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ABSTRACT

Power governing is a critical component of modern mobile de-
vices, reducing heat generation and extending device battery
life. A popular technology of power governing is dynamic
voltage and frequency scaling (DVFS), which adjusts the op-
erating frequency of a processor to balance its performance
and energy consumption. With the emergence of diverse work-
loads on mobile devices, traditional DVFS methods that do
not consider workload characteristics become suboptimal.
Recent application-oriented methods propose dedicated and
effective DVFS governors for individual application tasks.
Since their approach is only tailored to the targeted task,
performance drops significantly when other tasks run concur-
rently, which is however common on today’s mobile devices.
In this paper, our key insight is that hardware meta-data,
widely used in existing DVFS designs, has great potential
to enable capable workload awareness and task concurrency
adaptability for DVFES, but they are underexplored. We find
that workload characteristics can be described in a hyperspace
composed of multiple dimensions derived from these meta-
data to form a novel workload contextual indicator to profile
task dynamics and concurrency. On this basis, we propose
a meta-state metric to capture this relationship and design
a new solution, GearDVFS. We evaluate it for a rich set of
application tasks, and it outperforms state-of-the-art methods.

CCS CONCEPTS

* Human-centered computing — Mobile devices; * Soft-
ware and its engineering — Power management.
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1 INTRODUCTION

With the rapid development of mobile system-on-chip (SoC),
high-performance tasks such as deep learning, gaming and
video processing can be run on a wide range of mobile de-
vices, e.g., smartphones, the NVIDIA Jetson series [7, 34],
QOdroid [8], etc. The small size of mobile devices leads to their
compact architectural designs [5]. It requires efficient power
governing to control the heat generation of the device. Other-
wise the entire device life cycle will be greatly shortened [3].
More importantly, mobile SoCs are often battery-powered,
such as in smartphones [82] or autonomous machines [6].
Power governing is also essential to ensure long battery life.
Dynamic voltage and frequency scaling (DVFS) is a popu-
lar power governing technology for mobile devices [23, 31,
38]. It adjusts the frequency (and voltage, but they are related
due to the operating curve §2.1) of processors, such as CPUs
and GPUs, at runtime to ensure that the energy those proces-
sors consume matches their workloads, thereby preventing
wasted energy and reducing heat generation. Without DVFS,
device battery life can be reduced by up to 75% [63].
However, due to the increasing diversity of workloads from
application tasks, traditional DVFS solutions (governors),
like schedutil from the Linux kernel [2], become suboptimal,
as they do not take into account the workload’s characteris-
tics [41]. Thus, recent studies propose a series of application-
oriented methods, by designing dedicated governors for vari-
ous applications [21, 23, 41, 51]. The rationale is that when
an application task is considered, learning and predicting its
workload are more tractable, thereby optimizing the proces-
sor frequency. These methods are successful when given the
workload “context” of the application, but are not ready for
widespread use in practice due to the following limitation.
Their energy management is tailored only to the targeted
application, making them vulnerable to application task con-
currency. Efficacy drops significantly when other (especially
heavy) tasks run concurrently (as extra resource consumers),
but this is common in modern mobiles [53], e.g., a foreground
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APP with multiple background tasks in smartphones [19],
simultaneous sensing and recognition tasks in augmented re-
ality [37], and concurrent computer vision, video capture and
media streaming tasks in autonomous vehicles/robots [10].

The reason for this shortcoming is that DVFS aims to al-
locate judicious energy (without wasting it) to processors to
provide enough computing power and accommodate device
workloads [35]. The hurdle is the complex relationship be-
tween dynamic workloads and matchable computing power.
Application-oriented methods focus on relatively stable or
fixed application contexts, without special consideration for
task concurrency and context switching. When only one task
is considered, this relationship can be bypassed by simply
checking whether task-side quality of service (QoE), such
as the required frame rate or latency, is achieved. However,
this approach does not generalize to determine computing
power in the presence of concurrent tasks, since tasks may
have different QoEs. Using any QoE alone is hardly to ensure
good energy efficiency in a device. In addition, even if they
have the same QoE, the requirements for values are often
different, which are difficult to be unified.

In the DVES literature [35], it is known that by keeping
processor utilization at a judicious level (e.g., 80%) [27],
sufficient computing power can be provided without wast-
ing energy [33]. Utilization, as a hardware-level indicator of
the processor’s working state, has been used in traditional
application-agnostic DVFS [2, 72, 75]. We find that by ex-
ploiting utilization, there is great potential to further achieve a
DVES design that is not only general but also workload-aware
and task-concurrency-tolerant by addressing two challenges.

First, for the CPU, its utilization consists of two sub-states,
active computing and stalled waiting (such as memory ac-
cess) [36]. Their percentages can vary widely under different
workload characteristics. However, when DVES adjusts the
CPU frequency, these two sub-states have different effects on
CPU utilization and CPU energy consumption, which leads
to the first problem — under various workloads with different
active/stalled percentages, frequency needs to be adjusted
differently to achieve a target utilization (e.g., 80%), even
starting from the same initial utilization value. This uncer-
tainty is further complicated by the CPU task scheduling [74].

Second, for other accelerated processors like GPUs, the
stalled-waiting sub-state has little effect, but another prob-
lem arises: when it comes to heavier workloads [17, 54, 76],
such as video rendering and deep learning tasks, more com-
puting from the GPU may be required. In this case, it is
easy to be trapped in a suboptimal frequency setting for CPU
and GPU when their utilization values are governed inde-
pendently, which instead should be considered jointly. This
second challenge is also observed recently [41].

In this paper, our key insight is that rich metadata of proces-
sors can be obtained during their executions. We can leverage
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collective views of these metadata, and the device-wide work-
load characteristics can be described in the hyper-space of
multiple dimensions derived from them. This hyper-space
description is then used as a contextual indicator for work-
load characteristics to profile task dynamics and concurrency,
based on which DVFS can maintain the utilization of pro-
cessors at a judicious level by choosing appropriate frequen-
cies for effective energy management. Thus, we introduce a
general and workload-aware DVFS, GearDVFS, as follows.
(1) We propose a new metric called meta-state, derived
from the hyper-space composed of a set of utilization sta-
tistics (related to CPU and GPU) and some other hardware
metadata. We introduce a novel method to extract meta-states
by carefully fusing these dimensions and mining their tem-
poral relationship to make workload-awareness possible. (2)
We formulate a novel workload-aware DVFS design prob-
lem that is general and compatible with varying degrees of
task concurrency. We propose a model-free solution by lever-
aging reinforcement learning (RL). Different from existing
RL-based methods [41, 47], we address two unique issues by
1) incorporating meta-states into RL, and 2) addressing large
action spaces for fine-grained frequency adjustments.

