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Abstract—Task migration and dynamic voltage and frequency
scaling (DVFS) are indispensable means in thermal optimization
of a heterogeneous clustered multi-core processor under user-
defined quality of service (QoS) targets. However, selecting the
core to execute each application and the voltage/frequency (V/f)
levels of each cluster is a complex problem because 1) the diverse
characteristics and QoS targets of applications require different
optimizations, and 2) V/f levels are often shared between cores
on a cluster, which requires a global optimization considering
all running applications. State-of-the-art techniques for power or
temperature minimization either rely on measurements that are
often not available (such as power) or fail to consider all the
dimensions of the problem (e.g., by using simplified analytical
models). Imitation learning (IL) enables to use the optimality of
an oracle policy, yet at low run-time overhead, by training a
model from oracle demonstrations. We are the first to employ IL
for temperature minimization under QoS targets. We tackle the
complexity by using a neural network (NN) model and accelerate
the NN inference using a neural processing unit (NPU). While such
NN accelerators are becoming increasingly widespread on end
devices, they are so far only used to accelerate user applications.
In contrast, we use an accelerator on a real platform to accelerate
NN-based resource management. Our evaluation on a HiKey970
board with an Arm big.LITTLE CPU and an NPU shows significant
temperature reductions at a negligible overhead while satisfying
QoS targets.

Index Terms—Imitation Learning, Neural Networks, Neural
Processing Unit, Temperature Minimization, Quality of Service

I. INTRODUCTION

Elevated on-chip temperature accelerates aging mechanisms
in processors, and thereby degrades the system reliability [1].
Moreover, in mobile devices, it may adversely affect the user
experience since it leads to increased skin temperature [2]. That
makes temperature minimization of paramount importance. The
two main knobs to reduce the temperature are task migration,
to dynamically change the mapping, and DVFS. Using these
knobs without considering the application characteristics misses
significant optimization opportunities and may degrade the QoS
of the applications, also degrading the user experience [3]. The
reason is that the impact on performance and power when
migrating an application between clusters differs from one
application to another. Similarly, their performance and power
sensitivities to DVFS also vary. Hence, the possibilities of
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Fig. 1. The optimal mapping of applications with QoS targets varies between
applications, and with other parallel applications (BG). The QoS target of adi
/ seidel-2d is 30 % of their respective IPS at max. V/f level on the big cluster.

QoS-aware thermal optimization vary from one application to
another as demonstrated in the following motivational example.

A. Motivational Example

In Scenario 1 in Fig. 1, we execute one application, adi
or seidel-2d from Polybench [4], on an Arm big.LITTLE
CPU. The QoS target is selected as 30 % of the performance,
measured in IPS, when executed on the big cluster at the
highest V/f level. The clusters are operated at the lowest
V/f level that satisfies the QoS target. Intuitively, executing
the applications on the LITTLE cluster should minimize the
temperature. However, this is not always the case. For adi,
mapping it to the big cluster minimizes the temperature. The
reason is that adi requires 1.8 GHz on the LITTLE cluster to
achieve its QoS target, but only 0.7 GHz on the big cluster. In
contrast, seidel-2d reaches its QoS target already at 1.2 GHz on
the LITTLE cluster, and requires 1.0 GHz on the big cluster,
which results in a similar temperature on both clusters, with
a small advantage of the LITTLE cluster. The reason for the
different V/f level requirements is that the applications benefit
differently from the out-of-order execution on the big cluster.
Consequently, such different application characteristics render
different mappings optimal. An optimal management technique
must consider application characteristics and QoS targets.

Scenario 2 studies adi with the same QoS target as in
Scenario 1 but now, additional applications with high QoS
targets run on both clusters. Intuitively, mapping adi to the big
cluster as in Scenario 1 should still minimize the temperature.
However, the additional applications require to operate both
clusters at the highest V/f level. Since our platform has per-
cluster DVFS, adi is also executed at the highest V/f level.
In this case, mapping adi to the LITTLE or big cluster has
almost the same temperature, unlike in Scenario 1. Per-cluster
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DVFS changes the optimal mapping when several applications
run in parallel. An optimal management technique must per-
form global optimization considering the characteristics of all
running applications.

