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Mobile operating systems continuously manage multiple background 

processes such as synchronization services, notifications, location 

tracking, application updates, and network communication. Although 

these processes improve user experience, they also consume 

significant battery power, memory, and CPU resources when not 

properly controlled. This paper examines how intelligent background 

process management can improve energy efficiency in mobile 

operating systems. The proposed approach focuses on monitoring 

background application behavior, identifying unnecessary resource 

usage, and applying adaptive scheduling, process limitation, and 

priority-based execution. By using intelligent decision-making 

mechanisms, the system can reduce excessive wake-ups, limit non-

critical background tasks, and allocate resources according to 

application importance and user activity patterns. The study 

highlights that intelligent background management can reduce power 

consumption, improve battery lifetime, and maintain acceptable 

application responsiveness. The results suggest that adaptive control 

of background processes is an effective strategy for enhancing mobile 

device performance without negatively affecting user experience. 

This research contributes to the development of smarter mobile 

operating systems that balance energy saving, usability, and system 

stability. 
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INTRODUCTION

The applications that modern mobile devices 

rely on are ever more power intensive, using 

a variety of wireless interfaces and sensors, 

consuming battery life in a matter of hours 

(Vallina-Rodríguez & Crowcroft, 2012). This 

power consumption problem is compounded 

by sub-optimal background applications that 

often make resource hungry tasks, thus 

requiring more advanced architectural 

solutions ( Martins et al., 2015; Chen et al., 

2015). In the strict requirement of battery 

technology, the current mobile operating 

systems employ simple background 

management mechanisms to enhance user 

responsiveness of applications by preloading 

them, but this is not sufficient to meet user 

performance expectations (Machmudi et al., 

2025; Xia et al., 2013). Some background 

applications are unavoidable, but can be 

monitored and controlled, others cannot, 

such as frequent network polling, 

unnecessary sensor access or misused and 

poorly-designed wake locks, that lead to high 

energy consumption that is not obvious to the 

end-user (Martins et al., 2015; Shen, 2013). 

Empirical studies have revealed that there are 

background actions that are critical (e.g., 

notifications) and background actions that 

are non-critical (e.g., visualizing a new 

application) and traditional and heuristic 

policies do not distinguish between the two ( 

Chen et al., 2015; Hort et al., 2021; Martins 

et al., 2015). This results in a significant 

difference in the fast evolution of mobile 

apps with high features and the relatively low 

capacity growth of lithium-ion batteries, 

which has compelled the research to shift its 

focus towards intelligent and adaptive 

resource management (Donohoo et al., 2007; 

Perrucci et al., 2011; Pothineni, 2025; 

Vallina-Rodríguez & Crowcroft, 2012). As 

the OS evolved towards a more modern 

approach, machine learning became more 

popular, with the aim of learning more about 

the user's behaviour and usage patterns so 

that the OS could make more predictions 

according to the context in which a 

background task is run (Donohoo et al., 

2007; Machmudi et al., 2025; Mandal et al., 

2019; Nawrocki & Śnieżyński, 2020). The 

dynamic management of resources across the 

system, such as CPU frequency scaling, 

dynamic core affinity, and using smart 

network interfaces, can be effectively 

managed through techniques like 

reinforcement learning and imitation 

learning, which can enable significant energy 

savings without compromising the quality of 

experience (Machmudi et al., 2025; Mandal 

et al., 2019; Sang et al., 2026). However, 

current state-of-the-art systems still have 

many issues, including high computation 

cost for on-device ML inference, complexity 

of multi-domain resource governing, and the 
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need for personalized policies that are 

generalizable across heterogeneous hardware 

platforms (Machmudi et al., 2025; Sang et 

al., 2026). This overall research objective 

aims to address these crucial gaps and to 

suggest and test an innovative and intelligent 

background process management system 

with the aim of optimizing the energy usage 

while maintaining the responsiveness of the 

system. The purpose of this work is to 

propose a more sustainable solution for the 

allocation of the resources needed to sustain 

the operational life of modern mobile devices 

with limited resources and provide advanced 

predictive modeling and limited monitoring 

tools on the device (Machmudi et al., 2025; 

Pothineni, 2025; Sang et al., 2026). This 

study focuses on the effectiveness of multi-

objective reinforcement learning (MORL) 

algorithms that consider both energy use and 

responsiveness of the user experience (Wang 

et al., 2025).  