Experiment. We develop a GearDVFS prototype and evalu-
ate it on NVIDIA Jetson NX, Nano, Odroid-XU3, Raspberry
Pi 4B and Redmi phone for a variety of popular mobile appli-
cations, including both deep learning tasks and commercial
APPs with diverse workload characteristics and concurrency.
Extensive experiments show that GearDVES outperforms the
latest governor used on existing mobile devices and the state-
of-the-art zZTT [41], achieving up to 23.9% and 26.9% energy
efficiency improvements, respectively. In addition, to show
a broader utility of GearDVFS, we further test it for less
task-concurrency scenarios and find that it can still bring up
to 16.92% improvement. Finally, GearDVFES is lightweight
and DVFS can be governed periodically about every 100
ms. GearDVFS is open source at http://geardvfs.github.io. In
summary, this paper makes the following contributions:

e We propose a novel and general workload-aware DVFS
to accommodate today’s mobile tasks of strong dynam-
ics and concurrency, which is also backwards compati-
ble with traditional scenarios of less task concurrency.

e We propose a new meta-state metric, formulate the
DVFS design, and introduce a novel solution by incor-
porating meta-states and solving its action-space issue.

e We develop a prototype and show remarkable perfor-
mance gains compared to the latest methods from com-
mercial devices and the state-of-the-art DVFES design.

2 BACKGROUND AND MOTIVATION

DVFS is a crucial technology for power governing to conserve
energy and reduce heat generation of processors on mobiles.
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Figure 1: Frame rates achieved by zTT [41] for YOLO v3
under different workloads with the target 30 fps QoE.

2.1 Background

Principle of DVFS. For any processor i (such as CPU and
GPU), its energy consumption E; o f;xV?, where f; and V; are
the working frequency and voltage, respectively. Moreover,
the working voltage V' is further proportional to f [70]. Thus,
E; o f? and DVFS only needs to adjust frequency f within an
adjustable range specified in the hardware manual, according
to the observation of the device execution status.

Mobile processors. In mobile devices, the CPU is the main
processor for processing tasks, due to its mature program-
ming environment, general availability and robust operational
support [59, 74]. For emerging deep learning tasks, mobile
GPUs can facilitate processing, which provide as much per-
formance as CPUs [81], but cannot take full responsibility,
as many operations and models are not supported by mobile
GPUs [59, 79], which must fall back to CPU to run [37]. Thus,
recent mobile DVFES designs [41, 51, 60] focus on the energy
management of CPU and GPU, including GearDVFS.

Concurrent tasks on other platforms. On other computing
platforms, such as data centers, they also handle concurrent
tasks and have their own DVFS. However, since such plat-
forms are designed to provide computing services to a large
number of clients simultaneously, the volume of their concur-
rent tasks is huge. Therefore, their workloads are primarily
characterized by more macro metrics, such as the distribu-
tion of incoming tasks, and the granularity of this distribution
varying typically ranges from minutes to hours [29, 46]. Al-
though recent mobile devices also have concurrent tasks, the
task concurrency is much lower than that of these platforms.
Therefore, the fine-grained workload variation of each task
is important in mobile DVFS designs, which need to capture
run-time workload dynamics of these tasks and the granular-
ity is usually sub-second on mobile devices [31, 41]. Hence,
their DVES solutions are unsuitable for mobile devices.

2.2 Inefficiency of Current DVFS Designs

Application-oriented DVFS methods. As introduced before,
they propose to associate a dedicated DVFS governor for
one target application, which is pre-trained by considering the
application workload characteristics and quality of experience
(QoE), such as frame rate and latency. To understand their
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Figure 2: Average power consumption and frame rate
achieved by different DVFS governors for YOLO v3,
wherein performance (PEF) and schedutil (SHU) are (a)
without and (b) with the optimized GPU frequency.

inefficiency in practice, we conduct a preliminary experiment
with the state-of-the-art application-oriented method zTT [41].
We reuse the source code [12] released by the authors of zZTT
and examine the object detection task YOLO v3 [64] that was
studied in the zTT paper. In this experiment, we also train
ZTT on a Jetson device, similar to the ZT'T paper [41], with
the frame rate of 30 fps as the target QoE, which we hope
to maintain consistently. If frame rate fluctuates wildly, the
video displayed on the device becomes unstable.

Initially, when only YOLO is running, zTT can stabilize the
frame rate around 30 fps (the target QoE) very well, such as
29.86 fps on average in Figure 1. Then, we consider a mobile
robot scenario to initiate video clip transmission. Because
these two tasks have different QoEs, their governors cannot
be unified and we adopt the YOLO governor since YOLO is
performed more frequently. We find that the achieved frame
rate becomes less stable and the average QoE drops to 26.03
fps. Then, the robot goes further with speech recognition to
interact with people detected nearby. The frame rate fluctuates
significantly, dropping to an average of 20.97 fps.

Tasks may have different QoEs, such as frame rate for
YOLO, transmission latency for networking, and execution
latency for speech recognition. Thus, various DVFS governors
of this kind may not be unified, and any individual one can
hardly accommodate the overall workload dynamics well. In
addition, as unveiled in the evaluation later, even if all tasks
have the same QoE, their performance may still be limited.

Application-agnostic DVFS methods. This type of meth-
ods mainly govern CPU processors and are not coupled to
any particular application, such as performance and schedutil.
Their goal is to ensure that CPU works close to a target utiliza-
tion [2, 67], like 80%. There are also independent governors
for GPU, like simple_ondemand, which has a similar working
principle. Although these methods are general and compatible
to various workloads, their performance is limited most of the
time [41]. We now understand their limitations empirically,
which delivers useful insights to motivate our design.
Computing-intensive workloads. Deep learning usually
leads to such workloads, involving both CPU and GPU to
handle. We now use YOLO to examine two popular governors
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Figure 3: Active computing and stalled waiting.

performance (PEF) and schedutil (SHU) for such workloads.
Figure 2(a) shows that PEF and SHU lead to similar power
consumption compared to zTT, while their achieved frame
rates are much less than 30 fps, that is, they have low QoEs.

By checking the experiment log, we find that CPU has
been set to the highest frequency by PEF and SHU, while
more GPU computing should be involved in this task. How-
ever, GPU is governed by simple_ondemand independently,
which fails to achieve the cooperation by reducing CPU fre-
quency, meanwhile increasing the GPU frequency. Therefore,
we freeze the GPU governor simple_ondemand with an opti-
mal GPU frequency (manually searched) for YOLO, and run
PEF and SHU again. Figure 2(b) shows that their frame rates
can be improved significantly, comparable to zTT. This result
suggests that CPU and GPU should be governed jointly.

Memory intensive and balanced workloads. This type of
workloads are also popular and mainly handled by the CPU.
In such workloads, even when the CPU is busy, the device
status could be very different. The busy state of the processor
includes active computing and stalled waiting, which are two
different sub-states, as depicted in Figure 3. As these two sub-
states have completely different effects on CPU utilization
and energy consumption when CPU frequency is adjusted,
they pose further challenges to the DVFS design.
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Figure 4: (a) CPU utilization, (b) normalized latency and
(c) ratio of the sub-state of stalled waiting, when two dif-
ferent types of tasks run at different CPU frequencies.
To understand this point, we run two tasks from a popular
workload benchmark dataset “SysBench” [44], where “STA”
is a memory intensive task that performs frequent memory
reads and writes, and “BAL” is a balanced task involving
computation and memory access. We vary the CPU frequency
from 500 MHz to 1.9 GHz. If we only look at the CPU
utilization (as many traditional DVFS methods), Figure 4(a)
shows that these two tasks exhibit similar utilization levels,
which cannot be distinguished well. However, if we examine
their QoEs, which are measured by the latency for these
two tasks, we can see that the change of the CPU frequency
has different effects on their latency — with more stalled
waiting states (STA), its latency reduction (i.e., QoE gain) by
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increasing the CPU frequency is much less than the balanced
workload (BAL) in Figure 4(b). To distinguish these two
tasks, we observe that if we look at the breakdown of CPU
utilization, such as by plotting the ratio of stalled waiting
over the busy period in Figure 4(c), these two workloads
are highly distinguishable. In fact, with more dimensions of
useful hardware metadata processed by an effective design,
workload characteristics can be captured better (§3).

