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Abstract

Self-adaptive systems are designed to modify their architecture or
behavior to uphold high-level objectives despite changes in their
operating environments. A critical aspect of developing such sys-
tems involves creating strategies to handle unexpected events in
the operating environments. While this remains an active area of
research within the autonomic computing and self-adaptive sys-
tems community, one commonly adopted approach is leveraging
machine learning techniques, particularly reinforcement learning,
to address unforeseen challenges. In this paper, we conduct experi-
ments using the Emergent Web Server exemplar, a publicly available
self-adaptive web server, to investigate various monitoring met-
rics and implement a multi-armed bandit reinforcement learning
approach. This approach enables the system to identify the opti-
mal web server configuration for maximizing performance under
varying workload patterns and operating conditions, enabling the
system to react to unexpected events that rises from the operating
environment with minimum human interference.
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1 Introduction

As the complexity of developing and managing contemporary sys-
tems continues to grow, the autonomic computing community
emphasizes the importance of transferring more responsibility for
system management to the systems themselves [1-3]. Autonomic
computing and self-adaptive systems are paradigms defined to cre-
ate systems capable of self-management, i.e., dynamically adapting
their architecture or behavior to address changes as they occur.

A critical aspect of building such systems lies in designing strate-
gies to handle unexpected events. Traditionally, autonomic com-
puting systems relied on predefined, static rules to guide adapta-
tion [4, 5]. These rule-based approaches require experts to anticipate
all possible scenarios a system may encounter. However, in modern,
dynamic operating environments [6], characterized by continual
change, such approaches are limited. Eventually, these systems face
scenarios where no rule exists to guide adaptation effectively, lead-
ing to suboptimal performance or failure. Recent advancements in
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machine learning have motivated researchers to explore techniques
that minimize human intervention in defining adaptation rules.

A notable and early example of machine learning applied to self-
adaptive systems is FUSION [7], where a machine learning-based
approach was used to derive adaptation rules with minimal human
supervision. However, these approaches require the system to be
pre-trained on relevant scenarios. If the model is not exposed to all
scenarios, it may encounter situations in its operating environment
where it cannot respond effectively. Thus, this approach is limited
in providing a safeguard mechanism to handle uncertainty.

We advocate that reinforcement learning techniques are better
suited to address the challenges of adapting to unexpected oper-
ating environments. Reinforcement learning offers a framework
for systems to learn and adapt dynamically, even when faced with
unforeseen scenarios. This is due to its capability of improving and
expanding its model as it interacts with the system in any given
operating environment, enabling the agents to derive adaptation
rules for all encountered scenarios, even unforeseen ones. Never-
theless, as noted by Gheibi et al. [8], no single machine learning
approach has yet demonstrated a definitive advantage over others
in this domain.

In this paper, we investigate a publicly available self-adaptive
system provided by Rodrigues-Filho et al. [9]. Specifically, we ex-
plore the use of two multi-armed bandit algorithms, UCB1 [10] and
Epsilon-Greedy [11], to address the exploration-exploitation trade-
off inherent in reinforcement learning problems. Our results show
that the UCB1 algorithm can identify the optimal web server com-
position at runtime without relying on predefined domain-specific
knowledge or static adaptation rules, aligning with findings from
other significant studies [12, 13].

The remainder of this paper is organized as follows. Section 2
reviews relevant related work. Section 3 describes the emergent
web server exemplar and the foundations of our online learning
approach: monitoring, adaptation mechanisms, and online learning.
Section 4 presents an evaluation of the proposed online learning
strategies. Finally, Section 5 concludes with final remarks.
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2 Related Work

2.1 Learning Strategies for Self-adaptive
Systems

Learning strategies are essential for equipping self-adaptive systems
with the capability to handle dynamic and unpredictable environ-
ments. Unlike static adaptation models, learning-based approaches
enable these systems to evolve their adaptation logic during run-
time, improving their ability to meet user-defined goals, even under
unforeseen conditions [7, 13].

Traditional self-adaptive systems rely heavily on analytical mod-
els defined at design time [1, 14-17]. These models estimate the
system’s response to various environmental conditions and guide
adaptation decisions. However, they often fail when faced with
unanticipated changes, as they are constrained by static assump-
tions [7]. Learning strategies address this limitation by allowing
systems to refine their decision-making processes continuously,
based on observed behavior and runtime data, as argued by Porter
et al. [13].