B. Challenges and Contributions

There are several challenges in temperature minimization on
heterogeneous multi-cores under QoS targets. Firstly, there is
high complexity in all involved aspects of the platform. For
instance, the power and performance of applications depend on
the instruction sequence, CPU microarchitecture, and V/f level,
while temperature depends on the power density, floorplan,
and cooling. Secondly, per-cluster DVFS runs all applications
on the same cluster at the same V/f level, requiring global
optimization. Thirdly, there is limited access to measurements.
For instance, most platforms, such as the one studied in this
work, have no power sensors and only few temperature sensors.

Many works perform optimization with models for individual
aspects such as power, performance, or temperature. These
models can be built analytically [5] or by machine learning
(ML) [6], [7]. However, building the models requires fine-
grained access to measurements like power, which may not
be available. To solve this, end-to-end learning of management
actions based on the available measurements can be employed,
i.e., reinforcement learning (RL) or IL. In both cases, NN
learning can be used to cope with the high complexity.

RL suffers from several problems. It requires to combine
objective and constraints in a single scalar reward, which does
not reflect their different properties and may lead to sub-optimal
actions. Moreover, RL trains at run time, which is computa-
tionally expensive, preventing a low-overhead implementation,
and may result in instability such as catastrophic forgetting.
However, run-time thermal minimization while satisfying QoS
targets requires a lightweight, yet near-optimal optimization to
improve user experience, and a stable policy to avoid abrupt
QoS violations. IL is the only method that provides all of
these capabilities. In particular, it enables using the optimal-
ity of an oracle policy, which explicitly considers objectives
and constraints, yet at low run-time overhead, by design-time
training from oracle demonstrations. Design-time training until
convergence also provides stability.

Motivated by these advantages, researchers have started to
apply IL in resource management [8]–[10], but they all tar-
get power/energy. This significantly differs from temperature
optimization due to spatial (heat transfer) and temporal (heat
capacity) effects that do not exist in power/energy. We are the
first to employ IL for temperature optimization.

To accelerate ML-based resource management, few works
have proposed their own specific ML accelerators [11], [12].
However, they incur additional area overhead to the used plat-
form. Recently, generic NN accelerators, e.g., NPUs or DSPs,
became common in end devices such as smartphones [13].
These accelerators are intended to increase the performance
and energy-efficiency of user applications that rely on NN
inference. Despite their increasing spread and benefits, these
existing accelerators have never been used to speed up NN-
based resource management, and we are the first to do that.

We make the following novel contributions in this work:
• We employ NN-based IL for temperature optimization

under QoS targets, as it enables near-optimal decisions
at low run-time overhead. Our solution, TOP-IL, employs
task migration and DVFS on heterogeneous multi-cores.

• We accelerate TOP-IL using an existing generic NN ac-
celerator (NPU) on a real platform.

II. RELATED WORK

The state-of-the-practice Android/Linux resource manage-
ment [14] comprises scheduling and DVFS. Global Task
Scheduling (GTS) aims at increasing the energy efficiency of
heterogeneous processors by migrating mostly-idle applications
to the LITTLE cluster. DVFS is performed by different gover-
nors, such as powersave for power minimization or ondemand
for a power-performance trade-off. However, these techniques
do not consider application characteristics nor their QoS targets,
and only indirectly affect the temperature (via power/energy).

ML provides powerful algorithms to support system-level
optimization [15]. Supervised learning can build models that
predict system properties like performance or power. Rule-
based power/thermal management can predict the impact of
a decision with such models, and thereby achieve proactive
management. However, training the models requires access to
measurements like power, which are often not available [16].

Several works have employed RL for power/thermal opti-
mization. The works in [12], [17], [18] use RL for power
management via DVFS. For thermal optimization, an RL-based
technique [19] is proposed to make decisions of both task
migration and DVFS. However, this work does not cope with
parallel applications. In contrast, the work in [20] considers
parallel applications and employs RL for task migration with
the goal of peak temperature minimization.