Summary. Our empirical study reveals the limitations of the
existing DVFS designs. Through this study, we also find that
the available metadata from the device hardware actually have
great potential to overcome these limitations.

3 SYSTEM DESIGN

To be general to various workloads, GearDVEFS is also de-
signed to maintain processor utilization close to a judicious
target level, while we need new techniques to achieve that.

3.1 Problem Formulation

We first formulate the workload-aware DVFS design prob-
lem in general, which provides crucial insights to inspire our
method. Within a time window T,,;,,, a processor utilization
u can be represented as u = TTI:’:fny, where Ty, is the busy
period of the processor in T,,;,. As discussed in §2.2, the
busy period of a processor includes active computing (Tyc;)

and stalled waiting (Ty;4) two different states. Therefore, by

. T
setting T,yin = 1, We can express u (= ) as:
win

— Y;’usy — Tact +Tsta — ,BX Wact +Tsta, (1)
win 1 f
where Ty, is proportional to the computation workload W,
and reversely proportional to the working frequency f [27,
75], p is a processor-relevant factor, and Ty, is free from
the change of f. Eq. (1) suggests that u can be written as
u=a/f+b, where a = X Wyer and b = Tg4,. If a and b are
known, we can set f as ug“_ 5 to achieve the target utilization
u9 easily. However, in various workloads, their characteristics
can be greatly different, leading to different a and b values due
to two reasons. First, for different workloads, the percentages
of T,.; and T, are different, which causes different W, (in
a) and T, (in b) in the first place. Second, even if workload
Wy 1s fixed, the computing time T, is further related to a
factor 3, depending on the processor’s task scheduling [74].

Workload characteristics. Therefore, the workload charac-
teristics for DVFS can be modeled using the following tuple:

< a,b >, where a = f X Wy and b = Ty,. 2)

As Figure 5 depicts, for the current frequency (f°) and pro-
cessor utilization (u?), f needs to be adjusted to different
values (f7) to achieve the same target utilization u9 under
different workload characteristics (curves C;). In other words,
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most likely workload curve, so that a correct frequency
adjustment can be made to achieve the target utilization.
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workload characteristics essentially refer to different curves
(u = a/f + b) in Figure 5, which are time-varying by nature,
i.e., changing from one curve to another over the time.
Workload-awareness. Thus, the DVFS workload-awareness
aims to predict the most likely workload-characteristic curve
to make a correct frequency adjustment each time.

e For application-agnostic methods, such workload con-
text information is unknown. So, they adopt a heuristic
strategy of using a pre-defined curve all the time, which
naturally leads to suboptimal performance.

e Application-oriented methods can choose the correct
curve for the target task. But, when more concurrent
tasks are run, the corresponding curve changes, explain-
ing why they become less effective in experiments (§2).

As the workload characteristics of mobile applications be-
come more complex and dynamic, it is difficult to directly
derive the optimal frequency adjustment strategy. Therefore,
we employ the exploration-and-exploitation process of rein-
forcement learning, a data-driven method combined with a
new meta-state metric design to handle complex workload
characteristics in this paper.

3.2 Design of GearDVFS Governor

For each processor i, GearDVFES aims to control the processor
frequency f;(¢) to maintain its utilization u;(t) close to a
judicious target level uf , such as 80%, which can be expressed
as the following optimization problem P:

(P): min = S SM Jui (1) — o, (3)
5.1, < fi(b) < fm Vi, “4)
ci(t) < cthermal i ¢, (5)

In Eq. (3), the decision variables are the frequency of each
processor i and the objective of optimization is to minimize
the average difference (i.e., T; +;) between the achieved uti-
lization u;(t) and its target level u? over total M processors
(such as CPU and GPU) fromt =1tot =T, e.g., T = 50 ms.
Eq. (4) ensures that f;(t) is not beyond its feasible changing
range | fimm, f"%*] specified in the hardware manual, and

Eq. (5) requires that the temperature of each processor is
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within its thermal throttling cf hermal ( ayoid overheating [41].
Before we move on, two points are noteworthy:

Why can controlling utilization save energy? When utiliza-
tion is low, it means that the processor is overpowered for
the current workload, leading to energy waste. In this case,
a slight decrease of f usually does not affect task process-
ing [21], but it can save substantial energy because the energy
consumption is proportional to 3 (§2.1). Hence, when uti-
lization is low (e.g., 30%), f is decreased to “slow down” the
chip for conserving energy and reducing heat generation.

On the other hand, processors should also not be fully
loaded, and a margin (e.g., 20%) is allocated to tolerate work-
load dynamics. Otherwise, it can cause the device to be unre-
sponsive when the extra workload needs to be handled by a
fully loaded processor, resulting in poor application QoE.

Do we need to achieve u9 all the time? When the workload
is extremely light or heavy, the target utilization cannot (and
also should not) be achieved, which is considered and ensured
in GearDVFS (by the design in §3.2.3).

RL-based solution. Inspired by recent DVFS methods [41],
the problem P, introduced in Egs. (3)—(5), can be converted to
a reinforcement learning (RL) problem [71] to solve, which
consists of several main components: states, actions, rewards,
and transitional probabilities. For DVFS, states and actions
can represent the workload characteristics and frequency ad-
justments for each device. One action a can make the device
“transit” from current state s to a new state s”. Meanwhile, a
probability p(s’|s, a) denotes the chance that this transition
would occur, and a Q-function [68] is usually employed to
quantify the reward r of this state transition. To avoid manual
investigation, RL can learn an optimal policy 7* to automat-
ically select the action a for each state s to maximize the
expected reward in the long run through

(Q) : max{E[Qr(s.a)]}, (6)

where Q-function Q,(s,a) = R (s) +y 2 p(s|s,a) X R (s"),
R, (s) is the reward achieved at state s and y is a discounting
factor. In practice, the transition probabilities p(s’|s, a)s are
difficult to model explicitly. The advantage of using the Q-
function is that it is model free [47], which can leverage the
neural network, such as deep Q-network (DQN) [18, 80], to
estimate the expected reward sum in an end-to-end manner.
Details of RL can be found in [71]. After problem Q is solved,
the derived 7* is used for power governing. However, RL is
only a framework. We need to customize its states, actions
and rewards, and solve unique challenges (§1) in our design.

