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Abstract—Achieving high performance with low energy con-
sumption has become a primary design objective in multi-core
systems. Recently, power management based on reinforcement
learning has shown great potential in adapting to dynamic envi-
ronments without much prior knowledge. However, conventional
Q-learning (QL) algorithms adopted in most existing works
encounter serious problems about scalability, instability, and
overestimation. In this paper, we present a deep reinforcement
learning-based approach to improve the stability and robustness
of power management while reducing the energy-delay product
(EDP) under user-specified performance requirements. The com-
prehensive status of the system is monitored periodically, making
our controller sensitive to environmental change. To further
improve the learning effectiveness, knowledge sharing among
multiple devices is implemented in our approach. Experimental
results on multiple realistic applications show that the proposed
method can reduce the instability up to 68% compared with
QL. Through knowledge sharing among multiple devices, our
federated approach achieves around 4.8% EDP improvement over
QL on average.

Index Terms—power management, deep reinforcement learning,
experience replay, federated learning, multicore system

I. INTRODUCTION

Energy consumption has become a non-negligible problem
in recent years, especially in mobile devices. High energy
consumption shortens the operation time of battery-powered
products and degrades the reliability of the whole system,
creating the demand for thermal management. To release the
mismatch between the limited battery and users’ demand for
high performance, efficient power management is indispensable
in modern systems. Among various components, the processor
is one of the most dominant energy consumers [1], [2]; there-
fore, improving the energy efficiency of the processor is a key
target in power management.

Dynamic voltage and frequency scaling (DVFS) is one of
the most widely used techniques in power management, and it
dynamically changes the V/F levels of cores according to the
runtime status of processors. The uncertainty and diversity of
the environment and applications make it difficult for designers
to implement a robust and adaptive policy based on heuristic
methods [3], [4]. As a result, reinforcement learning (RL)-
based DVFS control [5]–[9] has been proposed and shows
significant improvement without much prior knowledge of the
applications. However, Q-learning, one of the most popular and
widely used RL algorithms, performs poorly in some stochastic
environments due to large overestimations [10]. Additionally,
to discretize state parameters, some prior knowledge is still
required, especially when the partition is not even. Improper
state partition may cause failed learning or instability during

the converging process, while a fine partition maintaining
a tremendous Q-table leads to a great increase in memory
overhead and convergence time. Recently, the stability of online
RL methods has become a major concern in safety-related and
potentially hazardous applications [11]. The ability to recover
from exploratory actions and significant environmental change
should also be considered in a robust RL approach [12]. In the
RL-based power management area, most works only focus on
the quality of learned results [5]–[9], e.g., energy consumption
reduction, ignoring the stability and recovering ability during
the online process. However, these factors are highly related to
the reliability of the whole system.

To overcome the scalability and instability obstacles in Q-
learning and improve the effectiveness of power management,
deep reinforcement learning (DRL) using value approximation
is adopted in our method. We monitor multiple state features
and update the policy periodically. In this way, runtime be-
haviors and unpredictable changes can be observed adequately
and timely; hence, high robustness can be achieved. Nonethe-
less, there still exists one major limitation in DRL. Due to
continuous state space and high variability from applications,
it is hard for DRL agents to explore sufficiently, resulting in
overfitting to some applications and a long convergence time.
Computation overhead for both online and offline learning can
not be ignored while high accuracy or performance is pur-
sued. Consequently, we introduce federated learning allowing
knowledge sharing among devices to further improve energy
efficiency. Each device owns a local DQN-learner to interact
with its local environment and shares its cumulated knowledge
with others. Modern mobile devices mostly have easy access to
WiFi and LTE networks, thus, knowledge sharing is available
and realizable in our model. Federating learning can accelerate
the learning speed and improve the quality of the policy, which
is highly valuable in the learning-based power management [7].
The main contributions of our work are as follows:

• We propose a deep Q-networks (DQN)-based DVFS con-
trol approach to reduce the EDP of multi-core systems in
a stable and robust way.

• We design appropriate state space and adopt periodical
training to enhancing stability and robustness.

• We propose a federated DQN (FDQN)-based DVFS control
approach using knowledge sharing.

• We define an online instability to measure and analyze the
power-related stability.

• We quantitatively evaluate the efficiency of our proposed
methods compared with some popular baseline methods.
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II. DVFS CONTROL BASED ON DEEP Q-NETWORKS

A. Deep Q-networks Basics

Q-learning (QL) is one of the most popular reinforcement
learning (RL) algorithms. At each learning epoch t, Q-values
are updated as

Q(st, at) ← (1−α)Q(st, at)+α[rt+γmax
a′

Q(st+1, a
′)]. (1)

In Eq. (1), Q(st, at) is updated after the QL agent experi-
ences (st, at), transits to state st+1, and receives reward rt. α
denotes learning rate, and γ denotes the discount factor.

