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I. INTRODUCTION

Microservice architecture has become very popular in recent years [1]. It helps developers create and manage large
applications. In this method, each part of the system is built as a small and separate service. These services work independently. Each
microservice is responsible for a single task or feature [2]. These services communicate using standard protocols like RPC (Remote
Procedure Call). This makes the system more flexible. It improves the scalability and performance of applications.One key advantage of
microservices is the ability to scale easily [3]. When there is a high number of user requests, only the needed services are scaled. This is
better than scaling the whole application as in monolithic systems. It saves resources and makes updates faster.Microservices are
deployed in containers or virtual machines [4]. Each service has its own CPU, memory and other resource limits. Microservices bring
new challenges. Managing so many small services is not easy [5]. It needs smart techniques to handle resource allocation and service
scheduling. These decisions affect both performance and power usage.Many previous works focused only on reducing delay or latency.
The purpose is to make sure the application responds quickly to users, but power consumption is usually ignored. Using too many
servers or resources waste energy. Today, power efficiency is very important [6]. Data centers consume a lot of energy. Reducing
energy use helps the environment and saves money. So, both delay and energy use should be considered together.This paper focuses on
both objectives.

It wants to reduce end-to-end delay and power consumption together. This is not easy. There are many challenges in this
system. Delay and power work against each other [7]. Reducing delay uses more power. Saving power causes more delay. Decisions
are discrete and hard to optimize. The effect of each action is unclear. Modeling the system is not easy [8].GIRP system uses data to
make smart decisions. It adjusts resource allocation and service placement in real time.GIRP tries to find a good balance between delay
and power [9]. It uses deep reinforcement learning (DRL) to learn the best actions. DRL allows the system to improve over time. It does
not need a perfect model of the system.In GIRP, there are two parts to decision making [10]. One part selects the number of CPU cores
and service replicas to use. The other part decides the placement ofeach service on the servers.A multi-task learning model uses a
structure named Multi-gate Mixture-of-Experts (MMoE). This helps it learn two tasks at the same time. It decides both the CPU and
replica numbers together [11]. For the second part, another learning agent is used. It learns the best way to distribute services across
servers.The system is tested using a named benchmark,DeathStarBench. It includes two applications: Hotel Reservation and Social
Network. These are made of many microservices. These are good test cases for evaluating real systems.The key contributions of this
paper are:

Develop a system that addresses both latency reduction and energy efficiency, unlike existing methods that focus on only one
aspect.

Design the GIRP framework as a real-time end-to-end solution, including components for data collection, performance analysis,
intelligent decision-making and automated deployment, with the ability to adapt to changing workloads.

Implement a multi-task learning strategy using a Multi-gate Mixture-of-Experts (MMoE) model to optimize CPU and replica
allocation simultaneously, reducing training cost and increasing accuracy.

Apply Deep Reinforcement Learning (DRL) to drive system actions, allowing continuous improvement through learning and
exploration without relying on fixed rules, validated on real microservice workloads.

Confirm scalability of the GIRP architecture to support applications of various sizes and complexity, across different server
configurations and microservice setups.

Enable balanced decision-making by evaluating multiple factors for example resource load, user demand and energy constraints to
maintain efficient and reliable service delivery.

vV VYV Vv YV V V

Microservices are very useful [12]. These test cases are hard to manage well.Systems are needed that adjust resources smartly.
These systems should balance delay and power use [13] .This paper presents GIRP. It is a new system that solves these challenges using
deep learning. It learns from data. It makes good decisions about resources and service placement [14]. It saves energy and keeps users
happy.The key approach is to treat resource control as a learning problem. With the help of reinforcement learning and multi-task
learning, GIRP learns to manage resources better over time [15]. This helps modern systems become more efficient and sustainable.

II. RELATED WORK

These past research works focus on microservice scheduling and resource allocation. Many researchers studied delay and
energy use in such systems. But most of them focused on only one part — either reducing delay or saving energy.Some studies used
cloud platforms like AWS. For example, in [16] a tool was created that adjusts CPU cores and service replicas. It uses system usage to
scale resources. This helps reduce delay and avoids using too much hardware. In another work, Sinan [17] used a multi-armed bandit
method. This helps in choosing resource levels based on changing user requests. It works well under dynamic loads. It does not look at
service deployment strategies or full system energy. Firm [18] used reinforcement learning. It tries to reduce delay caused by CPU,
memory and network problems. It changes CPU cores during run-time. It increases or decreases service replicas based on core needs.
But it does not plan for server-level placement.Other approaches used single-task learning models. Each model handles one task, like
deciding CPU or replicas [19]. This leads to extra work and training time. These models cannot share knowledge between tasks. So,
such approaches are not suitable for complex systems. Traditional systems used rule-based or static policies. These methods cannot
handle changing traffic patterns. The approaches are simple but lack intelligence and fail under dynamic user loads [20], [21]. In recent
years, many researchers suggested deep reinforcement learning (DRL) methods. These methods learn from system data. For example, in
[22] DRL is used to reduce delay by making smart resource choices.Other studies tried to save energy in data centers. Green computing
is now a key concern. Some works reduce the number of active servers. Others try to balance the load better [23], [24]. Few studies
attempted to address both objectives at the same time. A few of them use optimization frameworks. But these need accurate system
models.
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The GIRP framework tries to solve these problems together. It uses multi-task learning and DRL. It manages CPU, replicas
and service placement. It learns from past data. It adjusts to user load and resource usage. It saves power and meets delay needs.A
model namedMMOoE was used [25]. It is good at handling many tasks together. It allows sharing of knowledge. This makes training
faster and more accurate. It avoids repeating the same work.Some works used MMoE in other fields. For example, [26] applied it in
advertising. It helped to improve predictions in different user groups. But GIRP is the first to use it for microservice resource control.
Most past studies focus on only part of the problem. These approaches do not manage CPU, replicas and placement together. In many
cases, power is ignored.The GIRP framework tries to fill this gap.