By incorporating learning into the adaptation cycle, self-adaptive
systems can:

(1) Detect Patterns: Identify emergent behaviors or anomalies
that were not accounted for during system design.

(2) Adapt Dynamically: Adjust their behavior to align with
current operational conditions without human interven-
tion.

(3) Optimize Performance: Improve resource usage and re-
sponse times by exploring and fine-tuning configuration
options.

In the following sections, we present a broad overview of
learning-based strategies for self-adaptive systems discussed in
the literature.

2.1.1 FUSION: A Learning-Centric Framework. The FeatUre-
oriented Self-adaptatION (FUSION) framework [7] exemplifies a
learning-based strategy for self-adaptive systems. FUSION’s key
innovation lies in its feature-oriented approach, where each fea-
ture represents a distinct system capability. The framework uses a
continuous learning cycle to understand the impact of enabling or
disabling specific features on system goals, such as performance,
security, or reliability. The FUSION learning cycle involves: i) obser-
vation: collecting metrics during runtime to identify discrepancies
between expected and actual outcomes; and, ii) induction: learning
new relationships between features and goals, refining the system’s
adaptation logic to address emergent conditions.

2.1.2 Complementing Learning with Control Theory. Con-
trol Theory [15] provides a foundational structure for maintaining
system stability via feedback loops. When combined with learning
strategies, these feedback mechanisms become more robust, as the
system can refine control parameters based on runtime observa-
tions. For instance, FUSION can augment a control-theoretic system
by: i) learning optimal parameter settings for controllers, such as
thresholds for workload distribution; and ii) identifying new adap-
tation strategies when feedback loops alone are insufficient, e.g.,
during novel traffic patterns or hardware failures.
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This hybrid approach allows self-adaptive systems to not only
stabilize their behavior but also evolve over time to handle increas-
ingly complex scenarios.

2.1.3 Reinforcement Learning. This branch of machine learn-
ing focuses on making decisions to maximize cumulative rewards
in a given situation. Unlike supervised learning, which relies on a
training dataset with predefined answers, reinforcement learning
involves learning through experience. In this method, the system
finds its best configuration in an ever-changing, complex environ-
ment by calculating a numerical value of reward that represents its
overall performance in the environment it is in.

This paradigm can be explained/illustrated through the multi-
armed bandit problem, a very versatile concept that is well known
for its applications in recommending systems and ad selection
based on user activity on the web [12, 18]. A multi-armed bandit
is composed by a set of arms that represent the systems available
actions, each time an arm pulled/chosen results in a different value
of reward, which depends (only) on the selected arm. The multi-
armed bandits’ objective is to maximize the total reward obtained,
and it does so by balancing the exploitation of arms already known
to perform well with the exploration of under-tested arms to ensure
that it does not fail to find the best arm.

The most prominent strategies behind the decision-making of
a multi-armed bandit are the Epsilon-greedy [11] and UCB [10]
algorithms. The epsilon-greedy algorithm is the simpler of the two
mentioned, and it works as follows: each time the algorithm needs
to decide whether to explore or exploit, it has an € probability
of choosing to explore a random arm and a 1 — € probability of
choosing to exploit the arm with the highest cumulative reward up
until that point. The UCB algorithm, on the other hand, is based
on the principle of optimism in the face of uncertainty. It selects
the arm with the highest upper confidence bound, balancing the
estimated reward and the uncertainty of the estimate.

2.2 Monitoring Systems for Self-adaptive
Systems

Effective monitoring is a pillar of self-adaptive systems, as it pro-
vides the essential data required for evaluating system performance
and triggering adaptation mechanisms. In this context, the mon-
itoring system leverages the RESTful API of the EWS (Emergent
Web Server) to collect runtime data efficiently.