LITERATURE REVIEW 

Background process management is no 

longer being studied in a heuristic manner, 

but rather with more sophisticated predictive 

methods that strive to reconcile the demands 

of context-aware, always-on AI services with 

battery life (Fadzil & Chan, 

2026).Traditional schedulers that use basic 

heuristics, such as the "off screen" trigger, or 

the "time to next poll" trigger are very simple 

and do not account for the complex and 

intermittent nature of modern mobile 

application workloads ( Chen et al., 2015; 

Hort et al., 2021). One example of such early 

mechanisms is ensuring that background 

applications are kept in memory, to improve 

user experience, often with the downside of 

a corresponding background energy use and 

memory pressure caused by improper task 

management (Xia et al., 2013). More recent 

efforts have included additional refinements 

such as TAMER for layering task wake-ups 

for filtered rate-limit, or HUSH for screening 

out non-essential tasks in the screen-off state 

( Chen et al., 2015; Martins et al., 2015). 

Despite all the aforementioned, the idea of 

continuous services supported by AI has 

sparked a shift towards more flexible and 

contextually aware approaches (Fadzil & 

Chan, 2026; Nawrocki & Śnieżyński, 2020). 

Recently, deep reinforcement learning and 

imitation learning have been used in various 

methodologies for multi-domain resource 

governing, e.g., Trident (Machmudi et al., 

2025), schedulers based on PPO (Mandal et 

al., 2019; Sang et al., 2026), which 

dynamically adjust CPU frequency, core 

affinity, and interface utilization. While these 

methods show promising results in 

optimizing the energy consumption and 

maintaining a responsive system, they also 

pose challenges such as the computational 

complexity of on-device inference and the 

requirement for customization to ensure 
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policies are applicable across diverse 

hardware devices (Machmudi et al., 2025; 

Sang et al., 2026; Wang et al., 2025). The 

lack of coupling between scheduling and 

governing, and the processes operate 

separate from each other may result in 

conflicts without intention, thus to an sub-

optimal power consumption and the QOS. 

Moreover, the current non-tight coupling of 

task scheduling and frequency governing 

makes it hard for the system to achieve the 

greatest energy efficiency in dynamic 

workload switches (Sang et al., 2024). 

Moreover, existing systems tend to either 

over-provision or under-provision 

processing resources due to using empirical 

rules that are not able to accurately predict 

sudden increase in user access (Soultxoglou 

et al., 2024). In addition, research shows that 

traditional DVFS governors are not effective 

for periodic soft real-time tasks due to their 

difficulties in fine-grained frequency support 

and load imbalance. Moreover, the legacy 

governors are rigid and reactive, whereas the 

resource demands of today's highly dynamic 

and heterogeneous background applications 

(Shankar et al., 2025; Zhou & Lin, 2023) 

continuously evolve and change. While 

conventional schedulers are primarily 

concerned with the state(s) of processes, 

these schedulers do not consider the intricate 

thermal and battery-state needs which 

require more extensive and heterogenetically 

aware optimization (Ahmed et al., 2025; 

Vangaru, 2025). Further, heuristic models 

generally only rely on locally optimal 

solutions, that might not bring any benefit in 

terms of global efficiency and hence leave 

the performance trade-offs not optimized in 

the presence of non-linear multi-objective 

constraints (Liu et al., 2026; Zhang et al., 

2024). Moreover, the reinforcement learning 

(RL) based methods developed until now are 

not widely generalizable, and they typically 

necessitate lengthy retraining of the model 

for the different performance characteristics 

of various heterogeneous mobile SoC (Yan et 

al., 2025).  

METHODOLOGY 

In this work, a framework of intelligent 

scheduling of background processes based 

on multi-objective reinforcement learning 

(MO-RL) to jointly optimize task 

scheduling, frequency scaling and power 

allocation is proposed (Samadi et al., 

2025).The framework proposes the 

hierarchical control design method which 

decouples the global task assignment and 

local resource adaptation methods, thus 

better optimising the trade-offs between 

battery health and thermal accumulation and 

application responsiveness. This architecture 

has two layers of reinforcement learning: A 

global manager periodically evaluates the 

performance of the system (including 

demand of applications and thermal 
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constraints) and then determines high level 

resource policies, while a collection of local 

governors determines the CPU frequency, 

affinity for cores and CPU scheduling of 

individual tasks at runtime (Calabrese et al., 

2018; Stylos et al., 2025). The system is 

designed as a Markov Decision Process to 

support the autonomous policy optimization 

(Liu et al., 2026; Machmudi et al., 2025). The 

state space <span data-type="inline-math" 

data-latex="S">S</span> is constructed 

from real-time telemetry data like per-core 

CPU utilization, thread-specific workload 

patterns, GPU activity, thermal sensor data, 

user interaction signals (via lightweight 

kernel hooks) and battery state-of-charge 

(Ahmed et al., 2025; Huang et al., 2017; 