Deep Q-networks (DQN) is a popular algorithm proposed to
resolve the curse of dimensionality in RL. Neural networks
approximate Q-values through experience replay. The loss
function of the networks is defined as

L(θ) = E[(rt + γmax
a′

Q(st+1, a
′; θ)−Q(st, at; θ))

2]. (2)

In DQN, continuous state parameters are directly input to
the networks without discrete partition. Memory overhead of
QL for maintaining a huge Q-table can be released. Addition-
ally, due to the complexity of the value function derived by
neural works, unseen relationships among state transitions and
unvisited state space can be predicted with high accuracy; thus,
DQN can achieve a more efficient policy.

B. Definition of Instability

Stability awareness and analyses of adaptive control methods
are crucial especially in online algorithms [11]–[13]. In our
work, we define an online instability I as the coefficient of
variation (CV) of energy consumption during the learning
process. I is calculated as

I(T ) =

√
1
T

∑T
t=1(et − e)2

e
. (3)

where et is energy consumption at the t-th step and e is average
energy consumption of T steps.

We use CV to exclude the effect of energy value. To maintain
stable energy usage, we expect the instability of several consec-
utive iterations generated by the learner is low. Additionally, in
the early stage, we should also consider the ability to recover
from unsuccessful exploration known as asymptotic stability in
control theory.

C. DVFS Control based on Deep Q-networks

An overview of the DQN-based DVFS control is shown
in Fig. 1. The DQN-learner acts as a DVFS controller for a
multi-core processor outputting a set of V/F levels for all the
cores according to their current states. Meanwhile, the DQN-
learner updates its policy using samples in a replay buffer,
which stores transitions (st, at, rt, st+1) from the cores. The
objective of our DQN-learner is to reduce the processor’s EDP
while satisfying user-defined performance requirements, e.g.,
5% or 10% boundary of performance loss.

As shown in Table I, we use four features to construct our
state space S. These hardware-level features reflect different
aspects of the runtime status of the cores. Compared to the state
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Fig. 1. Overview of DQN-based DVFS control.

space with a single feature, our comprehensive state description
allows our learner to fully understand the complex system and
catch up with dynamic changes timely. Action space A is
matched with available V/F levels of the DVFS module. As
for reinforcement signal R, both energy and performance are
considered reward measurements to achieve a low EDP.

Here, cores in one processor are monitored and controlled
separately. One DVFS control unit is called one epoch. In epoch
t for core i, the experience (sit−1, a

i
t−1, r

i
t−1, s

i
t) is recorded

and action ait is decided according to the current policy and
current state sit. Design details of the DQN-based approach are
interpreted as follows.

Busy time ratio (BTR) reflects the utilization degree of
cores. A high BTR means the core is highly utilized at that
time. BTR is calculated as

BTRt =
T t
busy

T t
epoch

, (4)

where Tbusy excludes idle time from epoch time Tepoch.
Instruction per busy cycle (IPBC) is calculated as

IPBCt =
ICt

T t
busy ∗ ft

, (5)

where ICt is the executed instruction count and ft is the work-
ing frequency. IPBC concentrates on instruction execution
speed during busy cycles.

Performance loss (PL) is defined to represent performance
degradation when cores work at a low V/F level with respect to
the highest V/F level. The loss in one epoch can be measured
by the discounted instruction count and transformed to the
time dimension thereafter. The calculation equation is shown
as follows:

PLt =
ICmax − ICt

ICmax
=

T t
cpu

T t
epoch

∗ (1− ft
fmax

), (6)

where ICmax is the maximum instruction count when cores
work at the highest V/F level, fmax is the highest working
frequency, and T t

cpu is the time for executing instructions.
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TABLE I
STATE SPACE OF DQN-LEARNER.

State Space

BTR Busy time ratio BTRt ← BTRt − 0.5

IPBC Instruction per busy cycle IPBCt ← (IPBCt − 0.5) ∗ 2

CPL Cumulative performance loss CPLt ← (CPLt − TPL) ∗ 10

LV F V/F setting in the last epoch LastV Ft ← LastV FIDt − 2

PLt only denotes a temporary performance decline in the
epoch t. Thus, to achieve a pre-defined performance require-
ment at the end of the workload, cumulative performance
loss (CPL) is defined to reflect the achieved performance
degradation. CPL is calculated as

CPLt =
CPLt−1 ∗ (Tcum − T t

epoch) + PLt ∗ T t
epoch

Tcum
, (7)

where Tcum is the cumulative time counting from the beginning
of the workload.