2.2.1 Monitoring Architecture and Workflow. In Self-
adaptive Systems, a module is responsible for executing periodic
calls to the EWS API These calls gather key performance metrics,
such as response time, resource utilization, and throughput.
By ensuring that these metrics are collected regularly, the
monitoring system provides an up-to-date view of the system’s
operational state, enabling timely identification of potential goal
violations or performance bottlenecks. The main components are:

e Data Retrieval: Executes structured API calls to fetch spe-
cific performance metrics.

e Data Organization: Formats the retrieved data into struc-
tured representations, making it ready for further analysis.
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e Error Handling: Manages API call failures or inconsisten-
cies in the data to ensure the robustness of the monitoring
process.

A critical design goal of the monitoring system is to ensure that
data collection imposes minimal overhead on the running system,
i.e., achieving continuous and lightweight monitoring. The peri-
odic API calls are designed to be lightweight, avoiding significant
interruptions to system processes. Additionally, the modular nature
of the python module allows for easy customization, enabling the
monitoring system to scale with the complexity and needs of the
self-adaptive system.

2.2.2 Monitoring Role in Decision-Making. The data collected
by the monitoring system serves as the foundation for adaptation
decisions. Metrics are continuously evaluated against predefined
objectives, such as maintaining response times below a certain
threshold or optimizing resource allocation. When discrepancies are
detected, the monitoring system flags potential violations, prompt-
ing the adaptation logic to plan and execute corrective actions.

By combining the capabilities of the EWS API and requests, the
monitoring system not only ensures a reliable flow of runtime
data but also supports the dynamic nature of self-adaptive systems.
This integration allows for real-time evaluation of system behavior
and facilitates informed, data-driven adaptations to meet evolving
demands and conditions

3 Online Learning for Emergent Web Server

The online learning approach for an emergent web server consists
of several components for monitoring, learning, and adapting the
system. The following sections discuss each of these components.

3.1 Adaptation

The adaptation component is the core of the system’s ability to
autonomously adjust its behavior. This component leverages the
algorithm to automatically modify system parameters, reconfigur-
ing the server’s composition based on the monitored metrics. The
adaptation component is composed by an adaptation mechanism
and an adaptation logic.

3.1.1 Adaptation Mechanism. The adaptation mechanism is
responsible for triggering the reconfiguration of the EWS compo-
sitions. It employs the algorithm to identify optimal adaptation
strategies and operates as follows:

(1) Identifying the current composition: The system re-
trieves the current composition of the EWS and evaluates
the associated performance metrics.

(2) Proposing a new composition: Based on the analysis,
the algorithm suggests new values for the hyperparameters
of the Multi-Armed Bandit (MAB) algorithms that govern
the selection of compositions.

(3) Switching configurations: If a new composition is de-
termined to be more efficient, the EWS transitions to the
suggested configuration while ensuring uninterrupted pro-
cessing of requests.

3.1.2 Adaptation Logic. The adaptation logic is driven by the Dy-
namic Bayesian Optimisation for Multi-Arm Bandits (DBO-MAB)
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algorithm [19], which employs an incremental optimization ap-
proach:

(1) Data collection: At each monitoring cycle, the metrics are
analyzed by the DBO-MAB.

(2) Evaluating the current composition: The algorithm as-
sesses the performance of the current composition based on
the collected metrics and determines whether adjustments
to the MAB algorithm parameters are necessary.

(3) Exploration vs. Exploitation: The algorithm balances
exploration (testing new compositions) with exploitation
(refining the current composition) using Bayesian Opti-
mization. This balance ensures optimal performance by
dynamically adjusting the hyperparameters over time.

(4) Hyperparameter updates: When changes are needed,
the algorithm proposes new hyperparameter values for
composition selection. The EWS is then reconfigured to
reflect these updates.

3.1.3 Benefits of the Approach. This approach enables the sys-
tem to efficiently adapt to continuously evolving workload patterns
while maintaining optimal performance in real time. By dynami-
cally reconfiguring itself based on monitored metrics, the system en-
sures that it remains responsive to changing demands and achieves
sustained performance improvements.

3.2 Monitoring

Effective monitoring is crucial for the Emergent Web Server (EWS)
to adapt dynamically to changing workloads and maintain opti-
mal performance. The monitoring system collects runtime data by
leveraging the EWS’s RESTful API and Docker container statistics,
enabling informed decision-making for adaptation strategies.