Several recent works have started to employ IL for system-
level optimization. In [8], an IL technique is proposed for
DVFS to minimize the energy under a performance constraint.
The work in [9] uses IL to select the types, number, and V/f
levels of the active cores, to optimize power. A hierarchical
IL technique is proposed in [10] to select the number of
active cores and the V/f level in each cluster to maximize
the energy-efficiency of a heterogeneous multi-core processor
under performance constraints. All of these IL-based techniques
target power/energy minimization. Power/energy minimization
is related to temperature minimization, but these solutions
are not applicable to our problem and platform. Temperature
is subject to both spatial (heat transfer) and temporal (heat
capacity) effects that do not exist in power/energy. As a result,
the block/frame/slice-based solutions do not apply. In addition,
power sensors required for the oracle are often not available.

None of these works has employed IL for thermal optimiza-
tion despite its unique capabilities to combine the optimality
of an oracle policy with a low run-time overhead.

III. PROBLEM FORMULATION AND TECHNIQUE OVERVIEW

We target a heterogeneous multi-core processor with per-
cluster DVFS, where Fx is the list of frequencies of cluster x
and fx is its current frequency. There are two clusters in
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Fig. 2. Illustration of TOP-IL at run time. Task migration uses the NPU to
predict the best migration per each application in parallel (batch inference).

our platform, LITTLE and big: x∈{l, b}, but our solution is
compatible with any number of clusters. The processor executes
parallel applications, each with its own QoS target Qk and
current QoS qk, which are expressed in terms of the IPS.

Objective minimize the on-chip temperature
Constraint maintain QoS of applications (IPS)
Knob app.-to-core mapping (migration), per-cluster DVFS

We split the problem into two parts: 1) application-to-core
mapping (via migration), and 2) per-cluster DVFS. Decisions
on task migration are made with NN-based IL. We accelerate
the run-time inference with an NPU.

IV. RUN-TIME TEMPERATURE AND QOS MANAGEMENT
WITH IMITATION LEARNING

Employing IL for task migration requires to select features,
create oracle demonstrations, and train the model that is used at
run time. Creating the training data, i.e., oracle demonstrations,
is simplified by restricting the management to migrate one
application at a time. We train the NN to predict the best
migration w.r.t. the temperature and QoS constraints for one
application of interest (AoI), while fixing all other applications
to their respective cores. The details of training the model
with IL have been omitted due to space constraints. At run-
time, TOP-IL integrates the IL-based task migration with a
control loop for per-cluster DVFS as shown in Fig. 2. While it
would be intuitive to train a single NN for both migration and
DVFS, performing only migration with the model reduces its
complexity (create training data, topology, inference overhead).

A. Task Migration with NPU-Accelerated IL

If K applications run in parallel, each should be migrated to
its optimal core w.r.t. temperature and QoS. However, migrating
several applications at once results in a high number of potential
combinations, i.e., large action space, and the impact of several
migrations at once is difficult to predict. We solve this by
migrating only one application at a time, but we find in each
iteration the best migration among all applications. Our NN
model has been trained for one AoI, which is migrated, and
several other background applications, which are not migrated.
We perform parallel inference, where each application is used

as the AoI once. We select the overall best migration among
all best migrations for all AoIs.

To reduce the overhead of the NN inference, we employ the
already existing NPU of the HiKey 970 board. The available
parallelism in the NPU allows performing the parallel inference
for all applications simultaneously in a single batch. The NPU
is accessible via the HiAI DDK, which originally is designed to
speed up user apps. We develop a C++ binary that runs in user
space, employs the NPU for inference via the HiAI DDK (non-
blocking call), and uses the Linux affinity feature for migration.

B. Control Loop for Per-Cluster DVFS
IL-based migration is integrated with a DVFS control loop to

select the per-cluster V/f-levels. It first estimates the minimum
V/f level for each running application k that is required to
satisfy its QoS target Qk using linear scaling from the current
V/f level fxk

of its cluster xk:

f̃k,min = min{f ∈ Fxk
: qk · f/fxk

≥ Qk} (1)

It then determines per cluster x the minimum required V/f level
to satisfy the QoS target of all applications running on it:

f̃x = max{f̃k,min : application k mapped to cluster x} (2)

Since the estimates of f̃k,min are based on linear scaling, they
are only accurate for small V/f level changes. Therefore, we
adjust the current V/f level fx by only one step towards f ′

x and
instead call this control loop more frequently than migration,
i.e., every 50 ms. We skip iterations when the task migration is
executed and directly after a migration to account for transient
effects of cold caches that result in spurious QoS violations.
Idle clusters are set at the lowest V/f level. We use the Linux
userspace governor to set per-cluster V/f levels.