Four state parameters are normalized before being input to
the networks. The normalized transformation is shown in the
last column in Table I. To simplify the computation, V/F levels
in A are assigned integer action IDs {0, 1, 2, 3, 4}.

The reward rt is defined as a combination of energy reward
rEt and performance reward rPt , which is calculated as

rt =

{
rEt for CPLt ≤ TPL,

rEt − PF ∗ rPt otherwise.
(8)

where PF is the penalty factor and TPL is the pre-defined
performance loss to limit the performance degradation.

Instead of simply using power or energy to represent the
energy reward, we define another variable, that is, energy per
instruction EPI . The function is calculated as

rEt =
EPIfmax

− EPIft
EPIfmax

= 1− Pft

Pfmax
∗ (1− PLt)

, (9)

where Pft is the core’s power when the working frequency
equals ft. The performance reward rPt is equal to PLt. When
the performance requirement is not satisfied, that is CPL >
TPL, the total reward is assigned a large negative value due
to the product of rPt and PF , guiding the learning agent away
from the unexpected policy in the near future. In this way,
the pre-defined performance can be achieved and unsatisfying
circumstances cannot last for a long time.

We implement our networks by 4 input neurons, one hid-
den layer of 10 hidden neurons, and 5 output neurons. The
activation function of the hidden layer is leakyReLU.

Training epoch t for controlling is evoked periodically. Peri-
odical training (PT) with comprehensive state observation en-
hance the stability and robustness of our online controller who
knows nothing about applications and environmental changes.
When the current policy does not fit the situation well due to
inappropriate exploration or disturbance from the environment,
the learning agent can adjust the model in one epoch’s latency
at the earliest after receiving a large negative reward. Addi-
tionally, PT allows control granularity to be tunable. There is
a trade-off between control efficiency and training overhead

including computation overhead and memory occupation. Fine
granularity contributes to a high EDP reduction but leads to
unexpected overhead. The latency of the hardware control
also limits the choice of our period length. To consider the
freshness of experiences, we adopt a combined experience
replay (CER) algorithm in [14]. Whenever we sample a batch
size of transitions, the lasted transitions of all the cores are
added into the batch for training and the remaining experiences
are sampled with priority following the mechanism in [15].

III. MULTI-DEVICE FEDERATED DQN-BASED POWER

MANAGEMENT

A. Overview

Federated DQN-based (FDQN) power management among
multiple devices is proposed to further improve the effective-
ness of our control model, as shown in Fig. 2. Each device holds
a learning agent to control the V/F levels of its own cores. The
agent can make decisions and update parameters independently,
as Section II-C illustrates. In this learning model, we divide
the replay buffer into two parts. One is named the local replay
buffer (LRB) that stores experiences from the local processor,
and the other is called the remote replay buffer (RRB) receiving
shared experiences from other devices. To avoid increasing the
memory capacity and protect individual characteristics from
being overlapped by others, we spare a small part from the
original buffer to act as the RRB.

The key idea of our proposed method is to take full advantage
of knowledge from other devices by sharing experiences. The
DQN learning approach can be regarded as an infinite Q-table
whose states are represented in a continuous format. As a result,
exploration in DQN is much harder to be satisfied. Additionally,
lack of experiences in the early stage may severely limit the
improvement of our online learner and then slow down the
converging speed. To tackle these problems, sharing knowledge,
such as experiences, among devices can be an effective way.

B. Selective knowledge for sharing

We assume the initial states of all the devices are identical.
After a period of learning-based control, different devices
derive diverse policies due to the dynamic environment and
random exploration. For a single device, we desire to receive
the experiences that the local learner has not undergone or
the well-learned experiences from an optimal policy derived
by other devices. Through knowledge sharing, the device can
achieve a more comprehensive exploration and thus derive a
better converged result.

In our FDQN approach, we select the latest generated ex-
periences to be shared. These experiences have high freshness,
which means the distance between the generating policy and
the current policy is small. Since the policy improves gradu-
ally with the training time, adopting the experiences of low
freshness may degrade the learning effectiveness. Moreover, to
reduce the communication overhead, we limit the number of
sharing experiences to the number of cores.
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Fig. 2. Overview of federated DQN-based DVFS control.

Algorithm 1 Sharing Knowledge Updating Algorithm

Input: last state st−1, last action at−1,
sharing buffer, replay buffer.