3.2.1 Monitoring Architecture and Workflow. The monitor-
ing component is implemented as a Python module that periodically
gathers key performance metrics such as response time, CPU usage,
memory usage, and throughput. This data collection is achieved
through structured API calls and Docker statistics. The data collec-
tion process is as follows:

(1) Response Time Monitoring: The module uses the EWS
API to retrieve the average response time for client requests.

(2) Resource Utilization Monitoring: CPU and memory us-
age are obtained from the Docker container running the
EWS using the Docker SDK for Python.

(3) Throughput Measurement: Network I/O statistics are
collected to calculate the throughput of the server.

3.2.2 Implementation Details. The monitoring system is de-
signed to be lightweight and efficient, ensuring minimal overhead
on the EWS. Key functionalities of the monitoring process include:

o Accessing Docker Statistics: Connects to the EWS Docker
container to retrieve real-time statistics on resource utiliza-
tion.

e Calculating CPU and Memory Usage: Processes the
collected data to compute the current CPU usage percentage
and memory consumption of the server.
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e Retrieving Response Time: Accesses the EWS perception
data to obtain the average response time for handling client
requests.

3.2.3 Integration with Adaptation Mechanism. The collected
metrics are fed into the adaptation component to make informed
decisions about reconfiguring the EWS. By continuously monitor-
ing the system, the adaptation logic can adjust configurations in
real-time to optimize performance.

3.24 Role in Learning Strategies. The monitoring component
provides essential data for the learning algorithms, such as Epsilon-
Greedy and UCB1, which are used to select the most efficient con-
figurations. Accurate and timely metrics enable these algorithms
to evaluate the performance of different configurations and make
decisions that balance exploration and exploitation.

3.25 Ensuring Minimal Overhead. The monitoring system is
designed to be non-intrusive, including the following characteris-
tics:

o Efficient Data Collection: Uses lightweight API calls and
avoids unnecessary data processing.

e Asynchronous Operations: Performs monitoring tasks
asynchronously where possible to prevent blocking critical
operations.

o Configurable Intervals: Allows adjustment of monitoring
frequency based on system requirements.

3.2.6 Benefits of the Monitoring Approach. By implementing
an effective monitoring system, the EWS can:

e Continuously assess its performance under varying work-
loads.

e Provide critical data for adaptation and learning compo-
nents.

e Ensure that resource utilization is optimized while main-
taining high-quality service.

3.3 Learning

Considering the nature of the self-adaptive system — a web server
that handles multiple types of requests at varying frequencies — the
demands placed on the software may change over time, rendering
the current configuration suboptimal. An exhaustive search for
the best configuration, which would cause the system to remain
in suboptimal states for an extended period, is clearly undesir-
able. Therefore, it is crucial to strike a balance between exploring
untested areas of the search space and exploiting solutions already
known to be effective.

Therefore, in this study, we evaluate two online reinforcement
learning strategies that were implemented based on the multi-
armed bandit problem with the objective to find the configuration,
among all 42 possibilities, that best suits the running systems cur-
rent workload in an agile manner. To illustrate our multi-armed
problem, the EWS is a bandit with 42 playable arms (the available
component configurations), and the reward given by playing an
arm (choosing a configuration for the web server) is defined by the
metrics produced by the EWS (the average response time of the
current configuration to client requests).

The learning strategies for the EWS implemented in this work are
the aforementioned Epsilon-greedy and UCB1 algorithms. Each was
built into respective classes (class UCB1 and class EpsilonGreedy)
with very similar structure. For this project, a third class (class
ewsAPI) was constructed to connect with the EWS API in order to
retrieve the response time metric from the remote procedure call
(proxy). The following subsections describe the learning models
developed in detail.

3.3.1 Core iteration loop. The main iteration loop for both
classes (methods run_UCB1() and run_epsilon_greedy()) work
in very similar manners:

(1) The outer loop runs the experiment for a specified number
of iterations;
(2) In each iteration the select_arm method is used to select
which configuration to test next;
(3) The chosen configuration is applied to the system through
the APL;
(4) There is a warm-up period to allows the system to stabilize
after the configuration change before taking measurements;
(5) Then a specified number of response time samples for the
set configuration is collected through the API;
(6) Finally, it processes the results:
(a) Calculates the average response time from all samples.
(b) Converts the response time to milliseconds and makes
it negative to create a reward (negative because lower
response times are better in this context).
(c) Uses the update method to adjust the cumulative re-
ward of the set configuration.