The combination of IL-based task migration and DVFS
control loop enables us to achieve the goal of temperature
optimization under QoS, as evaluated in the next section.

V. EXPERIMENTAL EVALUATION

We perform experiments on a HiKey970 [16] board with
a HiSilicon Kirin 970 smartphone SoC. It implements the
common Arm big.LITTLE architecture with four Arm Cortex-
A53 and four Arm Cortex-A73 cores, operating with per-cluster
DVFS. Furthermore, it comes with an NPU to accelerate the
inference of NNs. We place the board in an A/C room to main-
tain a constant ambient temperature. The on-chip temperature
is monitored with the on-board thermal sensor.

TOP-IL is compared with Linux GTS, paired with either
ondemand or powersave governors. GTS assigns processes to
a cluster depending on the computational requirements, i.e.,
mostly-idle and performance-hungry processes are migrated
to the LITTLE and big cluster, respectively. Ondemand aims
at providing a high performance but saving power when low
performance is required. It achieves this by scaling the V/f-
levels according to the CPU utilization. Powersave minimizes
the power consumption by always operating at the lowest V/f
levels, irrespective of the associated performance losses. All
these policies are not aware of application characteristics or
QoS targets. GTS/ondemand is the default configuration that is
shipped with Android 8.0 on HiKey970.
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Fig. 3. TOP-IL significantly reduces the temperature, while achieving low QoS
misses.

A. Temperature Reduction with TOP-IL

We first evaluate the capabilities of all techniques to reduce
the temperature under QoS targets. We create a mixed work-
load of 20 randomly selected applications from blackscholes,
bodytrack, canneal, dedup, facesim, ferret, fluidanimate, and
swaptions from PARSEC [21], and adi, fdtd-2d, floyd-warshall,
gramschmidt, heat-3d, jacobi-2d, seidel-2d, and syr2k from
Polybench [4]. Only the Polybench applications (except jacobi-
2d) are used for training TOP-IL. All other applications are
unseen. We select a random QoS target for each application.
The arrival times are distributed by a Poisson distribution with
varying arrival rate to test different system load scenarios. With
TOP-IL, the average / peak system utilizations vary from 13 %
/ 38 % to 37 % / 75 %. We let the board cool down for 10 min
between experiments. This also reduces the impact of run-time
variability due to the Android OS and workload fluctuations.

As shown in Fig. 3, TOP-IL reduces the average temperature
by up to 15 ◦C compared to GTS/ondemand at only slightly
more QoS violations. GTS/powersave achieves the lowest tem-
perature but at the cost of the majority of applications missing
their QoS target. In summary, TOP-IL is the only technique to
achieve temperature minimization at low QoS violations.

B. Run-Time Overhead

The results in Fig. 3 already inherently contain the run-
time overhead (additional CPU load, induced temperature) of
TOP-IL as it is running in parallel to the workload. We report
in this section the overhead with the maximum number of
eight concurrent applications, i.e., the average value would be
lower. IL-based task migration has an overhead of 3.4 ms. This
includes the NN batch inference, which is only 580μs due
to employing the NPU. The majority of the time is required
to prepare the input features. The relative overhead of task
migration is 0.67 % of the epoch of 500 ms. The DVFS control
loop runs for 540μs on average. Its relative overhead is 0.87 %
(8 invocations per 500 ms). The total (single-threaded) run-time
overhead of TOP-IL is ≤1.54 %, and therefore negligible.

VI. CONCLUSION

Temperature minimization under QoS targets using task
migration and DVFS requires jointly considering the diverse

characteristics and QoS targets of all running applications, and,
hence, is a complex problem. We tackle the complexity with
NN-based IL, which enables us to combine the optimality of
the oracle policy with a low run-time overhead. We employ the
NPU of a smartphone SoC to accelerate the run-time inference.
We accelerate the run-time inference with a smartphone NPU.
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