3.2.1 GearDVFS meta-states. In RL, states refer to a
set of observable situations related to the control objective.
Utilization u of a processor is in a form u = a/f + b, where
<a, b> represents workload characteristics and it should serve
as the RL states. Although workload characteristics can be
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formulated using <a, b>, some parameters involved cannot
be obtained directly from hardware data, such as f in factor a.
In addition, even if <a, b> is known, DVFS needs to predict
(near future) workload characteristics instead of using their
current values, because whenever the processor frequency is
adjusted, that frequency is used for the next time window.
To overcome these challenges, we propose to derive a good
substitute to approximate such workload contexts and enable
the state construction. Our main idea is to derive new represen-
tation states, called meta-states, from the history of a series
of raw and observable hardware data, to represent and pre-
dict complex workload characteristics. There could be other
alternative ways, e.g., using a linear/higher-order predictor
and training it with hardware data. Since this process essen-
tially aims to distill knowledge from the raw observation data,
one advanced way from the deep learning domain [49] is to
distill knowledge from a hidden latent hyper-space encoded
by a network, based on raw observation data. In GearDVFS,
we employ the popular encoder-decoder framework [32] and
extend it with the following designs to learn meta-states.

Primary meta-states. As depicted by the top dashed box
in Figure 6, the encoder first takes the raw observation x(t)
as input to derive an intermediate latent variable z(t), where
x(t) is a set of raw hardware data from the device, including
the following information in our current design:

e a) The set of utilization statistics, with CPU utilization
for 1) active computing uf°*(t) and 2) stalled waiting
us'(t), and 3) GPU utilization u;(t).!

e b) Other raw hardware data: 4) frequency of each pro-
cessor f;(t) and 5) processor temperatures c;(t).

Based on the obtained latent variable z(t), the decoder tries
to reconstruct the original x(t), where the reconstructed one
is denoted as x(t). Both the encoder and decoder are imple-
mented by a lightweight multi-layer perceptron (MLP) in
GearDVFS. The rationale of this encoding-decoding process
is to explore a good intermediate latent space hidden inside
the raw observation input x(t), so that the obtained latent
variable z(t) is representative enough to reconstruct x(t) pre-
cisely. Thus, we introduce the following mean squared error
(MSE) loss to ensure the closeness between x(t) and x(t):

Lyse = 7 31 MSE((1), £(1)). ™)

On the other hand, to make the exploration of the latent
space more robust, each dimension of latent variable z(t)

"Due to a limited number of performance monitoring counter (PMC) units,
e.g., three on our devices, we use them to monitor frontend stalled, backend
stalled and overall cycles to obtain active computing and stalled waiting for
CPU. Since GPU is mainly used for computation intensive tasks, overall
utilization may already describe its working state well, and current mobile
devices only report an overall utilization of GPU. When detailed GPU data
become accessible in the future, they can be explicitly included in our design.
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Figure 6: Illustration of the meta-state learner.

is expressed as a distribution [24] instead of a fixed value.
GearDVFS adopts a simple yet effective Gaussian distribu-
tion [43], and the encoder learns and outputs the mean p(t)
and variance o2 (t) of the distribution p(z(t)|x(t)) as follows:

2(8)|x(t) ~ N (u(1), o*(1)),

where p(z(t)|x(t)) is a conditional distribution of z(t) under
the observation of x(t). The latent variable z(t) then can be
obtained by sampling over this distribution p(z(t)|x(t)). In
addition, as workloads are time-varying by nature, we add
a long short-term memory (LSTM) to further capture the
temporal feature of workloads, which takes the input as the
current x(t) and z(t), as well as the previous output of LSTM
at t — 1, to produce the new output, which is used as the
primary meta-state, denoted as m(t) in Figure 6.

Enhanced meta-states. To avoid overfitting of p(z(t)|x(t)),
the sampled conditional distribution p(z(#)|x(t)) is further
regulated by the distribution p(z(t)) in the training, which is
assumed as a normal distribution in prior studies [66]. How-
ever, this does not necessarily hold for mobile workloads. We
thus use the meta-state m(¢ — 1) only to feed into a MLP net-
work ¢ (by excluding the raw observation x(t)) to estimate
the mean and variance of p(z(t)) for regulating p(z(¢)|x(¢)).
Since p(z(t)|x(t)) and p(z(t)) are two distributions, we use
Kullback-Leibler (KL) divergence to measure their differ-
ence, leading to the second loss function:
1 T
L= 3, KLGEOOLpGED).  ©)
The sum of Lssg and L forms the final loss for learning
meta-states. After the system training (§4), each raw observa-
tion x(t) goes through this learner to obtain meta-state m(t)
first, which is then used to form RL state Sy =< m(t), x(t) >
to trigger different actions. In current GearDVFS, we con-
catenate meta-state m(t) and the raw hardware data x(¢) in
constructing the RL state Syss to enhance the state reliability.

3.2.2 GearDVFS actions. For DVFS, the actions are de-
fined to set the frequency of each CPU and GPU processor. In
any RL state Sy, taking different actions could lead to differ-
ent device statuses, which are measured by the rewards (next
subsection). With the DQN method for Eq. (6), the Q-function
can be instantiated by a lightweight Q-network [18, 80]. The
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Figure 7: Illustration of the Q-network design with the
parallel branches to handle different power domains.

training can teach the Q-network how to select the best action
under each state Syss to gain the highest reward.

The RL training is a self-exploration process. The training
algorithms try all or certain actions from an action space
(depending on the algorithms) to obtain the corresponding
rewards [32]. After training, the Q-network simply selects the
action leading to the highest reward each time.

Problem. However, we find that directly applying traditional
RL training to the DVFS design encounters a crucial large
action-space issue. We suppose that M processors exist and
each processor i has n; available frequency levels. In total,
H?ﬁl n; different combinations (actions) need to be consid-
ered each time, such as 1872 actions in NVIDIA Jetsons for
each state Syss. If all the combinations are explored each time,
the Q-network should have the same amount of output entries,
where each entry outputs the corresponding reward. This natu-
rally leads to a wide output structure for the Q-network, which
is time-consuming to train and difficult to converge.

To overcome this issue, the existing methods usually con-
sider only a subset of the action space each time, e.g., zZTT [41]
considers nine (out of 1872) actions (i.e., with nine output
entries) each time on NVIDIA Jetson TX2 [12]. Although
this simplification makes training tractable, it faces difficulty
in fully exploring the hardware capability (i.e., most actions
are not explored yet), leading to the sub-optimal performance.

Solution. The key idea to cope with this issue in GearDVFS is
that through a careful Q-network design, we can segregate the
reward exploration for each processor, so that we can accom-
plish the exploration more from a parallel feature extraction,
rather than increasing the output dimension. By doing so, the
output dimension can be reduced from the production [, n;
to a summation Z?ﬁl n;, e.g., reduced to 37 on Jetson TX2.
In GearDVFS, we employ a branch-based structure [73] to
realize this Q-network design.