3.3.2 Reward definition for the learning strategies. Consid-
ering the objective of the learning strategies is to find the configu-
ration that returns the lowest response time for the servers current
workload, the reward value considered is the negative number of
the average response time in miliseconds. We do this because lower
response times are better in this context, considering the multi-
armed bandit problem is used to maximize the reward and only
flipping the metrics sign gives a more direct representation of the
systems performance.

With a new configuration set to rule the EWS, its total reward
value is reprocessed after a new average response time is collected.
It increments the count of times the configuration has been selected
and updates the cumulative reward value of the chosen configu-
ration based on the obtained reward and recalculates the average
reward value for that configuration: dividing the total cumulative
reward value of the configuration by the number of times it was
tested, as shown in Algorithm 1.

def update(self, chosen_arm, reward)
self.counts[chosen_arm] +=
self.total_pulls += 1

self.total_reward[chosen_arm] += reward
self.values[chosen_arm] = self.total_reward[chosen_arm]

1
2
3
4
5 # Update total reward and average value
6
7
8 / self.counts[chosen_arm]

Algorithm 1: Episilon-greedy and UCB1 update method.
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1 def select_arm(self): 1 def select_arm(self):

2 # First try all arms at least once 2 # First try all arms at least once

3 for arm in range(self.n_arms): 3 for arm in range(self.n_arms):

4 if self.counts[arm] == 0: 4 if self.counts[arm] == 0:

5 return arm 5 return arm

6 6

7 # Epsilon-greedy selection 7 # Calculate UCB values for each arm

8 if np.random.random() < self.epsilon: 8 ucb_values = np.zeros(self.n_arms)

9 # Explore: choose random arm 9 for arm in range(self.n_arms):

10 return np.random.randint(self.n_arms) 10 if self.counts[arm] > 0:

11 else: 11 average_reward = self.values[arm]

12 # Exploit: choose best arm 12 exploration_factor = math.sqrt(2 *

13 return np.argmax(self.values) 13 math.log(self.total_pulls) / self.counts[arm])
14 ucb_values[arm] = average_reward + exploration_factor

Algorithm 2: Epsilon-greedy select_arm method. 15

16 return np.argmax(ucb_values)

3.3.3 Epsilon-greedy arm selection. For the epsilon-greedy
arm selection logic, an initial exploration is performed to ensure
that each configuration is tested at least once. If a configuration
has not yet been tested, it is selected.

After all configurations have been tested at least once, the con-
figuration selection follows the epsilon-greedy logic presented in
Algorithm 2.

A value between 0.0 and 1.0 is randomly chosen, and then, if
the chosen value is less than the epsilon value (0.1 by default), the
method selects a configuration randomly, allowing for exploration
of new options, otherwise, if the chosen value is greater than the
epsilon value (0.1 by default), the method selects the configuration
with the highest average reward, focusing on exploiting the best-
known option.

3.3.4 UCBT1arm selection. Justlike the epsilon-greedy arm selec-
tion method, this method performs an initial exploration to ensure
that each configuration is tested at least once. If a configuration
has not yet been tested, it is selected.

Once every configuration has been tested at least once, the
method proceeds to calculate the UCB (Upper Confidence Bound)
for each arm that has been tested, which is the result of two main
factors:

e average_reward: The average reward obtained by the arm
so far.

total_reward[arm]

average_reward = ——————

counts|[arm]

e exploration_factor: A term that encourages exploration,
becoming smaller as an arm is pulled more frequently, bal-
ancing exploration and exploitation. It is calculated as:

2 - In(total_pulls)
counts|[arm]

exploration_factor =

o Finally, the two terms are summed:

2 - In(total_pulls)
counts|arm]|

total_reward[arm]|

ucb_values[arm] =
counts[arm]|

Afterward, the best configuration is selected, i.e., the configura-
tion with the highest UCB value in the current iteration, as shown
in Algorithm 3.

Algorithm 3: UCB1 select_arm method.