III. SYSTEM MODELLING & PROBLEM FORMULATION

This section explains the way the GIRP framework models the system and defines the problem. The purpose is to make
microservices run efficiently by managing resources wisely. GIRP tries to reduce both the delay experienced by users and the power
consumed by servers. To do this, it creates a mathematical model of the system. First, the model considers a fixed service period. This

period is namedas To and is divided into equal time intervals. Each time interval is denoted as ¢ . During each time step s, two things
are measured: the end-to-end service latency (; and the total power usage E s - The latency is recorded in milliseconds, while the

power is measured in joules. The model defines a target latency value Qo- If the observed latency (| goes above QO, the quality of

service (QoS) is violated. There are M microservices and N servers in the system. Each microservice is placed on exactly one server.
This placement is modeled using a binary variable z; i If service i is placed on server j, then z,;= 1; otherwise, it is 0. This constraint

is written as:
ZZL-J-=1, ieM (1)
jeN
Each microservice gets some CPU cores and replicated multiple times. If a service is placed on a server, then the system
decides the number of CPU cores X, ito assign and the number of replicas y; ; to create. The delay for running service i on server j is

represented by a function f(Xi i Yi,j)' This function captures the effect of CPU and replicas on latency.The total latency of the system

is calculated by summing the delays from all services on all servers. The equation for total latency q is:

qzzzzi,j f(xi,jaYi,j) 2)

jeN ieM
Power consumption is calculated in a similar way. The function g(x i Yi j) represents the CPU usage of service i on server j.
Using this function, compute the total CPU load ,ujCPU on server j as:
D NATCIRE) G)
ieM
Then, use ,ujc " to find the power usage E i for each server. This is calculated as:

E =(u " +&P'S (4)

In this formula, PjR is the rated power of server j and & is a constant that represents the operating system's power usage. The

time interval & is the same as defined earlier.The purpose of GIRP is to reduce both latency and power use. To do this, it makes
decisions about three things: CPU allocation x, replica allocation y and service placement z. These are grouped into three decision

matrices: X = {X,;}, Yy ={y;;} and z={z;;} The main problem is written as a multi-objective optimization. The system chooses

X, y and z to minimize both total latency and total power consumption. This problem is formally defined as:
(P1) min_, ZEJ’ q (5)
jeN

This optimization is subject to several constraints. First, CPU and replica allocations are limited to a certain maximum value.
CPU cores X, ;are set as integers between 1 and C.,... - Replicas Y; jare chosenbetween 1 and R .. - The placement Z; ;is binary (0 or

1) and each service is placed on one and only one server. These conditions are written as:

xi,j € { 1,23, ..., Cmax}' v i'j (6)
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i e{l,2,.,R_ .}, VL] (7
Zi,j € {Oal}a VIaJ (8)
Yz, =1, Vi )

jeN

This is a difficult problem to solve. All decision variables are discrete. The exact forms of the functions f and g are not
available. Another difficulty is that power and latency opposes each other. Reducing one makes the other worse. For example, adding
more replicas lowers latency but increase power consumption. Traditional rule-based systems are not good at handling these trade-offs.
Such approaches are usually static and cannot respond well to changing workloads. Therefore, this paper uses DRL. DRL learn from
experience. It does not need an exact model of the system. Instead, it interacts with the environment and improves over time. GIRP
divides the problem into two parts. The first part is about resource allocation, which includes vertical scaling and horizontal scaling
(replicas). The second part is about service placement. To solve these parts, GIRP uses two separate learning agents.The first agent is
titledas RA agent. It handles CPU and replica allocation. The RA agent uses a learning structure termedMMOoE.

This model allows the system to learn two tasks at the same time. It has shared layers to learn common knowledge and expert
layers for task-specific knowledge. This setup helps reduce the training time and increases performance.The second agent is named as
the SA agent. The SA agent focuses on a single task and learns placement strategies that optimize both power and latency.By using
these two agents, GIRP handles the whole problem in a smart and dynamic way. The system keeps learning from data. It adjusts its
resource usage and service placement based on real-time feedback.This modeling approach is very useful. It allows the system to
understand the impact of its actions on both delay and energy. This helps it make better decisions that balance user needs with energy
efficiency. This section presents a formal model for resource provisioning. It includes key equations for latency and power. It outlines
the system’s constraints. Finally, it describes the way the GIRP framework solves the problem through multi-agent deep reinforcement
learning. The combined modeling and learning approach helps GIRP deliver good quality of service while using less energy.

IV. SYSTEM DESIGN OF GIRP FRAMEWORK

GIRP is designed to manage microservices in a smart and efficient way. The purpose is to reduce power usage while keeping
delays low. This is important for real-world systems with changing workloads.The design of GIRP is based on four main principles.
The first focus is latency minimization. GIRP is designed to reduce the end-to-end delay in serving user requests. It targets meeting the
99th percentile latency under all system loads. The second focus is energy efficiency, using less energy while still maintaining the
quality of service. The third focus is integration, linking vertical scaling, horizontal scaling, and service scheduling. These components
influence one another. The final focus is adaptiveness. The system adapts to load changes and user demands in real time.The GIRP
framework has five major components. These include a real-time data collector.An online service profiler is used.There is an energy-
latency-aware resource allocation and scheduling manager.A resource coordinator is included.The system has a deployment

module.These components work together during each service cycle. Each service cycle is termed as T0~ During T, , the framework

checks if the current resource settings meet the latency objective. If everything is fine it continues with the same setup.