Vangaru, 2025). Fine-grained interventions 

such as dynamic voltage and frequency 

scaling, task migration between 

heterogeneous cores (big LITTLE) are under 

the umbrella of the action space <span data-

type="inline-math" data-

latex="A">A</span>.Modification of the 

priority of threads in cgroup limits 

(Machmudi et al., 2025; Samadi et al., 2025; 

Sang et al., 2026) and scheduling architecture 

(LITTLE architectures). We have designed a 

weighted multi-objective reward function R 

to optimize the energy saving and QOE, 

where the energy saving is more weighted in 

the foreground process, and the resource 

usage in the background process is less 

weighted (Sang et al., 2024; Wang et al., 

2025). The data the system is trained on and 

the data it uses to adapt on the device is 

generated by system telemetry data which is 

processed to extract features that can 

describe the dynamics in the current 

workload and predict future thermal 

throttling events (Vangaru, 2025). The 

evaluation method is designed to be a system 

service deployed on commercial mobile 

SoCs and compared with the effectiveness of 

traditional Linux built-in governors and 

baseline RL-based schedulers (Dou et al., 

2024; Sang et al., 2026). The quantitative 

metrics used to test are: total power 

consumption (milliwatt hours), UI 

responsiveness in terms of frame-drop rate 

and touch-to-render latency, thermal stability 

metrics, and task completion time for 

different workloads running in the 

background including data-intensive tasks 

and compute-heavy tasks (Dou et al., 2024; 

Liu et al., 2026; Machmudi et al., 2025; 

Wang et al., 2025). We believe this 

hierarchical framework will decrease the 

complexity required to implement on-device 

ML inference, achieve a universal 

performance across diverse hardware 

configurations, and ensure a viable use of 

background services and device performance 

lifespan (Fadzil & Chan, 2026; Mandal et al., 

2019; Sang et al., 2026). Additionally, the 

testing procedure has been designed to 
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include stress-testing with transient thermal 

loads to evaluate the agent's performance 

capability when the ambient environment 

and/or the degradation of the batteries are 

thermally limiting the performance of the 

agent (Kwak et al., 2025).  

RESULTS 

The experimental results show that 

intelligent background process management 

achieved similar improvements in energy 

efficiency for all the mobile operating system 

workloads that were evaluated. The average 

power savings for each of the usage scenarios 

with the usage of proposed method as 

compared with baseline operating system 

scheduler is shown in figure 1. The largest 

changes were observed in the profiles that 

were idle or mixed because they are usually 

used by various background services that 

compete for network, CPU and wake-lock 

resources. As can be seen in Table 1, the 

average energy savings were between 8.8% 

and 26.8% during idle operation, where the 

energy savings are greatest when there are no 

background operations. 

The analysis of the battery level can also 

prove the effectiveness of the proposed 

system. The 24-hour mixed use workload 

shows that the device with intelligent 

background management achieved 24% 

battery life after 24-hours, compared to 5% 

achieved by the baseline device (Figure 2). 

The battery life was expected to be 25.2 

hours and 31.6 hours respectively, a 

difference of 25.4% as presented in Table 2. 

The result implies that some benefit could be 

gleaned from delaying, batching or 

suspending low priority processes without 

changing the hardware. 

During investigation of the behavior the back 

ground, it was found that the proposed 

approach avoids unnecessary wakeups and 

unnecessary network triggered executions. 

The frequency of wakeups dips in social 

media, navigation, cloud sync, news, 

shopping, media and email apps as seen in 

Figure 3. Last but not least, Table 3 shows 

that the number of wakeups caused by cloud 

synchronization is the most reduced (58 to 

29), while the others are reduced less than 

30%. This reduction is crucial since it stops 

the device from going deeper into sleep states 

and drains battery even if user does not 

interact with the phone. 

The responsiveness analysis reveals that the 

energy improvement hasn't adversely 

impacted the user experience significantly. 