4 Evaluation
4.1 EWS Metric Analysis

In this paper, critical performance metrics such as CPU usage, mem-
ory usage, throughput, and reward are collected and calculated
using various functions within the monitor component. This sub-
section provides a detailed explanation of how these metrics are
handled, along with code snippets for clarity.

4.1.1 CPU Usage. The CPU usage percentage of the Docker con-
tainer is calculated using the calculate_cpu_percent function pre-
sented in Algorithm 4. These metrics related to CPU usage are
obtained by the following process:

o Retrieve CPU Statistics: The function calculates the differ-
ence in total CPU usage (cpu_delta) and the difference in
system CPU usage (system_delta) between the current
and previous readings.

o Calculate CPU Percentage: If system_delta is greater than
zero, it computes the CPU usage percentage using the equa-
tion:

cpu_delta
cpu_percent = | —————— | X num_cpus X 100.0
system_delta

e Error Handling: If a KeyError occurs, it logs the error and

returns 0.0.
1 def calculate_cpu_percent(stats):
2 try:
3 cpu_delta = stats['cpu_stats'] ['cpu_usage']['total_usage'] -
4 stats['precpu_stats']['cpu_usage']['total_usage']
5 system_delta = stats ['cpu_stats'] ['system_cpu_usage'] -
6 stats ['precpu_stats'] ['system_cpu_usage']
7 num_cpus = stats ['cpu_stats'].get('online_cpus', 1)
8 if system_delta > 0.0:
9 cpu_percent = (cpu_delta / system_delta) *
10 num_cpus * 100.0
11 else:
12 cpu_percent = 0.0
13 return cpu\_percent
14 except KeyError as e:
15 logging.error(f"Error calculating CPU usage: {e}")
16 return 0.0

Algorithm 4: CPU Usage Calculation
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4.1.2 Memory Usage and Throughput. Memory usage and
network throughput are collected using the get_container_stats
function demonstrated in Algorithm 5. This algorithm implements
the following operations and process:

o Access Docker Container: Connects to the Docker container
specified by container_name.
e Collect Statistics: Retrieves real-time statistics using
container.stats(stream=False).
o Memory Usage Calculation:
— mem_usage: Current memory usage converted from
bytes to megabytes.
— mem_limit: Maximum memory limit for the container.
o Throughput Calculation:
- Sums up the rx_bytes (received bytes) and tx_bytes
(transmitted bytes) from all network interfaces.
— Converts the total bytes to megabytes and computes
the difference from prev_throughput.
o Return Metrics: Returns the CPU percentage, memory usage,
and throughput.

def get_container_stats(docker_client, prev_throughput,
container_name='ews'):

1

2

3 try:

4 container = docker_client.containers.get(container_name)

5 stats = container.stats(stream=False)

6

7 # CPU usage

8 cpu_percent = calculate_cpu_percent(stats)

9

10 # Memory usage in MB

1 mem_usage = stats['memory_stats']['usage'] / (1024 ** 2)

12 mem_limit = stats['memory_stats']J['limit'] / (1024 *x 2)

13

14 # Network I/0 for throughput calculation

15 net_io = stats['networks']

16 net_input = sum(net['rx_bytes'] for net in net_io.values())
17 net_output = sum(net['tx_bytes'] for net in net_io.values())
18 throughput = (net_input + net_output) / (1024 #* 2) -

19 prev_throughput # In MB

20

21 logging.info(f"CPU: {cpu_percent:.2f}%, Memory:

22 {mem_usage: .2f}/{mem_limit:.2f} MB, Throughput:
23 {throughput: .2f}MB")

24 return cpu_percent, mem_usage, throughput

25 except Exception as e:

26 logging.error(f"Error obtaining container statistics: {e}")
27 return 0.0, 0.0, 0.0

Algorithm 5: Memory Usage and Throughput Collection

4.1.3 Reward Calculation. The calculate_reward function com-
putes a reward based on the collected metrics, as shown in line 34
of the Algorithm 6. This function uses the following strategy and
weights:

o Weights Assignment:
— Response Time: 40%
— Throughput: 30%
- CPU Usage: 20%
— Memory Usage: 10%
o Normalization:
- Inverse is used for metrics where lower values are
better (response time, CPU usage, memory usage).