Output: at, sharing buffer, replay buffer.
1: while at learning epoch t do
2: st = compute state()
3: rt−1 = compute reward()
4: sharing buffer.insert({st−1, at−1, rt−1, st})
5: replay buffer.insert({st−1, at−1, rt−1, st})
6: if sharing then
7: communication()
8: end if
9: update local policy()

10: if exploration then
11: at = random() % action number
12: else
13: at = argmaxa Q(st, a; θ)
14: end if
15: end while

C. Knowledge sharing and policy updating

1) Sharing knowledge selecting and updating:
Algorithm 1 illustrates the procedure where the communi-

cation is combined with the local learning. At learning epoch
t, current state st and last reward rt−1 induced by last state-
action pair (st−1, at−1) are calculated according to the Eq. (4)
to (9). Then, the completed transitions are inserted into the two
buffers. Before updating the local policy, the device checks
sharing requests. If sharing is enabled, the device will start
communication, uploading and accepting the knowledge. Fi-
nally, the learner chooses actions by exploration or exploitation
following ε-greedy algorithm. The exploration rate ε gradually
decays with the progress of learning.

2) Remote knowledge accepting:
The received knowledge is inserted into the remote replay

buffer (RRB) whose replacement mechanism is the same as a
first-in-first-out buffer. Since we only assign a small size to the
RRB, its replacement frequency is rather high, especially when
the number of cooperative devices is large. In this way, out-of-

Algorithm 2 Local Policy Updating Algorithm

Input: local replay buffer LRB, remote replay buffer RRB,
network parameter θ.

Output: network parameter θ.
1: for s = 1 to batch size do
2: {si, ai, ri, si+1}

=

{
sampling(LRB) with probability β,

sampling(RRB) otherwise.

3: Li(θ) = (ri + γmax
a′

Q(si+1, a
′; θ)−Q(si, ai; θ))

2

4: end for
5: θ ← θ + α · 1

batch size ·
∑

i �θLi(θ)

date knowledge from others can be flushed in time, and thus
the effectiveness of collaborative learning can be guaranteed.

3) Local policy updating:
Algorithm 2 shows the mechanism of the local policy up-

dating. We follow stochastic gradient descent to batch update
the network’s parameters. With the probability β, transitions
are sampled from the local buffer, and with the probability
1− β from the remote buffer. The sampling() function is an
optimized experience replay method [14]. The remote buffer
size equals the local replay buffer size multiplied by β

1−β ,
where β is set to less than 0.5.

The values of the parameters for policy updating and action
selection are listed as follows:

• learning rate: α = 0.5;
• discount factor: γ = 0.5;
• penalty factor in reward: PF = 20;
• selection ratio: β = 0.2;
• initial exploration rate: ε0 = 1.0;
• batch size: batch size = 20;
• total replay buffer size: RB size = 5× 103;
• control period: Tepoch = 1ms.

IV. EXPERIMENTAL RESULTS AND ANALYSIS

A. Experimental Setup

We evaluate our proposed methods in JADE simulator [16].
JADE integrates the power model based on McPAT [17]. We
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(c) Normalized instability of the 4-core system.
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Fig. 3. Instability analysis of DQN and QL methods. (a-b) Normalized performance and EDP curve in 4-core systems. (c-d)
Normalized instability of 4-core and 8-core systems.

assume that each processor has ARM-v8 cores with three levels
of caches. The L1 and L2 caches are private and the L3 cache
is shared. The L1 instruction and data caches are both 64 KB
and 4-way associated, and the L2 cache is 256 KB and 8-
way associated. The L3 cache is 16-way associated with a 2
MB capacity. The main memory is 8 GB. There are five V/F
levels available in the system: 0.86V/2.8GHz, 0.78V/2.4GHz,
0.7V/2GHz, 0.64V/1.4GHz, 0.54V/1.2GHz. The assumed V/F
levels follow the linear relationship in [18]. We use realistic
applications from the COSMIC benchmark suit [19].

B. Efficiency of Deep Q-networks

In this subsection, we conduct experiments to show the
improvement on instability and EDP reduction when the DQN
method is adopted. We compare our DQN method with Q-
learning-based (QL) and heuristic methods. The QL model is
designed similarly to the DQN model. The difference between
DQN and QL is that the state space of QL is partitioned
into 140 discrete states using features in Table I and policy
updating follows Eq. (1). The heuristic method is based on
value prediction. We predict that the core’s CPU time (T t+1

cpu )
in the next epoch equals the CPU time (T t

cpu) in the current
epoch, and the target PL (TPL) is expected to be reached in
the next epoch. Then, according to Eq. (6) and (7), we compute
the frequency (ft+1) and select the next action at+1.