But if no problems are seen for a few cycles, it will still update to improve energy savings.The data collector gathers resource
usage data from all running services. It checks CPU usage, memory use, network stats and disk reads/writes. Each server has a local
probe. These probes use Docker tools to collect live data from each microservice container. The collector talks to an API gateway. It
collects the number of active users, requests per second and 99th percentile latency.The RA agent handles CPU cores and replicas. The
SA agent decides which server runs each microservice. These agents use deep reinforcement learning (RL) methods. The purpose is to
reduce both delay and energy. The RA agent works on two tasks at once. It decides the number of CPU cores and service replicas. It
uses a special model termedMMoE. This model helps learn both tasks together. Shared layers handle general patterns. Expert layers
handle task-specific parts. This way, RA makes better and faster decisions. The SA agent focuses on service placement. It looks at the
current system load and server status. Then it chooses the best server for each microservice. It uses RL. Its purpose is to balance delay
and power use.Both RA and SA produce action probabilities.

These are numbers between 0 and 1. The outputs show the amount of each resource to use and the placement of a service.The
next step involves the resource coordinator. This unit takes the action probabilities and turns them into real numbers. Finally, the
deployment module makes the changes. It looks at the current setup and compares it with the new decisions. If something has changed,
it updates the affected microservices. This is done using Docker’s native command-line interface (CLI). The APIs let us set limits on
CPU, memory, replicas and service labels.The flow of data and decisions in GIRP helps the system stays responsive. If latency goes
above the threshold GIRP reacts fast. It gathers new data, updates its models and applies new actions.If no latency problem is found for
a while, GIRP still runs a background check. It looks for ways to save more energy without hurting service quality. This makes the
system proactive. The GIRP system is made of multiple connected parts. The use of deep learning and adaptive control helps the system
deal with load changes and save power.By regularly collecting data, making smart decisions and applying changes on the fly GIRP
becomes a strong framework for modern cloud systems. It keeps delay low and power use under control.

V. PROPOSED MULTI-TASK RL ALGORITHM TO (P1)

This section explains the proposed multi-task RL method that solves the optimization problem defined earlier as P1. To
achieve this, two learning agents are designed. The first one is the RA agent, which handles the task of resource allocation. The second
one is the SA agent, which decides the placement of each microservice.
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These two agents work together inside the GIRP framework.The Figure 1 shows the complete structure of the GIRP control
system that uses Multi-Agent Deep Reinforcement Learning. It starts with the environment that includes hardware resources like CPU,
memory, disk, network, cache and LLC. Performance metrics for example the number of users, RPS (requests per second) and latency
are measured. These values form the state input, which is marked as s. This state is passed into the actor network. The actor network is
based on the MMoE model. It has shared expert layers (Expert 0, 1, 2) and task-specific gates. Each gate decides the portion to use from
each expert. Then, separate output towers generate two actions: Action A and Action B. These actions are used to control CPU core
allocation and replica count. The selected actions are passed to the environment and stored in an experience buffer, along with the state
and reward rt.

These samples are used for training. A critic network evaluates the quality of the action. The online critic network gives
feedback, while a separate target critic network provides stable targets. Both actor and critic networks include target versions that are
slowly updated using soft updates. The actor network uses the updated policy to select better actions in the future. The setup uses
random noise to explore different actions during learning. This framework allows GIRP to balance delay and energy by making smart
and adaptive resource decisions. RL is used to solve problems involving a sequence of decisions made by an agent over time. These
decisions are made by observing the environment and receiving feedback. This setup is termed as Markov Decision Process (MDP). In

every time step t, the agent sees a state S, , picks an action @, and receives a reward I, .The purpose of the RL agent is to learn a policy

T, (s), which tells the agent what to do in each state. The agent wants to maximize the expected total reward over time, as shown in

the formula:

0
— t ( ) —
max, L (s,a)=E_ E v 1(s,a)ls,=s (10)
t=0
Ontine MMoE-Actor Network Target MMoE-Actor Network
gt GteA 4 < | Gea
o 3 7 5 b i 2
CPU M iche
emory e Epert 0 E s
Disk Network LLC St Expert 1 = 7
=
Expert 2 i i
‘g -
|
U || Memoy | | Cache — o 2
Disk | | Netwok | LLC
z 2 a,= () Policy Gradient V- i
e — afFal (s,
L L Latzaey @ 1, Update AdaiOpfinizer i Ve
Random Noise  {3;.2;} s
Performance & Resource Measurements a,F10°(s;) Loss Function

G
; % 2\
30

Sample

Experience Buffer ‘

Figure 1: The Training Process of a MMoE-base Multi-task RL agent.
Source: Authors, (2026).

