signiﬁcant
performance gains for many applications by selectively using big
cores. Further, it is able to do so with only a small to moderate increase in energy consumption. For example, the browse and
canvas workloads observe the highest increases in energy consumption of 31% and 28%, respectively, while most of the other
applications show a smaller increase. However, these two applications also show a 31% and 54% performance gain for the increased
energy consumption due to their usage of big cores. We note that
some applications like lightsmark, mplayer, and openarena exhibit
negligible performance improvement due to poor scalability.
Results in Fig. 14(c) show the percentage residency on big and
small cores for all of the applications. Different applications exhibit
different degrees of big and small core usage. For example, applications like 7zip, eclipse, and x264 with good performance scalability
spend the majority of their execution on big cores. On the other
hand, applications like lightsmark, mplayer, and palbum remain
on small cores for a signiﬁcant portion of their execution time.
Other applications like applaunch, canvas, and strike make use of
both types of cores during their execution. To illustrate this further, the big and small core usage proﬁles of the applaunch and
strike workloads are shown in Fig. 15. The applaunch workload
launches and executes a series of graphics-intensive applications.
The launch operation is CPU-intensive and performs better on a
big-core, while the execution phase is accelerated using the on-die
graphics processor and a small core provides comparable performance to the big core at a lower power. Therefore, this workload
transits between big and small cores during launch and execution
phases (see Fig. 15(a)). Similarly, Fig. 15(b) shows the execution
proﬁle for the strike gaming workload. This workload exhibits several phases with high activity (e.g., bots shooting) when big cores
are used and phases with low activity (e.g., bots aiming and moving) when small cores may sufﬁce. In this manner, the appropriate
core is used depending on the activity.

7.2. M-state evaluation
7.2.1. Methodology
Experimental evaluation and analysis for multicore groups are
carried out as the steps summarized below.
• Each workload is ﬁrst individually evaluated on each of the three
M-state conﬁgurations in Fig. 11(b).
• Using the data collected in the previous step for each M-state,
we perform an analysis for each workload to obtain its performance for a thread-level-parallelism-aware controller (TLP) that
assigns state M0 for single-threaded applications and M2 for
applications having multiple threads. Since many applications
use helper threads which do minimal work, only threads with
CPU load larger than 10% are used for accounting in the heuristic. Our analysis assumes the use of a ﬁxed M-state for entire
application run. The implementation and evaluation of a dynamic
switching algorithm is part of our future work.
• Similarly, we obtain results for a ‘static oracle’ controller (ORCL)
that selects the M-state with maximum performance among the
three M-states. This state corresponds to the highest performance
that can be achieved on the over-provisioned platform by selecting that M-state for each workload.
• Based upon the analysis methodology described and the power
models presented in Section 6.3, we compare performance
improvement and energy savings provided by three underprovisioned platforms corresponding to each M-state and the
over-provisioned conﬁguration with the two controller heuristics.
7.2.2. Results
Fig. 16 shows experimental results for the three M-state conﬁgurations described in Section 6.1. Results presented are mean values
over three runs.
Speciﬁcally, Fig. 16(a) shows relative performance in each
M-state (normalized to the minimum performance state) for
all of the client workloads. As evident from the ﬁgure, various applications have afﬁnity toward different conﬁgurations.

Fig. 15. Big (B) and small (S) core usage proﬁle (x-axis: time (s)).
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Fig. 16. Experimental results for three platform conﬁgurations: M0 (1B), M1 (1B*1S), and M2 (3S).

Some applications (e.g., gmagick, javascript, zoom, etc.) perform
better in state M0, while other applications like 7zip, c-ray,
x264, etc. exhibit higher performance in state M2. Thus, different
M-states can be used to improve the performance of these applications.
The corresponding change in energy consumption for these
conﬁgurations is shown in Fig. 16(b). Interestingly, the increase
in energy consumption in state M0 for several applications like
gmagick, gtkperf, and javascript is small in comparison to the corresponding performance gain. On the other hand, M2 conﬁguration
provides both higher performance and lower energy consumption
for 7zip, bodytrack, c-ray, and x264 applications. Both of these
observations can be explained by the ‘race-to-idle’ phenomenon.
In the former case, a big core in state M0 consumes higher power
but ﬁnishes execution quickly to enter a low-power idle state. Thus,
the increase in energy consumption is small. Similarly, improved
performance and thus lower active time in state M2 for other applications causes the core and uncore subsystem to sleep longer and
save energy.
Finally, Table 4 provides performance and energy comparison
for three under-provisioned (UP) platform conﬁgurations corresponding to each M-state and an over-provisioned heterogeneous
platform (OP). Results for the OP conﬁguration are based upon two
heuristics, TLP-aware (TLP) and static oracle (ORCL), as described
in Section 7.2.1. The table shows average performance and energy
consumption for all of the workloads in Table 2. Results demonstrate that the big core (M0) provides small increase in performance
(1.10x) for a larger increase in energy consumed (1.29x) when compared to all-small conﬁguration (M2). The corresponding values for
state M1 are observed to be 1.01x and 1.14x.
In comparison, the OP platform shows a performance improvement of 1.25x and 1.30x at the cost of an increased energy consumption of 1.04x and 1.05x for TLP and ORCL controllers. Thus, an
OP platform can provide a performance boost for mobile devices at
the cost of a small increase in energy consumption, as demonstrated
by the results. Further, the TLP-aware controller is able to perform
comparatively to the static-oracle controller. Our current heuristic
takes only application parallelism into account, thus information
regarding the behavior of individual application threads and their
interaction can be used to enhance the switching heuristic.
Table 4
Results summary: an over-provisioned (OP) platform provides signiﬁcant performance gain in comparison to under-provisioned (UP) conﬁgurations.
Conﬁguration