Figs. 3 and 4 show the compared results in 4-core and 8-core
systems with target performance loss set to 5%. Applications
are executed several times continuously and one execution is
named as one iteration. Since we adopt periodical training, there
are dozens or hundreds of epochs in one iteration according to
the control period. The EDP and performance are normalized
by the maximum EDP and performance without DVFS control.

We list two examples in Figs. 3(a) and 3(b) to show the
learning process. In starting iterations of Fig. 3(a), both DQN
and QL tend to explore new actions to cumulate knowledge.
Thus, the performance curves may fluctuate below the required
95% target. When negative rewards are sensed, the learners

applying DQN method can recover from the unexpected situ-
ation immediately due to the continuity of the state space and
the high complexity of the policy function. By contrast, the
QL-learner fails to pull the curves back to the required target
since the Q-values in QL are updated independently and their
initial values are usually set to 0. As a result, more learning
epochs are required in QL before the learner recovers from
the failed exploration and the asymptotic stability of QL is
lower than DQN. In Fig. 3(a), the undesired EDP fluctuation
of QL is over 10%. We further justify the robustness of our
DQN method when significant changes happen. In Fig. 3(b),
the green and yellow lines denote learning a single application
without exchanging based on the DQN method. When the
application changes to water-spatial from lu, DQN can recover
from the significant change with a lower impulse in a shorter
time compared with QL. Moreover, the normalized instability
defined in Eq. (3) is shown in Figs. 3(c) and 3(d). Here, T
is chosen as iteration 41 to 50 when the policy is optimized.
DQN achieves around 14.5% stability improvement over QL,
where the learning instability reduction of radix is up to 68%.

Apart from the instability improvement, the DQN-based
method can achieve a larger EDP reduction as shown in Fig. 4.
On average, around a 22.8% EDP reduction can be achieved
when the DQN is adopted, which is 2.3% and 20.8% higher
than the QL-based and the heuristic method, respectively.

C. Efficiency of Knowledge Sharing

To show the efficiency of knowledge sharing in FDQN, we
conduct experiments on different numbers of communicating
devices. In Fig. 5, QL and DQN denote applying QL-based
and DQN-based methods on a single device without knowledge
sharing. FDQN5, FDQN10, and FDQN15 denote applying
FDQN-based methods with knowledge sharing among 5 de-
vices, 10 devices, and 15 devices, respectively. Since experience
exploration is crucial to the DQN-learner, with more devices
sharing experiences, a lower EDP can be achieved. On average,

Design, Automation and Test in Europe Conference (DATE 2022) 1379



chole
sky radix lu

water
-spati

al fft barne
s fmm

Avera
ge

0.4

0.6

0.8

1.0

N
or
m
al
iz
ed

E
D
P

DQN QL Ondemand

(a) 4-core systems.

chole
sky radix lu

water
-spati

al fft barne
s fmm

Avera
ge

0.4

0.6

0.8

1.0

N
or
m
al
iz
ed

E
D
P

DQN QL Ondemand

(b) 8-core systems.

Fig. 4. Normalized EDP of the 4-core and 8-core systems.
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Fig. 5. Normalized EDP under varying communication devices
number and learning methods.

the EDP reduction in FDQN15 is 4.8% higher than that of QL
and 2% higher than of DQN.

We can find a decreasing trend of EDP when more devices
participate in the federated learning group. To maintain local
characteristics, we limit the size of the remote replay buffer. As
a result, the improvement with an increase in device number is
not significant in some applications.

D. Overhead Analysis

In this subsection, we analyze the overhead of our proposed
method from two aspects including power and performance
impact. Our DQN-based control is executed by one core on
each device periodically. The energy consumption for com-
puting DQN is around 0.16% to 0.35% of the total energy
consumption for finishing the task including the application
execution and DQN-based control, while the execution time
only occupies around 0.58% to 0.98% of the total execution
time. As for the communication overhead in knowledge sharing,
the communication throughput of LTE [20] is around 6 and 13
Mb/s for uploading and downloading, respectively. Around 600
bits for one transferring consumes 240 μJ, which is less than
1% of the total energy consumption.

V. CONCLUSION

In this paper, we proposed a DQN-based DVFS control
approach to reduce the EDP of the system while satisfying the
user-specified performance requirement. On each device, the
local DQN-learner periodically takes continuous state features
as input and trains the model with combined experience re-
play. Compared to conventional Q-learning-based and heuristic

methods, our proposed approach can enhance the stability and
robustness of the learning process and achieve a higher EDP
reduction under the same performance requirements. Through
sharing knowledge among multiple devices, we can further
improve the effectiveness of our learning-based method.
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