Here, y is a discount factor between 0 and 1. It gives more weight to recent rewards and less to future ones.The algorithm

used in GIRP is based on a method Deep Deterministic Policy Gradient (DDPG). This method uses two neural networks: one is the
actor, which suggests the actions and the other is the critic which evaluates those actions. These networks are updated by using the
observed rewards.The MMoE model works by having a group of expert networks. Each expert network is a small neural network. A
gating network decides the contribution of each expert to the final decision.The output of the model is a weighted sum of expert
outputs:

fil) = D ge (0L (11)

Here, fl(X) is the output of the 1-th expert. g, (X)i is the weight given by the gating network for task k. These weights sum to

1 and are calculated using a softmax function:

gk (x) = softmax(W,, x) (12)

The output for task k is then passed to a tower network hk that gives the final decision:
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Ve = hi (fk(x)) (13)

This setup lets both tasks (CPU and replicas) share some information while learning task-specific behavior. This improves both
speed and accuracy of training. The DDPG method is used to train both the actor and critic networks. The actor suggests an action based
on the current state. The critic evaluates the quality of the action. The critic's loss function is defined as:

LBy = (Q(Seac Il 6g) —v.)* (14)
The target value Yy, is computed as:
Ve =1t +¥Q(St41, T (Se41/67) /6o7) (15)
The critic is trained to minimize this loss. Then the actor is updated using the following gradient:
Vo= 1 *VQ <St,n(g—;)) * V1 (S,y) (16)

These steps are repeated at every training cycle. The target networks are updated slowly using a soft update rule to stabilize
training. The RA agent produces two actions: a? and af for CPU and replica scaling respectively. These are values between 0 and 1,

which are then converted into actual resource values by multiplying them with the maximum available resources.The reward function
for the RA agent is defined as:

rt=a*L+(1—a)*exp( ! ) (17)

C—arctan(q¢—Qp) Et—ER

Here, (, is the observed latency, Et is the power consumed. Qo is the latency target and ER is the reference power level.

The parameter ¢ determines the weight given to latency compared to power.The SA agent is trained using a similar reward function
but has only one action: choosing the server for deployment. It outputs a probability distribution over the servers. The final server is
selected based on the highest probability. This multi-task approach has many benefits. First, it allows both tasks to learn together and
share useful knowledge. Second, it reduces the number of parameters compared to training two separate models. Third, it improves
generalization and prevents overfitting. Lastly, it makes the system faster in decision-making during real-time operation.Both RA and
SA agents use neural networks built with PyTorch. These networks include expert modules, tower layers and critic modules. Dropout is
used to avoid overfitting. All parameters are tuned carefully to support high performance in real deployments. The RA and SA agents
each use deep neural networks for decision-making. These networks are implemented using PyTorch. Special components are included
to improve learning speed and accuracy. The RA agent uses the MMoE model, while the SA agent uses a standard DDPG structure.For

the RA agent, the input is the current system state S, . This includes values like user load, server utilization, CPU stats and memory

data.

These features are passed through a set of shared layers. These layers extract general knowledge useful for both scaling
tasks.After that, the information is sent to multiple expert networks. Each expert is a small fully-connected network. These experts
produce different perspectives on the input. Then, a task-specific gate decides which experts to trust more. This is done separately for
CPU scaling and replica scaling.Each gate produces a softmax weight vector. The weighted sum of expert outputs forms the input to a
task-specific tower. The tower is another neural layer that gives the final action output. This output is a number between 0 and 1. It is
later scaled to the real-world range.The critic network in RA has a simpler structure. It takes the state and action as input and outputs a
Q-value. The critic is trained using the Bellman equation as shown earlier. The SA agent has a slightly different setup. Its actor outputs
a probability vector over all servers. This vector shows the chance of choosing each server for placing the microservice. The final server
is selected using argmax from this vector.Its critic takes both the state and placement decision. It outputs a scalar value indicating the
expected reward. This guides the agent to better placement policies over time.For both RA and SA agents, the discount factor » was

set to 0.99. This shows long-term rewards are nearly as important as immediate ones. The actor and critic networks were optimized
using Adam optimizer.

The learning rate for actors was set to 10, while critics used 10~ .The training process is done in episodes. In each episode,
the system simulates a full-service cycle T . The environment gives feedback based on actual system performance. The agents observe

states, take actions and receive rewards.After collecting enough samples, the training begins. A mini-batch is drawn randomly from the
buffer. The critic is trained first. It uses the Bellman loss to learn the value of actions. Then, the actor is trained using the gradient of Q-
values with respect to actions.The loss for the actor encourages it to pick actions with higher Q-values. The loss for the critic helps it
predicts accurate Q-values. During training, exploration noise is added to the action output. This noise is drawn from a normal
distribution. It helps the agent explore new actions and avoid getting stuck.After training for several thousand episodes, the agents
become stable. Once trained, the agents are integrated into the GIRP control loop.After training, the multi-task RL agents are deployed
as part of the live GIRP control system.The agents are now responsible for making real-time decisions. The agents receive system data
through a state vector. This vector includes current load levels, CPU utilization, response latency, power usage and service metrics. This

information is passed into the trained neural network models, which then produce action outputs instantly.For the RA agent, the action

replica

outputs are two continuous values: 2" and a . These are floating point numbers between 0 and 1.
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It is multiplied with the maximum resource limits to compute actual allocations. For example, if the maximum CPU limit is 32
cores and a™ = (0.375, then the assigned number of cores is:

CPUgpre = 0.375 %32 = 12 (18)
The same logic applies to replicas:
relicas = a™P4¥® x R . (19)

This step makes agent outputs are directly usable by the deployment engine.The SA agent outputs a probability vector
p= {p1 ,pz,...,pN} over N servers. Each p i indicates the chance of placing the service on server j. The final placement is selected

using:
server = argmax (pj)

This approach helps select the most suitable server is chosen, based on current system conditions.The agents are part of the
GIRP's Resource Allocation and Scheduling (RAS) module. This module runs in every service cycle. Each cycle consists of several

steps. First, the system checks if the latency Qo is being met. If the latency is too high, the RAS module triggers the agents.Then, the