— Throughput is used directly since higher throughput
is better.
e Reward Calculation: Computes a weighted sum of the nor-
malized metrics to reflect overall performance.

4.14 Data Collection During Algorithm Execution. The met-
rics used by the adaptation system are collected during each itera-
tion of the algorithm using the run_algorithm function presented in
Algorithm 6. The strategy applied by this algorithm can be specified
as follows:

1 def run_algorithm(algorithm_name, selector_class, configs,

2 total_iterations, docker_client):
3 throughput = 0

4 selector = selector_class(len(configs))

5 logging.info(f"Starting algorithm {algorithm_name}")
6

7

8

9

try:
for iteration in range(1, total_iterations + 1):
# Select configuration based on the algorithm

10 # (e.g., UCB1, Greedy)

11 arm = selector.select_arm()

12 selected_config = configs[arm]

13 logging.info(f"Iteration {iteration}: " +

14 "Changing to configuration {arm}")

15

16 # Apply the selected configuration

17 eRI.change_configuration(selected_config)

18 time.sleep(5) # Wait for the system to stabilize

19

20 # Collect response time from the perception

21 perception = eRI.get_perception()

22 avg_response_time =

23 perception.metric_dict.get('response_time').average_value()
24 if perception else None

25 logging.info(f"Avg Response Time: {avg_response_time}")

2

27 # Collect CPU usage, memory usage, and throughput

28 cpu_percent, mem_usage, throughput =

29 get_container_stats(docker_client, throughput)

30

31 # Calculate reward if all metrics are available

32 if avg_response_time and cpu_percent is not None

33 and mem_usage is not None:
34 reward = calculate_reward(avg_response_time, throughput,
35 cpu_percent, mem_usage)
36 else:

37 logging.warning("Insufficient metrics to calculate reward.")
38 reward = 0

39

40 # Update the algorithm with the obtained reward

41 selector.update(arm, reward)

42

43 # Optionally, store metrics for analysis

44 # ...

46 except Exception as e:
47 logging.error(f"Error in algorithm {algorithm_name}: {e}")

Algorithm 6: Algorithm Execution and Data Collection

o Configuration Selection: The algorithm selects a configura-
tion based on the current policy (e.g., UCB1, Greedy).

o System Stabilization: It waits a short period to allow the
system to adapt to the new configuration.

o Metric Collection: It collects new metrics from the following
sources:

— Response Time: Obtained from the EWS perception
data.
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Algorithm Comparison: UCB1 vs Epsilon-Greedy

UCB1 - Avg: 466.24, Best: 222.00 — ueB1
&-Greedy - Avg: 416.78, Best: 221.80) —— Epsilon-Greedy

Response Time
g

8

1000

Rteration

Figure 1: Text requests - 500 iterations

— CPU Usage, Memory Usage, Throughput: Retrieved us-
ing get_container_stats.

o Reward Calculation: Uses the collected metrics to calculate
the reward via calculate_reward.

o Algorithm Update: The reward is fed back into the selection
algorithm to influence future decisions.

o [teration: The process repeats for the specified number of
iterations.

We extended the exemplar to collect and process the various
metrics introduced. This enhancement enables the use of these
metrics in different learning approaches by formulating a reward
function that incorporates them. In this study, however, we focused
on the response time metric in our cost function, with our learning
strategies aimed at minimizing it.

4.2 Epsilon Greedy vs UCB1

With both implementations, Epsilon Greedy and UCB1 algorithms,
we performed a set of experiments to evaluate the performance of
both approaches. The experiments were designed to monitor the
performance of the system running the different algorithms under
different types of workloads. These workloads are characterized by
the types of requests made by clients to the server.

The experiments used to evaluate the performance of the learn-
ing algorithms, as the orchestrating tool for the adaptation of the
EWS, involved two different types of workloads: text and image.
These experiments considered scenarios with: (i) single type of
request workflow, i.e., scenarios in which only text or only images
were requested, and (ii) simultaneous type of request workflow, i.e.,
scenarios in which both text and images were requested simultane-
ously.