Power

Performance

Energy

M0 (1B)
M1 (1B*,1S)
M2 (3S)
TLP (1B,3S)
ORCL (1B,3S)

UP
UP
UP
OP
OP

1.0x
1.10x
1.01x
1.25x
1.30x

1.0x
1.29x
1.14x
1.04x
1.05x

7.3. Summary
In summary, the results presented bring us to the following
conclusions:
• Client applications behave signiﬁcantly differ from traditional
server-centric workloads.
• Heterogeneous cores can enable both higher-performance and
lower-power modes than homogeneous processor conﬁgurations.
• Performance-driven H-state controller results in signiﬁcant
energy-gain for several workloads with small performance-loss
in comparison to a big-core-only system. Similarly, a powerdriven policy provides performance boost for many applications
with a small increase in energy consumption.
• Uncore subsystem is a signiﬁcant and even dominating contributor to total energy consumption for many workloads.
• Energy savings from the use of small cores are severely affected
by the uncore power, with a scalable uncore resulting in higher
gains.
• Heterogeneous cores enable dynamic platform reconﬁguration
for power-constrained over-provisioned multicore systems.
• A TLP-aware M-state controller provides signiﬁcant performance
gains over static multicore conﬁgurations.
8. Related work
Heterogeneous chip multiprocessors (CMPs) have been proposed to achieve higher energy-efﬁciency than symmetric
multicore processors. Using a mix of big and small cores, different
phases within an application can be mapped to the core which can
run them most efﬁciently [5,19,20]. Similarly, heterogeneous cores
can be used to improve the performance of parallel applications by
speeding up sequential phases within the application [3,21]. Studies have been performed to analyze the impact of performance
asymmetry on several server workloads [22] and JAVA virtual
machine services [23]. Researchers have also developed appropriate scheduling algorithms for operating systems [4,6,24–27] and
virtual machine monitors [28,29] to efﬁciently run applications on
heterogeneous cores. However, earlier work exposed the core heterogeneity to systems software requiring changes to the software
stack to deal with heterogeneous cores. Also, it focused on servercentric workloads for evaluation.
In comparison, HeteroMates proposes core group abstraction
to expose multiple heterogeneous cores as a single execution
unit and thus reduce software complexity for wider adoption of
heterogeneous systems. Our work targets client devices where
energy is a premium resource, with diverse application behavior and performance metrics. In addition, previous work either
maintained a ﬁxed heterogeneous CPU conﬁguration or did not
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impose power constraints on the platform to optimize core usage.
On the other hand, HeteroMates exploits over-provisioned CPU
resources using heterogeneous cores by dynamically changing
between different M-states. Similar arguments have been made
for distributing a thread’s computation across various cores on
an over-provisioned multicore, but with a focus on maximizing
core reuse [30]. Further, conservation cores exploit dark silicon
by using specialized processors to reduce per-computation power
[31]. However, HeteroMates uses single-ISA heterogeneous cores
to improve performance of diverse mobile applications by dynamically selecting a different set of cores and does not require any
language tool-chain support to make use of heterogeneous cores.
There is also substantial previous work on dynamic voltage
and frequency scaling (DVFS). Several techniques have been developed to dynamically select appropriate voltage and frequency for
maximum efﬁciency [9–12]. However, others have questioned the
effectiveness of DVFS on modern processors [14,32]. In this context,
we extend the existing DVFS mechanisms to go beyond homogeneous cores and support core heterogeneity to enable a wide
dynamic power/performance range on these client devices. We also
highlight the signiﬁcance of uncore power in total SoC power and
motivate the need for a scalable uncore for exploiting maximum
gains from heterogeneous CMPs.

[6]

[7]

[8]
[9]

[10]

[11]

[12]

[13]

[14]

9. Conclusions
[15]

This paper presents the HeteroMates solution in order to provide
a wide dynamic power/performance range on client devices.
It exploits dark silicon and core heterogeneity to enable both
high-performance and power-savings modes while also being
energy-efﬁcient. Core group abstraction is proposed to mitigate
challenges associated with heterogeneity which groups together
a small number of heterogeneous cores to form a single execution
unit. Cores within a core group are exposed as multiple heterogeneity (H) states. H-state transitions are governed by an H-state
controller, while a core switcher transparently migrates the task
to the appropriate core depending on the resultant H-state. Core
group abstraction is extended to power-constrained multicore systems using multicore groups. A power-constrained platform is
allowed to operate in different multicore conﬁgurations, exposed as
M-states, by using the right set of heterogeneous cores which cater
to the needs of running applications and ﬁt the power envelope. In
addition, it also highlight the growing importance of uncore power
in total SoC power consumption and the need for a scalable uncore
design to completely realize the intended gains. Using a diverse mix
of client applications and an experimental heterogeneous platform,
we show that heterogeneous CMPs can be used to provide a superior solution for client devices by providing signiﬁcant performance
and power improvements.
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