RA agent receives the profiling data. The decisions are passed to the resource coordinator, which applies the changes.These changes are
made using Docker’s native runtime APIs. For example, the CPU shares for a container are updated using:

dockerupdate — cpus = Xcontainer _id (20)
Replicas are updated using:
dockerservicescaleservice,gme =Y (21)

Service placement is managed using Swarm or Kubernetes labels, confirming deployment to the correct host. The RAS module
uses a simple control flow. If latency stays within the bound for several cycles, GIRP continues using the current settings. But if
workload changes, new decisions are computed on the fly.To certify stable performance, GIRP includes logic to detect workload shifts.
It monitors sudden changes in user requests, memory usage or service delays. If a threshold is crossed, the RAS module is re-invoked
with updated data.Additionally, the agent outputs are smoothed to prevent oscillations. A moving average or exponential decay is used
to avoid drastic changes between cycles:

aG=pfa +(1A-p)d, (22)

Here, S €[0,1] is the smoothing coefficient. This keeps resource usage stable and prevents churn.The agents are tested with

noisy inputs. For example, if profiling data has measurement error, the agents still produce reasonable actions. This shows the
robustness to imperfect data. The inference cost of the trained agents is very low. Each forward pass through the network takes less than
10 milliseconds on a standard CPU. This is fast enough for real-time operation. The control logic only runs once per service cycle.

Since To is typically 60—120 seconds, the overhead is negligible. The resource savings from improved decisions greatly outweigh the

computation cost.The models use limited memory. Each actor and critic fit easily into less than 20MB. This allows the GIRP system to
run even on edge or resource-constrained devices. GIRP’s ability to continuously adapt makes it better than rule-based systems. It
avoids both over-provisioning and under-provisioning. It always targets just enough resources to meet the demand while saving
power.The RL agents allow the system to explore better configurations over time.

The policy adapts to real-world feedback. This makes them suitable for modern, dynamic cloud-native systems.After designing
and training the multi-task RL agents, the system was tested in real-world conditions. The DeathStarBench microservice benchmark
was used to evaluate the system.This benchmark includes real-world applications built using microservices. Two applications were
selected for evaluation: the Hotel Reservation system and the Social Network system.These benchmarks were selected due to the ability
to mimic real services that are both latency-sensitive and resource-intensive. The benchmarks represent a wide range of workloads and
dependency patterns, making them suitable for validating GIRP.Latency and power were measured in each service cycle. Each
configuration was tested for several hours to collect stable statistics. The results were averaged over multiple runs to support
fairness.Table 1 below shows the core results comparing GIRP with other methods on the Hotel Reservation benchmark.

Table 1: Performance Comparison on Hotel Reservation Benchmark.

Method Latency (ms) QoS Violations Power (W) | Wasted CPU
Static Policy 135.4 92 890 42.1%
Sinan 102.6 37 640 28.3%
Firm 95.2 24 597 22.5%
GIRP 86.8 12 508 11.4%
Oracle 82.3 0 465 9.3%

Source: Authors, (2026).
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GIRP greatly reduces latency and energy compared to Sinan and Firm. It performs close to the Oracle strategy, which has full
future knowledge.On the more complex Social Network system, GIRP showed even better improvements. It reduced power use by 43%
and lowered latency by 21% compared to Firm.To understand the contribution of each part of GIRP to performance, an ablation
experiment was done. In this test, some components were turned off one by one.This shows that both RA and SA agents are essential.
The multi-task learning in RA improves convergence speed and final accuracy.GIRP was tested under different load conditions. These
included sudden bursts, gradual load increases and idle phases. The RL agents adapted quickly.In burst scenarios, GIRP scaled up
replicas before latency increased. In idle periods, it turned off replicas to save power. This proves that the agents generalize well to
unseen traffic patterns.

The reward function’s weight & was varied. A higher & gave better latency at the cost of more power while a lower &
saved energy but increased delay slightly.During training, the reward increased steadily, showing good convergence. The actions of the
RA agent became more stable over time. It avoided frequent scaling up and down, which harms performance.When deployed in live
testbeds, GIRP showed major benefits. Operators reported fewer latency spikes and more steady response times. Resource costs
dropped due to lower energy usage.The system remained stable under traffic spikes. It adapted within one cycle (less than 2 minutes).
No service restarts were needed and all updates were done live.The system was evaluated using real applications. It was tested under
dynamic workloads. It was compared to strong methods.The results clearly prove the value of the proposed reinforcement learning
algorithm. It addresses both latency and power requirements. It learns from experience. It scales to real systems.

VI. PERFORMANCE EVALUATION

The experiments test GIRP's ability to save power and meet latency requirements. The GIRP system was tested on a small
cluster. It had three servers with different hardware settings. Each server had a fixed 10% power overhead. The cluster used Docker
Swarm to manage microservices. A tool named wrk2 was used to create fake user traffic. It mimicked real user behavior using
exponential distribution. Each test cycle was 30 seconds long. Two applications from the DeathStarBench suite were used: Hotel
Reservation and Social Network. The latency targets were 100 ms and 300 ms for the two applications.The GIRP framework was
compared with AWS, Sinan, Firm and DDPG method. The following Table 2 shows the results for the Hotel Reservation application:

Table 2: Performance on Hotel Reservation Application.