Figure 1 presents the results for a scenario involving a single type
of request workflow, where only text requests were considered. The
experiment consisted of 500 interactions. Both algorithms demon-
strated similar performance during the initial exploration phase.
Subsequently, the UCB1 algorithm avoided selecting configurations
with very low performance but continued to explore configurations
with similar performance. In contrast, the Epsilon-Greedy algorithm
prioritized the best configuration while occasionally selecting other
configurations randomly, sometimes leading to the selection of con-
figurations with very low performance. Ultimately, based on the
average response time, the Epsilon-Greedy algorithm outperformed

UCBI1. This outcome reflects the absence of changes in request be-
havior, with Epsilon-Greedy prioritizing the best configuration
identified during the exploration phase (while only occasionally
exploring other configurations), whereas UCB1 more frequently
explored configurations with comparable performance.

Algorithm Comparison: UCBL vs Epsilon-Greedy
8000 | [UCBL - Avg: 736,54, Best: 417.80 — et
e-Greedy - Avg: 767.20, Best: 406.30 —_ epsilon-Greedy
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Figure 2: Image and Text requests - 500 iterations

Figure 2 presents the results for a scenario involving a simulta-
neous request workflow, where both text and image requests were
made. Some configurations exhibited significantly lower response
times for image requests compared to text requests. The experiment
was conducted over 500 interactions. As in the previous scenario,
both algorithms demonstrated similar performance during the ini-
tial exploration phase. However, in this case, the UCB1 algorithm
outperformed the Epsilon-Greedy algorithm in terms of average
response time. This advantage can be attributed to UCB1’s ability
to focus on exploring configurations with good performance while
avoiding those with lower response times. Additionally, UCB1 ad-
justs to changes in request behavior by not staying too long with
configurations that eventually begin to perform poorly. In contrast,
Epsilon-Greedy occasionally continued to select configurations
randomly, which deteriorated in performance under the changing
environment.

Algorithm Comparison: UCBL vs Epsilon-Greedy

UCBL - Avg: 226.94, Best: 113.90
e-Greedy - Avg: 237.13, Best: 112.50
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Figure 3: Image requests - 1000 iterations

Figure 3 presents the results for a scenario involving a single-
type request workflow, where only image requests were considered.
The experiment consisted of 1000 interactions. As in the previous
scenarios, both algorithms demonstrated similar performance dur-
ing the initial exploration phase. However, the UCB1 algorithm
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outperformed the Epsilon-Greedy algorithm under similar envi-
ronmental conditions observed in the previous experiment, where
some configurations began to perform poorly following changes in
request behavior.

The developed algorithms leverage the concept of multi-armed
bandits to balance exploration and exploitation, adaptively opti-
mizing EWS’s configuration based on workload patterns. The goal
of dynamically select the most efficient component composition
for the web server at runtime was achieved, balancing the need
to test different configurations (exploration) with choosing the
best-known configuration (exploitation).

5 Final Remarks

In this paper, we experimented with multi-armed bandit algorithms
in the context of the Emergent Web Server, a publicly available
exemplar designed to explore learning strategies for runtime adap-
tation rule discovery.

We extended the exemplar to include additional monitoring
metrics, enabling future experimentation with new reward/cost
functions to explore diverse learning approaches. Furthermore, we
evaluated the system using two multi-armed bandit algorithms:
UCB1 and Epsilon-Greedy.

Our results demonstrate the effectiveness of UCB1 in identify-
ing and converging on the optimal composition of the web server
across various operating environments. UCB1 proved more effi-
cient in terms of convergence accuracy and speed, requiring less
time to stabilize on the optimal composition. In contrast, while
Epsilon-Greedy successfully converged to the correct composition,
its inherent exploration behavior caused periodic deviations. UCB1,
on the other hand, consistently maintained the optimal composition
in most scenarios, resulting in a better average response time for
the system.

For future work, we plan to explore other multi-armed bandit
algorithms, such as Thompson Sampling, and compare our results
with those reported in [13]. Additionally, investigating the tuning
of the exploration constant in the UCB1 algorithm could be valu-
able for improving its convergence in scenarios where it failed to
stabilize. We also aim to explore multi-agent approaches, such as
those reported in [20], incorporating sophisticated communication
protocols. In particular, we consider argumentation-based dialogue
protocols, which enable agents to deliberate and argue about the
optimal system configuration [21, 22].
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