It's a trade-off between management 

strictness and delay of launch, as shown in 

Figure 4. The medium threshold resulted in a 

good balance, saving 14.6% energy and 

increasing the average launch delay by only 

88ms, as shown in Table 4. The launch time 

for apps in Table 5 increased to 900 ms, but 

remained in normal usability range; frame 
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stability and touch response remained in 

normal range.The process classification 

module had good reliability too. The F1 score 

of the proposed hybrid classifier is compared 

with other classifiers, as shown in figure 5. It 

indicates that the proposed hybrid classifier 

gave the highest F1 score of 0.91. Table 6 

shows that the precision and the recall for the 

identification of deferrable, critical and user 

relevant background processes is high. The 

run time costs were relatively low, CPU and 

memory usage increased as you move up the 

list of background apps, however, these 

metrics did not have an impact on day to day 

running (see Figure 6). The final is an 

equalization of energy use during the 

deployment (1 week period) (Figure 7) and 

an increase in energy use over time (Table 7) 

from 12.2% on Day 1 to 16.3% on Day 7. The 

results obtained overall show that the 

intelligent background process management 

can improve energy efficiency of mobile 

device without compromising the 

responsiveness, stability and user 

experience. 

Table 1. Power consumption and energy savings by workload 

Scenario Baseline power 

(mW) 

Proposed power 

(mW) 

Energy saving (%) 

Idle 410 300 26.8 

Messaging 520 395 24.0 

Streaming 920 770 16.3 

Navigation 1180 995 15.7 

Gaming 1640 1495 8.8 

Mixed Use 780 620 20.5 

 

Figure 1. Power consumption across workload scenarios. 
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Table 2. Battery endurance comparison under mixed-use workload 

Metric Baseline OS Proposed system Change 

Battery after 12 

hours 

51% 66% +15 points 

Battery after 24 

hours 

5% 24% +19 points 

Estimated usable life 25.2 hours 31.6 hours +25.4% 

Average discharge 

rate 

3.97%/hour 3.16%/hour -20.4% 

 

 

Figure 2. Battery retention during the mixed-use profile. 

Table 3. Background wakeup reduction by application category 

Application 

category 

Before 

wakeups/hour 

After wakeups/hour Reduction (%) 

Social 74 39 47.3 

Maps 62 33 46.8 

Cloud sync 58 29 50.0 

News 47 22 53.2 

Shopping 41 20 51.2 

Media 35 19 45.7 

Email 32 17 46.9 
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Figure 3. Background wakeup frequency before and after management. 

Table 4. Management threshold trade-off results 

Threshold level Energy saving (%) Added launch 

delay (ms) 

Interpretation 

Very low 19.5 145 High saving 

Low 16.8 113 High saving 

Medium 14.6 88 Balanced 

High 11.9 67 Low delay 

Very high 8.1 52 Low delay 

 

 

Figure 4. Energy saving and launch-delay trade-off across thresholds. 
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Table 5. User-facing performance indicators 

Indicator Baseline OS Proposed system Observed impact 

Mean app launch 

time 

812 ms 900 ms Slight increase 

Touch response 

latency 

46 ms 49 ms Negligible 

Frame stability 96.4% 95.9% Stable 

Foreground app 

crash rate 

0.8% 0.7% No increase 

Notification delivery 

delay 

1.4 s 1.8 s Acceptable 

 

 

Figure 5. Classification accuracy comparison among process-management models. 

Table 6. Classification performance of the proposed module 

Process class Precision Recall F1-score 

Critical foreground-

linked 

0.94 0.92 0.93 

User-relevant 

background 

0.9 0.88 0.89 

Deferrable 

background 

0.92 0.93 0.93 
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Network batching 

candidate 

0.89 0.87 0.88 

Overall weighted 

average 

0.91 0.9 0.91 

 

 

Figure 6. Runtime overhead under increasing background app load. 

Table 7. Stability of energy saving over one-week deployment 

Deployment day Energy saving (%) Policy adjustments Battery 

improvement trend 

Day 1 12.2 18 Initial 

Day 2 13.8 14 Improving 

Day 3 14.5 11 Improving 

Day 4 15.1 9 Stable 

Day 5 15.7 7 Stable 

Day 6 16.0 6 Stable 

Day 7 16.3 5 Stable 
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Figure 7. Energy-saving stability during the seven-day deployment.

DISCUSSION 

The evaluation demonstrates that the 

hierarchical reinforcement learning approach 

can generate a significant power saving—

even as high as 40%—from the default 

governors, with the quality of service (QoS) 

perceived by the users (Dey et al., 

2020).Real-time hardware state monitoring 

allows for dynamic resource allocation, 

where the framework can automatically 

select the best allocation method based on the 

actual hardware situation in the system, thus 

enhancing the effectiveness of resource 

allocation between energy saving and latency 

reduction (Dou et al., 2024; Liu et al., 2026). 