As Figure 7 depicts, the RL state Sy is first fed into a set of
the shared feature extraction layers to extract the common fea-
tures across different processors, named as the power domains
in the figure. These common features are fed into a series of
feature extraction branches, where each branch corresponds
to one power domain (i.e., a processor with frequency to be
adjusted independently), such as CPU, GPU, DLA, etc. Then,
the common features are mapped to the same dimensions as
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Figure 8: The reward design includes (a) a target utiliza-
tion of 80% and (b) a thermal threshold of 50°C.

the features for each domain, and they are fused together to
output the rewards for each branch.

This design essentially copes with the trade-off between
latency and optimality of the frequency exploration. Our Q-
network design explores the reward of each power domain
in parallel (to speed up exploration), instead of checking all
combinations with many impractical cases. Since the number
of actions for each branch is small, all possible frequencies for
each power domain can be explored. On the other hand, since
power domains should be governed jointly, our Q-network
considers all power domains to learn their features and ex-
ploits their joint features to find the maximum Q-value for
each power domain. Therefore, our Q-network is essentially
reshaped to fit the DVFS design to better handle this trade-off,
so that all feasible frequencies of each power domain can be
explored for fine-grained frequency adjustment.

3.2.3 GearDVFS rewards. The objective of our DVFS
design formulation is to maintain the utilization close to a
target level u9 (§3.2). Therefore, we propose a new reward
function D;(t) for each processor i as follows:

A, ui(t) ¢ [ulf"i", u"*x],
B (ui()-ud)?
u+oXxe w2, otherwise,

Di(t) =

where the first case represents extremely light (< u;"i") or
heavy (u]"**) workloads, for which using even the minimum
or maximum frequency cannot achieve the target utilization
u? . In this case, using the minimum or maximum frequency is
actually the “optimal” action, and therefore, a small positive
reward A (= 0.1 empirically) is given without penalty.

In the second case, the utilization is within [ulf"i", u"],
and we calculate the reward based on the distance between
u;(t) and ulg . The hyper-parameters u, v and w are chosen, so
that when the distance is small, a positive reward, close to 1,
is given, while a negative reward, close to -1, is given for a
large distance. When u; () is near the target uf , more rewards
are obtained. We use an exponential function instead of a step
function, to distinguish the changing direction of the reward
to guide the RL training, as shown in Figure 8(a).

In addition to D;(t), we also add W;(t) proposed by zTT [41]
to avoid the thermal throttling issue (Figure 8(b)), where
Wi(t) = 0.2-tanh{Typ,e = Te(t) } if T (t) < Tinre, and Wi(t) =
—2if Te (t) = Typre, where Te(t) is the current device tempera-
ture and Ty, is the temperature threshold. The overall reward
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R(t) in current GearDVFS is R(t) = 1\_1/1 Z?ﬁl(Di(t) + Wi (1)),
where M is the total number of processors.

3.2.4 Governor updates. With the states, actions, and re-
wards designed above, GearDVFS knows how to select the
action leading to the highest reward each time after the train-
ing. Finally, we discuss one practical consideration to update
the GearDVFS governor. After training, GearDVFS may ex-
perience new “contexts” different from the training, which
may include new workload dynamics, different temperatures,
etc. The RL training is a self-exploration process (§3.2.2) that
does not require ground truth, i.e., we only provide sufficient
execution traces for exploration [47]. Thus, RL-based solu-
tions could leverage the actual hardware data to update the
governor to adapt to new contexts. Similar to [41], we also
employ fine-tuning to enable this update (i.e., updating the
governor with actual hardware data), as the network struc-
ture remains the same and only a few parameters have to be
updated. We note that this update is optional, which can be
disabled due to the privacy policy of the historical data usage.

4 IMPLEMENTATION

Test-bed. We have developed GearDVFS using Python 3.6
on NVIDIA Jetson NX. The frequency of its CPU (NVIDIA
Carmel) and GPU (NVIDIA Volta) can be adjusted in the
ranges of 0.1-1.9 GHz and 0.1-1.1 GHz, respectively. More-
over, we have also deployed and tested GearDVFS on Odroid-
XU3, Jetson Nano and Raspberry Pi 4B for various micro-
benchmark experiments. Redmi Note 9 is further used to test
GearDVES in the scenarios with less task concurrency. Fig-
ure 9 summarizes the implementation of GearDVFS, as an in-
termediate layer between the kernel and applications. GearD-
VES contains two major modules: meta-state learner and
governor. We use small MLPs only for each basic network
block in these two modules to make GearDVFS lightweight.
GearDVFS monitors the hardware data to derive meta-states
and performs RL learning periodically, e.g., 100 ms (§5.3).
For Jetson and XU3, we adopt INA3221/231 modules to
monitor the device energy consumption and develop a com-
pact Perf to access hardware data with less latency. For Pi, we

Chengdong Lin%2, Kun Wang!, Zhenjiang Li!, Yu Pu?

use Waveshare power monitor HAT to monitor its energy con-
sumption. On the phone, we adopt simpleperf from Android
to access the hardware data. We further develop a launcher to
start each APP from the computer through Wi-Fi by Android
debug bridge (ADB) and estimate APP energy consumption
more accurately using Google’s battery historian service [1].2

Application tasks. To evaluate GearDVFS, 12 tasks from
four real-world mobile applications will be used, which cover
a wide spectrum of workload characteristics:

i) Self-driving (4 tasks): 1) lane detection, 2) object detec-
tion, 3) segmentation (to separate roads, pedestrians, vehicles,
etc.) and 4) depth estimation. They are all deep learning tasks,
which are directly from a self-driving system [10] for small
autonomous cars controlled by Jetson devices [55, 69] with
balanced (but more towards computing-intensive) workloads.

ii) Robot (3 tasks): 1) YOLO v3 [64], a deep learning based
object recognition task; 2) video uploading, a networking task;
and 3) QuartzNet [45], a deep learning based speech recog-
nition task. Tasks 1) and 3) have more computing-intensive
workloads. Task 2) has more memory-intensive workloads.

iii) UAV ground station (2 tasks): 1) YOLO v3; and 2) multi-
stream video receiving from various UAVs [11]. They have
computing- and memory-intensive workloads, respectively.

iv) Mobile phone APPs (3 APPs); 1) Tik Tok; 2) PlayerUn-
known’s Battlegrounds (PUBG), a popular 3D mobile game;
and 3) Zoom. Their workloads are more computing-intensive.

System training. We deploy and reuse a single GearDVFS
governor template in the device, which is trained following
a standard RL training procedure [41] by using the actual
workloads from the application, e.g., the self-driving work-
loads are used to train GearDVFS if the device is installed
in an autonomous vehicle. When the device is later used in
a different application scenario, our governor can be reused
after retraining with new workload data. On the other hand, if
the application scenario is unclear initially, we can provide a
default version trained with some typical workloads. Device
can first use this version and updates the governor with the
hardware data during actual execution for adaptation.

Q-network is converged when the reward becomes stable
over epochs [41]. In current GearDVFS, we adopt the first
five epochs empirically to train its meta-state learner and
governor alternatively (i.e., freezing one to update the other
one). Thereafter, the governor is trained (with the learner
fixed) until reward becomes stable (examined in §5).