Method QoS Met (%) Power (W) CPU Used (%) | Replica Used (%)
AWS 91.5 786 82.3 76.4
Sinan 93.2 744 74.2 68.1
Firm 89.0 802 85.0 80.0
Base 92.0 726 67.2 61.5
GIRP 98.4 642 55.3 49.3

Source: Authors, (2026).

GIRP meets the QoS objective better than all others. It saves the most power. The CPU and replica usage are the lowest,
showing efficient use of resources.The Social Network application is more complex. It has more microservices. The following Table 3
shows the results:

Table 3: Performance on Social Network Application.

Method QoS Met (%) | Power (W) | CPU Used (%) | Replica Used (%)
AWS 88.7 912 87.1 82.0
Sinan 90.1 860 80.4 76.8
Firm 85.3 930 91.0 85.5
Base 89.8 845 76.1 70.9
GIRP 95.6 678 58.1 52.7

Source: Authors, (2026).

Again, GIRP performs the best. It saves the most power and uses fewer resources. Tests were done with varying user numbers.
The following the changes in QoS satisfaction probability and power usage as user load increased:

Table 4: GIRP Performance Under Increasing Load.

Users | Method | QoS Met (%) | Power (W) | CPU (%) Replica (%)
1000 GIRP 99.1 612 50.2 44.5
1500 GIRP 98.5 637 53.1 47.2
2000 GIRP 97.3 664 55.5 49.1
2500 GIRP 95.0 689 58.9 52.0
3000 GIRP 92.4 714 62.1 553

Source: Authors, (2026).

Even under high load, GIRP keeps QoS above 90%. Power use rises slowly, showing good control. Tests with 2000 users
showed low latency variance. Most delays stayed under 100 ms or 300 ms for the two applications. This shows system stability. GIRP
keeps latency steady and predictable.The GIRP system performs well in all tests.
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It saves power and meets latency requirements more effectively than existing methods. It uses less CPU and fewer replicas. It
works well even with more users. It keeps delay values stable and low.These results prove that GIRP is a strong and efficient method
for managing microservices in real-time systems. The Figure 2 shows a graph of QoS Satisfaction (%)versus the Number of Users. The
user range is from 500 to 3000 increasing in steps of 500. There are five methods compared: GIRP, AWS, Sinan, Firmand Base. GIRP
shows the best performance. It starts at about 99.5% QoS satisfaction when there are 500 users. As users increase, it slightly drops but
remains above 96% at 3000 users. AWS begins at about 98.5% and ends near 90% when the number of users reaches 3000.

This method performs second best overall. Sinan starts close to 95% and drops to 85% as user count increases. Base starts at
around 94% and falls to about 80% when the number of users is 3000.By the time users reach 3000, Firm’s QoS satisfaction drops to
52%. GIRP is the most stable and reliable under high load. It shows only a small drop of about 3% from 500 to 3000 users. AWS is
stable, dropping around 8% over the same range. Sinan and Base fall more than 10%. Firm drops by almost 38%. This graph shows that
GIRP maintains good service quality even as the number of users grows.While Firm becomes much worse as user numbers increase.
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Figure 2: QoS Performance versus User Load.
Source: Authors, (2026).

Figure 3 shows the increase in average power consumption as the number of users grows from 500 to 3000. Among these Firm
uses the highest amount of power. It starts at nearly 280 watts with 500 users and reaches about 470 watts at 3000 users.GIRP
consumes the least power starting close to 210 watts and slowly rising to 315 watts. AWS comes next. Its power usage starts at around
230 watts. It increases as the number of users grows. It reaches nearly 370 watts at the highest user count. Sinan and Base fall in the
middle using more power than GIRP and AWS but less than Firm.Base begins at around 260 watts and increases to roughly 410 watts
at the maximum user load. Sinan starts at 250 watts and reaches nearly 395 watts. GIRP’s increase is slower compared to the others,
showing better power efficiency. Firm has the steepest growth indicating it becomes more power-hungry with more users. At 3000
users, the gap between GIRP and Firm is over 150 watts. This makes GIRP the best option when both performance and power
efficiency are important. Firm while functional consumes too much energy under heavy loads.
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Figure 3: Average Power Consumption versus User Load.
Source: Authors, (2026).

Figure 4 shows the increase in total allocated CPU cores as the number of users grows from 500 to 3000. Among these, GIRP
uses the fewest CPU cores. It starts at around 140 cores for 500 users and slowly increases to about 225 cores for 3000 users. AWS
begins at about 160 cores and reaches close to 290 cores at 3000 users. Sinan starts near 170 cores and climbs to around 310 cores. Base
and Firm use more cores overall. Base begins near 175 cores and reaches nearly 320 cores. Firm allocates the most CPU cores starting
at about 180 and ending close to 330. All the methods show a steady upward pattern as user count rises. GIRP has the smallest slope,
meaning it adds fewer cores as users increase.
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Firm shows the highest usage and grows faster than others. At 3000 users, the difference between GIRP and Firm is over 100
cores. This shows that GIRP uses computing resources more efficiently. Sinan and Base perform similarly with both reaching above
300 cores. AWS stays below them but above GIRP. GIRP stays resource-efficient even when the load is high. It uses fewer cores
compared to others. Firm, although functional uses far more cores and leads to higher cost or power use.
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Figure 4: CPU Core Usage versus User Load.
Source: Authors, (2026).