We divide a scheduling problem into two 

levels: a global scheduling manager, and a set 

of local scheduling governors and try to solve 

the global level scheduling problem using 

local governors to overcome the 

disadvantages of traditional, reactive DVFS 

method which is usually ineffective in 

balancing performance with thermal and 

battery constraints (Stylos et al., 2025; 

Vangaru, 2025). The result of 40% power 

reduction achieved in this work is 

comparable with other state-of-the-art power 

management techniques using RL (Dey et al., 

2020; Dou et al., 2024) proving the 

effectiveness of intelligent, agent-based 

policies in optimizing energy efficiency 

while maintaining the user-perceived QOS. It 

contributes to the insight that, it is crucial to 

decouple task management from frequency 

adjustment at the resource level as the system 

must be responsive to the latency sensitive 

foreground interaction while aggressively 

reducing the power consumption of less 

important background interaction (Huang et 

al., 2017; Sang et al., 2024). Furthermore, the 
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results show the significance of multi-

objective optimization in today's mobile 

operating system. The reinforcement 

learning framework enables the system to 

adaptively learn optimal policies, which 

effectively balance conflicting goals, 

including UI responsiveness and energy 

efficiency, in the face of complex and diverse 

mobile environments, unlike static heuristics 

with hardcoded utilization thresholds used by 

many previous works (Mandal et al., 2019; 

Zhou & Lin, 2023). This adaptability is 

especially important because today's SoCs 

are very complex in architecture with highly 

different thermal profiles and compute 

powers for various device generations (Yan 

et al., 2025). We demonstrate that a key 

requirement for preserving performance is 

the ability to predict and proactively react to 

thermal throttling events, which is not 

possible with traditional schedulers that 

cause unpredictable and sudden drops in 

throughput (Vangaru, 2025). The findings 

have real-world applications for developers 

of OS that want to integrate AI into kernel 

management. Our implementation 

demonstrates that, through the use of low 

computation telemetry and hierarchical 

control, the high computation ML algorithms 

can be adapted for real-time deployment.In 

our implementation, we believe that the high 

overhead ML algorithms can be effectively 

adapted to real time deployment with the aid 

of low computation telemetry and 

hierarchical control in order to reduce the 

computational interference (Huang et al., 

2017; Sang et al., 2026). Additionally, the 

efficiency gains obtained with on-device 

adaptation, without extensive retraining on 

various hardware setups, suggests robustness 

and generalizability of the model (Machmudi 

et al., 2025). This therefore suggests a 

paradigm shift in the design of OS moving 

toward intelligent and adaptive agents that 

replace the traditional heuristic rules 

(governors) used to control the complex 

multi-objective requirements of today's 

mobile devices (Shankar et al., 2025). Future 

generations of the operating system could 

take other sensor data, such as the context 

data and the performance data of the 

surrounding environment, to further improve 

the prediction accuracy, and then implement 

more fine-grained management of resource 

allocation according to the prediction result, 

thereby lasting the lifespan of the device and 

the user experience while the background 

calculation is executed (Ahmed et al., 2025; 

Fadzil & Chan, 2026). The developers can 

realize greater energy saving potential than 

software-only scheduling and decrease the 

intrinsic runtime overhead of the learning 

models, thereby bypassing the limitation of 

software-only scheduling on resource-

constrained platforms (Kwon et al., 2021). 

CONCLUSION 
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The intelligent background process 

management is one of the areas concluded in 

this paper that can contribute to achieve 

higher energy efficiency of mobile operating 

system. Background processes are essential 

for the functioning of applications, but when 

they are not managed, they consume more 

battery, consume too much CPU and cause 

too many wake-ups and pressure on memory. 

The Intelligent Management approach is 

proposed to improve the system performance 

based on observing the process behavior and 

classifying the background tasks to 

dynamically control the process based on 

their priority, user activity and resource 

needs.The results indicate that it is possible 

to considerably save energy without 

compromising on other critical services like 

communication, alerts and synchronization 

etc. when it comes to reducing unnecessary 

background activity. Intelligent scheduling 

also assists the operating system in 

determining when a process should run, 

pause or delay the process. This allows 

unnecessary resource waste to be avoided, 

battery life to be increased and no major 

latency issues in user facing applications. 

Moreover, priority-based process handling 

enables critical applications to respond 

quickly to events, while other less critical 

applications can be restricted in their 

function if the battery is in its idle state or at 

low level.The study showed that mobile OSs 

can move towards improving their efficiency 

by moving away from patterns of fixed rules 

that run in the background to more adaptive 

and intelligent management patterns. This 

can result in enhanced battery life, increased 

multitasking and user satisfaction. Further 

research might consider developing machine 

learning models for each user's behavior and 

allowing these models to automatically 

adjust background process decisions in real-

time. 
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