S EVALUATION

We compare the following DVFS methods in the evaluation:

2This service can estimate the energy consumption of each APP separately,
so that other energy consumers, such as background services and wireless,
will not be accounted for. Using Wi-Fi here can also avoid phone’s charging
if a USB cable is used, which could affect the measurement.
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under various concurrent tasks.

1) Default (Deft): we use popular schedutil for CPU and
simple_ondemand for GPU as Default in the evaluation, which
are used in existing mobiles, such as NVIDIA Jetson devices.

2) Q-Learning (QIng): recent Q-learning based method
that adopts utilization to control the frequency of CPU only,
which does not considers the workload context and employs
the default simple_ondemand method for GPU.

3) zTT: the state-of-the-art application-oriented DVFS
method [41] with the thermal throttling consideration.

4) GearDVEFS (Gear): the method proposed in this paper.

Two main metrics are adopted in the evaluation:

1) Performance per watt (PPW): this is a popular metric
to quantify the energy efficiency of one device [9], which
is computed as the ratio between QoE and the power con-
sumption. A larger PPW indicates better performance. This
metric is intended to avoid situations, where DVFS methods
inappropriately use very low operating frequencies to save
energy but unduly hurt application QoE.

2) Utilization (Util): Deft, Qlng and Gear methods aim to
achieve a target utilization in general, which is set to be 80%
for both CPU and GPU in this experiment. For these three
methods, we also investigate how close the actual utilization
is achieved with respect to the target level (80%).

5.1 Opverall Performance

Performance of PPW. We first investigate the overall PPW
performance of four methods. As applications have differ-
ent QoEs, such as frame rate and latency, we use the QoE
achieved by the traditional performance governor as a base-
line to normalize the QoE achieved by each method and then
compute PPW.? In the evaluation, a larger PPW indicates
better performance. In Figure 10(a), we first examine the four
tasks from the self-driving application. In this application,

3If performance has frame rate ry, the normalization for another method

of frame rate ry is ry/ro. If performance has latency Iy, we normalize [; of

another method as i; 11 , so that a larger normalized QoE means being better.

under various concurrent tasks.

(5) frequency bins.

lane detection (Lan) and object detection (Obj) two tasks
need to execute all the time, while segmentation (Seg) and
depth estimation (Dep) are selective for various vehicles of
different built-in sensors [10]. As all these tasks use frame
rate as QoE, we extend zTT by using the overall frame rate
in its training to ensure it can work with multiple tasks. Fig-
ure 10(a) shows that both QIng and zTT outperform Deft, and
the overall PPW improvement of zTT is larger than that of
QIng. Overall, Gear further improves PPW by 15.0-23.9%,
6.0-19.6% and 6.2-15.2% compared with Deft, Qlng and
ZTT, respectively.

In Figure 10(b), we examine object detection (Obj), video
uploading (Net) and speech recognition (Sph) for the robot
application, where Obj uses frame rate as QoE and the rest two
tasks use latency as QoE. As their QoEs are different, we have
to choose one QOoE to train ZTT. We select frame rate, since
Obj is performed more frequently. When concurrent tasks
(with different QoEs) start to execute, zZTT performs worse
than Deft and Qlng. Gear can achieve the best performance in
all scenarios, improving PPW by 11.1-16.0%, 7.4—-12.5% and
7.0-26.9% compared with Deft, Qlng and zTT, respectively.

In Figure 10(c), we further examine the application of UAV
ground station [11] to receive the transmitted video streams
from multiple UAVs to detect special events or objects, such
as fires or humans [11, 25]. In this experiment, we vary the
number of video streams from two to six. We find that jitter
between the various streams can make the overall frame rate at
the device side unstable, and so QIng and zTT sometimes per-
form worse than Deft. Gear can achieve the best performance,
improving PPW by 6.5-13.5%, 10.7-15.6% and 8.5-16.0%
compared with Deft, Qlng and zTT, respectively.

Figure 11 further shows that recent methods (QIng, zTT and
Gear) effectively improve the energy efficiency of the device,
i.e., without using inappropriately low operating frequencies
to save energy that could hurt QoE. As different tasks may
have different QoE metrics, we normalize the QoE achieved
in each setting relative to the QoE achieved using the maximal
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a similar setting as Figure 1. (b) CPU
and GPU utilization achieved by Gear.

operating frequency (i.e., the highest QoE), so that a higher
bar indicates a better QoE in Figure 11. We can see that these
recent methods do not sacrifice QoE performance for higher
PPW results. With an effective design, Gear can achieve both
good energy efficiency in Figure 10 and QoE in Figure 11.

Performance understanding. We then understand why Gear
can improve the energy efficiency in Figure 10.

CPU and GPU utilization. As the design objective of
GearDVEFS is to use judicious energy to achieve the target
utilization level (80% in the evaluation), Figures 12 plots the
fine-grained CPU and GPU utilization achieved by Gear for
the tasks (“Lan+Obj+Seg” in Figure 10(a)) as an example.

Figure 12(a) shows that Gear can maintain CPU utilization
close to 80%. It plots the CDF of the utilization differences
(between the achieved utilization and the target 80%), which
are small, i.e., 5.7% on average. Similar to Gear, Deft and
Qlng also aim to achieve the 80% target in the experiment
(as zTT is not designed for this target, it is skipped from
Figure 12), but they have a larger difference (compared to
the target value). Figure 12(b) further plots the corresponding
GPU utilization, in which Gear’s GPU utilization difference
(3.7% on average) is also less than the other two methods.

In Figure 12(c), we further divide the whole CPU frequency
range into five bins from 1 to 5 (from low to high), and plot
the distributions of the CPU frequency selections by these
three methods. We can see that Gear tends to approach the
same utilization target at lower frequencies than other two
methods. This means that the relatively low energy consump-
tion of Gear (by using lower frequencies) is sufficient for
current application tasks, revealing why Gear achieves higher
energy efficiency. Figure 12(d) indicates that Gear can adopt
appropriate working frequencies for GPU as well.

QoFE. We further understand why GearDVFS performs bet-
ter than zZTT. Figure 13(a) shows the QoE achieved by them
in the robot application. When only YOLO is working, the
frame rates of zTT and Gear are both close to 30. When
networking (video uploading) is launched, the frame rate of
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Figure 14: Ablation study for GearD-
VFS with several intermediate versions
in the applications for (a) self-driving
and (b) robot in Figure 10.
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Figure 15: (a) Ablation study for
GearDVFS in the UAV ground station.
(b) Performance of GearDVFS by in-
cluding one more power domain DLA.

7ZTT becomes less stable and the average QoE drops to 26.03
fps, while the frame rate of Gear is not affected. Then, when
speech recognition is further performed, the frame rate of zZTT
fluctuates significantly and its average value drops to 20.97
fps, which is only slightly varied in Gear. Figure 13(b) further
plots the CPU and GPU utilization achieved by GearDVFS
in this application. The utilization of both processors can be
effectively maintained close to 80%. After speech recognition
starts to work, the overall workload is heavy. Thus, the CPU
utilization is above 90%, which is a correct action.