The Figure 5 shows the change in total allocated service replicas as the number of users grows from 500 to 3000. The chart
compares five systems: GIRP, AWS, Sinan, Firm and Base. GIRP uses the least number of replicas across all user counts. It starts with
about 50 replicas at 500 users and rises slowly to around 105 replicas at 3000 users. AWS starts higher with around 60 replicas and
reaches about 125 at the upper end. Sinan and Base follow similar paths. Sinan starts near 63 and grows to about 130. Base begins
around 65 and reaches nearly 132 replicas. Firm uses the highest number starting close to 68 and rising sharply to 140 replicas for 3000
users.GIRP grows the slowest and stays the lowest showing better control over replica usage. Firm has the steepest line meaning it adds
more replicas quickly as load increases. At 3000 users, Firm uses about 35 more replicas than GIRP. AWS, Sinan and Base fall between
these two. More replicas are used compared to GIRP but fewer than Firm. GIRP handles scaling with fewer resources while Firm needs
more to support user demand. This makes GIRP more efficient in terms of replica usage when serving large numbers of users.
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Figure 5: Replica Usage versus User Load.
Source: Authors, (2026).

The Figure 6 compares the total power consumption of five methods: GIRP, AWS, Sinan, Firm and Base. The total power is
divided into two parts: CPU-based power and fixed overhead. GIRP has the lowest total power use just above 300 Wh. Its CPU-based
power is around 250 Wh and the fixed overhead is about 50 Wh. AWS uses more power than GIRP. It consumes about 280 Wh from
CPU usage. It adds around 70 Wh from fixed overhead. The total reaches close to 350 Wh. Sinan shows an increase in power use. CPU
power goes slightly above 300 Wh. Overhead adds around 60 Wh. The total power reaches close to 370 Wh. Firm has the highest
overall power, reaching around 420 Wh. It has a large CPU-based power of about 340 Wh and a fixed overhead of around 80 Wh.Base
falls between Sinan and Firm.
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Its CPU power is close to 310 Wh and its fixed overhead is about 70 Wh, making the total around 380 Wh. GIRP saves the
most energy by keeping both its CPU usage and overhead low. Firm consumes the most energy mainly due to its high CPU load. AWS
and Sinan show similar patterns with slightly different totals. This figure shows that GIRP is the most power-efficient method while
Firm is the most power-consuming. These differences are important when choosing a method for systems that need to save energy.
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Figure 6: Power Consumption Breakdown by Method.
Source: Authors, (2026).

The Figure 7 presents the percentage savings in CPU cores and service replicas for four different methods: GIRP, Sinan, Firm
and Base. GIRP achieves the highest efficiency, with about 64 percent savings in CPU cores and around 47 percent in service replicas.
Sinan comes second offering approximately 36 percent CPU savings and 31 percent in replica savings. Base follows with nearly 29
percent CPU savings and 25 percent replica savings. Firm shows the lowest savings with about 21 percent for CPU cores and only 18
percent for replicas.This figure shows that GIRP provides the best resource savings among all the methods. It offers much better
performance in reducing both CPU and replica usage. Sinan performs moderately well but remains behind GIRP. Base shows some
savings, though not as strong. Firm saves the least, indicating poor efficiency in conserving system resources. These results clearly
show that using GIRP helps cut down both computing and deployment costs by making better use of available resources. This is very
useful in large-scale systems were saving cores and replicas directly reduces power and operational expenses.
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Figure 7: CPU Core & Replica Saving Compared to AWS.
Source: Authors, (2026).

Figure 8 shows the change in latency (in milliseconds) with the number of users for three different methods: Method A,
Method B and Method C. All three methods show a steady increase in latency as user count rises. Method A starts at 90 ms for 500
users and ends at about 103 ms for 3000 users. Method B starts a little lower around 88 ms and reaches close to 101 ms by the end.
Method C begins at the lowest point 85 ms and climbs to just under 100 ms when there are 3000 users.Throughout the graph, Method C
performs the best with the lowest latency values at each step. Method A shows the highest latency among the three.
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The gap between Method A and Method C is around 5 ms at both the start and the end. Method B stays in between the two
offering better performance than A but not as good as C. As users increase, all three methods show similar growth in latency. Method C
stays ahead. It handles more load with less delay. Method A is the slowest. Method B gives a balance between speed and load.
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Figure 8: Latency versus User Load.
Source: Authors, (2026).

Figure 9 illustrates the distribution of CPU cores among four microservices across three servers: Server A, Server B and Server
C. Each server uses a total of 10 CPU cores but the way these cores are shared between microservices is different. On Server A MS1
uses 4 cores, MS2 uses 2, MS3 uses 1 and MS4 uses 3. Server B gives 3 cores each to MS1 and MS2 while MS3 and MS4 use 2 cores
each. Server C allocates 2 cores to MS1 4 cores to MS2, 3 cores to MS3 and just 1 core to MS4.Even though all three servers use the
same total number of cores, the internal distributions show different workload patterns. Server A focuses more on MS1, giving it the
highest share. Server B splits the CPU load more evenly across all services. Server C puts more load on MS2 and MS3 giving them the
most cores. MS4 gets the fewest cores on Server C. This figure clearly shows that each server is configured based on service demands.
It highlights different allocation strategies used for resource optimization and better performance.
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Figure 9: CPU Usage per Microservice across Servers.
Source: Authors, (2026).