Ablation Study. Next, we develop two intermediate system
versions of GearDVFS for an ablation study to understand
the efficacy of two main modules. Gear-w/o-enha: in this
first version, we remove the enhancement designs in the meta-
state learner module in §3.2.1 (we cannot remove the entire
module since meta-states are required to form the RL states).
This leads to a low-quality meta-state construction. Gear-w/o-
brch: in this second version, we remove the branch-based
structure for the Q-network in §3.2.2 and select only nine
actions from the whole action space, similar to zTT [12].

In Figure 14 and 15(a), we show the PPW of each interme-
diate version for all the tasks studied in Figure 10. We also
plot the performance of the original GearDVFS as a refer-
ence. For the self-driving tasks, PPW of “Gear-w/o-enha” and
“Gear-w/o-brch” is degraded by 5.2-16.06% and 3.7-6.9%,
respectively. The low-quality meta-states cause slightly more
performance drops than the branch-based structure. For the
rest tasks in robot and UAV applications, the conclusion is
similar. In particular, PPW of “Gear-w/o-enha” and “Gear-
w/o-brch” is degraded by 7.1-9.8% and 4.3-9.1%, respec-
tively. The results suggest the effectiveness of each module.

5.2 Micro-benchmarks

Additional power domain. The branch-based Q-network
design in GearDVEFS is not only beneficial to the power gov-
erning (Figure 14), it also brings an opportunity to support
additional power domains (§3.2.2). To unveil this point, we
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include a new power domain on Jetson NX — deep learning
accelerator (DLA), which is an independent on-board module
to accelerate deep learning tasks. By default, DLA is disabled.
In Figure 15(b), we enable it and add one more branch in
the Q-network for DLA. With this update, GearDVFS can
control the frequencies of CPU, GPU and DLA. When Deft
is adopted with DLA for YOLO, the average power consump-
tion is 13.4 W. If GearDVFS controls CPU and GPU only
and leaves DLA governed by its default governor, the power
consumption (“Gear”) can be reduced to 12.4 W without
impacting the frame rate. If DLA is also governed by Gear
(“Gear+DLA”), the power consumption is further reduced to
12.01 W, leading to 3.2-10.2% energy reduction.

Big.LITTLE cores. Mobile CPUs may have Big.LITTLE
cores. In this experiment, we deploy GearDVFS on Odroid-
XU3, which has such a CPU, and compare it with its built-in
DVEFS governor Deft. Figure 16(a) shows that the average
power consumption of GearDVES is improved by more than
14.4% than that of Deft, while the latency of these two meth-
ods to complete the same set of tasks is similar, as shown in
Figure 16(b), which indicates that Gear does not affect the
task processing. Figure 16(c)-(d) report the distributions in
the frequency selections for big and little cores of two meth-
ods, where Gear can select relatively lower frequencies for
both types of CPU cores to improve their energy efficiency.

Different devices. In this experiment, we examine Gear on
different devices, including Raspberry Pi 4B, Jetson Nano and
Jetson NX, for the same application scenario. According to
the computation capabilities of each device, we run “Lan+Obj”
on Raspberry Pi 4B, “Lan+Obj+Seg” on Jetson Nano, and
“Lan+Obj+Seg+Dep” on Jetson NX. Figure 17(a) shows that
Gear’s PPW is comparable across the three devices. Due to
the high workload on Jetson NX, its PPW value is slightly
lower than other two. The energy efficiency of zTT has a
similar trend to that of Gear, but Gear can improve PPW by

of mobile devices.

GPU temperatures over time.

5.79-8.72%. Figure 17(b) further shows that both methods
also achieve good QoE performance in this experiment.

Devices of the same type. For devices of the same type, after
GearDVES is trained on device A, it can be directly deployed
to another device B. In Figure 17(c), we use two Jetson NX
devices, denoted as “A” and “B”, to train GearDVFES, denoted
as “G”. We investigate PPW for three settings of G: GAA (G
is trained on A and tested on A), GAB (G is trained on A and
tested on B) and GBB (G is trained on B and tested on B).
The results show that the energy efficiency is similar for these
three settings. If Gear needs to be deployed to another type of
device, new training will be required as their hardware may
have different parameters and capabilities.

Impact of temperature. In this experiment, we vary the am-
bient temperature to investigate GearDVFS when the feature
of runtime governor update is enabled (§3.2.4). In Figure 18,
we run YOLO at 30 fps and use the on-board fan to control
the heat dissipation. Initially, the fan is on. Then, we switch
it off and the temperatures of both CPU and GPU start to
increase. Before temperature reaches the thermal threshold
(set to 50°C), the frame rate keeps stable. After the threshold
is reached, the working frequency is decreased dramatically
(to avoid overheating). The frame rate thus drops, while Gear
starts to adapt to this new environment and recovers frame rate
shortly. Next, we introduce a challenging setting, in which we
switch off the fan and cover the device by a protective case. In
this extreme case, the working frequency is decreased signifi-
cantly to avoid overheating and the frame rate is fluctuating
around 25 fps. Finally, when the fan is switched on, the frame
rate can be recovered again. Since Gear is a general DVFS
design, we integrate the thermal throttling capability of state-
of-the-art ZTT into Gear and find that it can achieve thermal
throttling performance similar to zTT in Figure 18(a-b).

Adaptation. In this experiment, we investigate the adaptation
performance of GearDVFES to new scenarios. We first change
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Figure 19: Adaptation performance
when we (a) change the QoE require-
ment, (b) increase the number of tasks,
and (c) start a new task at time 400.

the QoE requirement in Figure 19(a), where “Lan” and “Obj”
from the self-driving application are executed. Their frame
rates are 20 fps initially, and we change it to 30 fps for one
task (e.g., “Obj”) at time 400. Gear takes 500 seconds to
finish adaptation, about 200 seconds fewer than zTT. We
then increase the number of tasks (present during training)
on the device in Figure 19(b), where the number of video
streams is increased from two to four at time 400 from the
UAV ground station application. The results show that it takes
about 490 and 500 seconds for Gear and zTT to complete
the adaptation, respectively. Finally, we start a new task (not
present during training) in Figure 19(c), where a mobile robot
performs object detection initially. Later, speech recognition
is launched, and this task was not present in DVFS training.
Because speech recognition itself is a heavy task and it has a
different QoE from object detection, Gear takes a longer time,
about 650 seconds, to complete the adaptation, and zTT does
not fully stabilize the frame rate in this new scenario.

By adaptation, Gear can be adjusted to new settings in less
time than training from scratch (e.g., about 35 minutes in
§5.3), but it can still cause unstable QoE performance for a
few minutes, and we plan to further improve it in the future.

Mobile phone. Finally, to show a broader utility of the GearD-
VES design that is backwards compatible and effective to the
scenarios of less workload concurrency, we test it on the
Redmi phone for Tik Tok, PUBG and Zoom as introduced in
§4. For each APP, it executes with concurrent background ser-
vices from operating system only. We investigate the achieved
frame rate and the energy efficiency for each APP. As a com-
parison, we also plot the performance achieved by zTT and
Deft (the default governor on this phone). The average frame
rates of three APPs are 60, 30 and 20 fps, respectively.
Figure 20(a) depicts the achieved frame rates, which are
normalized relative to their average values for a clear illus-
tration. The results show that the frame rates achieved by
the three methods are close to each other, suggesting that

Traces
Figure 20: Experiment on a phone. (a)
Frame rates; (b) PPW relative to Deft;
and (c) PPW of Gear with more copies
of the historical data from each APP.

Time (s)

Figure 21: System overhead. (a) La-
tency overhead. (b) Energy overhead
and reduction at different DVFS peri-
ods. (c) Power consumption over time.

ZTT and Gear do not affect the task processing. Since Deft is
the default DVFS method on this phone, we further plot the
normalized PPW of zTT and Gear against Deft. Figure 20(b)
shows that zTT improves the PPW for the three APPs by
4-7%, and Gear can further improve the PPW by 6-9%.

In this experiment, we further ask the user to keep using
these three APPs, and we employ the historical execution
traces of each APP to update the Gear governor. In Fig-
ure 20(c), we vary the number of such traces from 1 to 7.
The result shows that with more traces, the PPW can be fur-
ther increased, for example, up to 16.92% when six traces are
adopted. After using six traces, we find that the improvement
is marginal if we further increase the number of traces.

5.3 System Overhead

Training time. The RL training is converged when the ob-
tained rewards become stable [41]. We have studied the change
in reward during training of GearDVFS, which takes around
35 minutes (i.e., 2100 seconds) to train GearDVFS from
scratch before its reward becomes stable (on a PC with an
Intel i17-8700K CPU). Although training time is a one-time
effort before deployment, it is still meaningful to study how
to further reduce it in the future, e.g., by using multi-threaded
execution for training and more powerful machines.

Memory occupancy and execution latency. When GearD-
VES is executed, its memory footprint is only 0.4 MB. Due
to its lightweight design, it also executes efficiently. With
our optimized Perf profiler (§4) to accelerate hardware data
access, the latency for GearDVFS to collect data and make
each DVFS decision is reduced to be less than 200 ms (mostly
100 ms) at different frequencies in Figure 21(a), so that DVFS
can be governed periodically about every 100 ms.

Power consumption. Finally, we measure the power con-
sumption of GearDVFES on Jetson NX using onboard INA3221
power monitor. As a benchmark, we also show the power
consumption of the device when using its default governor,
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schedutil. In Figure 21(c) when Deft and Gear are used, the
average power consumption in idle state is 2.88 W and 2.99 W,
respectively. Then, we start another copy of Gear (as an ap-
plication task), and the average power consumption increases
only to 3.05 W (by Deft) and 3.16 W (by Gear), indicating
that Gear itself consumes little energy, about 170 mW. Next,
we run deep learning tasks for the same period of time in
both methods. The device using Deft consumes an average of
9.06 W, which is reduced by 22.6% to 7.01 W with Gear.
When the DVFES period increases (DVFS is performed less
frequently), Figure 21(b) shows that the energy overhead of
GearDVFS itself decreases, e.g., from 0.17 W to 0.06 W, but
the reduction of energy consumption also decreases when
heavy tasks are executed, e.g., from 2.05 W to 0.77 W. Thus,
short DVFS periods of GearDVFS can lead to more energy
reduction during the execution of application tasks.

6 RELATED WORK

DVFS on computers. This type of DVES design is usually
not coupled to any particular application. Typical examples
come from the Linux kernel [42], which follow a set of fre-
quency adjustment rules, but their performance is suboptimal
when the workload is complex [41]. Hence, many other rule-
based methods are proposed to learn workloads to improve
DVES design. For example, a workload-driven DVFS is in-
troduced in [36], which is mainly for computers and some
features (e.g., P-States) are not available on mobiles. The au-
thors [15] classify several pre-defined concurrent workloads,
and the authors [13] further propose a per-core power model
to improve DVFS performance. However, rule-based methods
can only capture a few pre-defined workload types, which
become less effective in practice. Hence, recent studies start
to explore learning-based methods, e.g., using basic [26, 77]
and deep [52] Q-learning, which can be accelerated by pro-
grammable logic [47]. On the other hand, research [40] also
exploits advanced hardware features, e.g., thread-level paral-
lelism (TLP), to better capture workload characteristics.
However, such advanced hardware features are computa-
tionally expensive and not suitable for mobiles. On the other
hand, the processors on computers (e.g., CPU and GPU) are
often separate components, use separate resources (e.g., mem-
ory), and are governed independently by existing designs.
Instead, the processors are integrated into the same SoC in mo-
biles, with unified memory access and shared resources [56],
which should be jointly governed by the mobile DVFS.

Application-oriented DVFS methods. In mobile devices,
studies have explored various application-oriented schemes
with dedicated DVFS governors. For instance, the authors
in [20, 39, 65, 83] propose such designs to benefit web brows-
ing. A series of customized designs can also optimize energy
efficiency for mobile games by governing the achieved frame
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rate [22, 51, 61, 62]. The designs in [21, 23, 50, 57, 60] fur-
ther consider the more general multi-media applications with
a frame rate QoE but beyond games. NeuOS [16] is opti-
mized for DNN-driven tasks. The state-of-the-art zTT [41]
makes a novel contribution to this category of designs re-
cently, by considering not only QoE but also ensuring zero
thermal throttling. However, the application-oriented methods
are vulnerable to task concurrency and workload dynamics.

CPU task scheduling. DVFS has the following relationship
with CPU task scheduling. CPU task scheduling determines
which tasks are allocated to which cores [4, 14], and DVFES de-
termines the operating frequencies of each core based on the
result of CPU scheduling. The DVFS solutions used in com-
mercial mobile devices or proposed in recent studies [51, 74]
mainly follow this layered design paradigm. On the other
hand, some manufacturer-specific schedulers have been pro-
posed, e.g., MPDecision [48]. When the device workload is
light, they can switch off some processor cores directly. Such
scheduling is usually performed on a larger time frame, and
it could be integrated into DVFES to comprehensively opti-
mize both short-term (fine-grained) frequency adjustment and
long-term on/off switching for processor cores in the future.

Assorted learning and scheduling technologies. Recent
theoretical studies have been conducted to address the issue
in which the RL states are not observable [30, 32, 49]. Our
design is inspired by these works, but we propose new designs
for DVFS, including 1) a dedicated network to derive the meta-
states from a hidden latent space [24]; 2) a new RL-based
DVFS governor with our designs tailored for the RL states,
actions and rewards; and 3) the branch-based Q-network [73]
to ensure a fine-grained frequency adjustment. On the other
hand, recent works have also studied workload characteristics
and frequency scheduling of CPUs and GPUs in cloud or
data centers [28, 58, 78], which however are orthogonal to
the mobile device solutions (§2.1) studied in this paper.

7 CONCLUSION

This paper has proposed a novel DVFS design called GearD-
VES to accommodate task concurrency and workload dynam-
ics for mobile devices. In designing GearDVFES, we have iden-
tified the reason why the recent DVFES solution is not effective,
and introduced a new and effective meta-state metric. With
this metric, the workload characteristics can be described,
based on which we enable a workload-aware DVFS design
by addressing two unique challenges. We have developed a
prototype to show valuable performance gains.
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