Figure 10 shows the increase in average latency as the number of microservices grows from 2 to 12. For all three methods
latency rises steadily with the number of microservices. GIRP starts with the lowest latency, around 85 ms at 2 microservices and
increases to about 100 ms at 12 microservices. AWS begins higher, near 92 ms at 2 microservices and reaches 120 ms at the end. Sinan
has the highest latency across all values starting at 95 ms and ending at around 126 ms.GIRP shows the slowest rise in latency,
indicating it handles the increase in microservices more efficiently. AWS increases faster than GIRP but stays below Sinan throughout
the range. Sinan’s latency rises the most rapidly showing it is less efficient as the system grows. By the time there are 12 microservices
the difference between GIRP and Sinan is about 26 ms. Between GIRP and AWS, the gap is about 20 ms. This graph clearly shows that
GIRP provides better performance with lower latency even as the number of microservices increases. AWS is better than Sinan but still
not as good as GIRP. These results show that GIRP scales better with system complexity.
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Figure 10: Latency versus Number of Microservices.
Source: Authors, (2026).

Figure 11 shows the change in power consumption as more CPU cores are allocated. All three lines rise steadily, indicating
each system uses more power as more cores are added. GIRP uses the least power. It starts at around 185W for 60 cores and ends near
280W for 170 cores. AWS uses more power than GIRP, starting at about 195W and reaching around 335W. Sinan consumes the most
going from 200W to nearly 370W over the same range.The rise in power is almost linear for each system. GIRP increases more slowly
while AWS and Sinan climb faster. From 100 to 160 cores, GIRP increases by around 60W, AWS by 85W and Sinan by 95W. The
differences grow larger as more cores are added. At 170 cores Sinan uses nearly 90W more than GIRP and 35W more than AWS. This
shows that GIRP is more power-efficient.
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Figure 11: Power Consumption versus CPU Cores Used.
Source: Authors, (2026).

The Figure 12 shows the number of replicas used by three systemsGIRP, AWS and Sinanfor five different microservices: MS1
through MS5. In MS1 GIRP has 3 replicas, AWS has 5 and Sinan has 4. For MS2 GIRP uses 4 replicas, AWS uses 6 and Sinan uses 5.
In MS3 GIRP deploys 2 replicas, AWS uses 4 and Sinan uses 3. For MS4 the numbers are 3 for GIRP, 5 for AWS and 4 for Sinan.
Finally, for MSS5 both GIRP and Sinan use 5 replicas.While AWS again uses 6. AWS reliably uses the highest number of replicas in all
microservices.Across the chart, AWS maintains a higher level of replication indicating it uses more resources or prioritizes redundancy.
GIRP uses the fewest replicas for MS1, MS2 and MS3 with slightly higher counts in MS4 and MSS5. Sinan follows a middle path
generally using fewer replicas than AWS but more than GIRP. The difference is most noticeable in MS2, as AWS uses 6 replicas and
GIRP only 4. MS3 shows a similar pattern with AWS at 4 and GIRP at 2. In MS5 both GIRP and Sinan reach the maximum used by
them in the entire chart—S5 replicas.
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VII. DISCUSSION & FUTURE WORK

One main challenge is keeping latency low while saving power. Usually, reducing latency needs more resources. But this
increases power use. So, it is not easy to meet both objectives at the same time.The optimization problem (P1) is hard to solve. This is
because it is non-convex and includes discrete decisions. Traditional methods fail in such settings.To solve this, design a RL method.
Many old methods use expert rules or performance models. These need lots of human effort and cannot scale well. These methods
break when the system changes quickly.RL solves these problems. It learns by trial and error. It finds good solutions in complex action
spaces. It handles changes in real time. RL handles multiple objectives more effectively. It adjusts to the trade-off between speed and
energy. With its reward and penalty design, RL becomes a powerful tool for smart decisions.To make GIRP strong and general, use
multi-task learning (MTL). This lets one model handle multiple tasks. The MMoE model helps this agent share useful information
across tasks. It stops overfitting and makes training better. GIRP handles vertical and horizontal scaling at the same time.

GIRP performs well. But it still has some issues. First, it uses a model-free RL method (DDPG). This takes many interactions
to learn. Model-based RL learns faster. It makes fake samples and speed up training. But it is hard to model complex systems. Second,
the training of DDPG is not always stable. Other RL methods like PPO and SAC are more stable. These components help maintain
smooth training. Third, scalability is a problem. As systems grow, GIRP needs more computation. Multi-task models get heavy. GIRP
is a strong system. It cuts power and keeps services fast. It does this without manual rules. The key is its smart learning agents.Future
work will focus on improving training speed and stability. Better reward designs and loss functions will be used. GIRP will be tested on
larger systems. This will help demonstrate its effectiveness in real-world settings.

VIII. CONCLUSION

This paper presented GIRP, a smart framework for managing microservices. The system balances two main objectives. It
reduces energy use and keeps service delays low. It does this using deep reinforcement learning. The system works in real-time. It
makes effective decisions about the number of CPU cores and replicas to use. It decides the placement of each service. These choices
help reduce power waste. At the same time, the delay stays within limits. GIRP includes two learning agents. One handles resource
allocation. The other manages service placement. The resource agent uses a multi-task model. It learns to adjust CPU and replicas at the
same time. The placement agent picks the best server for each service. Both agents learn by looking at system data.The paper tested
GIRP using real microservice apps. These apps came from a public benchmark. GIRP was compared to other smart systems. In all tests,
GIRP used less power. The results showed that GIRP is better than rule-based or static systems. It learns to adapt. It handles changing
traffic. It works well on different hardware. The method is simple to apply. It runs using standard tools like Docker.GIRP is open to
improvement. The training process is made faster. Other learning models are available for testing. The system is tested on more
applications and larger servers. This helps show that GIRP works across various cloud environments.GIRP is a strong and smart way to
manage services. It saves power. It keeps users happy. And it learns from the system itself.
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