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Abstract As the computing continuum increasingly becomes the default deploy-
ment infrastructure for modern systems, the demand for a programming model capa-
ble of meeting the requirements for developing software systems on such infrastruc-
tures also grows. This model must provide abstractions to manage the high level of
dynamism inherent in these environments, particularly addressing the autonomous
management of stateful service placement across large-scale edge-cloud continuum
infrastructures. To address this issue, we explore the concept of self-distributing
systems – a machine-centric approach to deal with the complexity of designing dis-
tributed systems. We take a step further and have the system decide on distributed
design decisions at runtime as unexpected changes and events occur, leaving the sys-
tem responsible for reacting quickly and accurately as a response to such changes.
This paper presents the application of a multi-agent learning approach to learn how
to distribute stateful services across the continuum. We demonstrate the efficiency
of such a method in a local testbed. We compare our results against a multi-armed
bandits approach, pinpointing the strengths and weaknesses of the two approaches.

1 Introduction

The design and management of distributed systems have been the focus of research
on systems communities for many years [3]. Deciding, at design time, how the dif-
ferent modules that compose systems should interact in order to maintain high-
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performing, reliable, and dependable systems is challenging [21]. This scenario
becomes increasingly worse when considering the high levels of volatility we en-
counter nowadays in the edge-cloud continuum [1], requiring new ideas for handling
the new levels of complexity [4].

In this context, the concept of Self-distributing Systems (SDS) [17] has emerged
to take on the challenges of pushing the responsibility of assembling distributed
systems to the system itself at runtime, as opposed to what is currently done in
the industry, where a group of engineers is responsible for carefully considering
how the system should operate in many distinct and often unexpected conditions at
design time, while at runtime engineers monitor the system to detect changes and
manually adapt the system to react accordingly. The development of SDS is not
straightforward. Developers are envisioned creating a local version of the software
system using small and highly reusable software components. At runtime, SDS ex-
periments with relocating and replicating these components throughout a distributed
infrastructure while evaluating distributed architectures in terms of performance.
The previous version of SDS [17, 16] explored baseline online greedy and multi-
armed bandit approaches, tackling various challenges.

In this paper, we propose and investigate a multi-agent approach for learning dis-
tributed compositions for SDS at runtime, aiming to compare performance and ad-
dress the limitations of multi-armed bandits algorithms when tackling SDS learning
problems. The contributions are two-fold: (i) introducing a multi-agent approach to
address the learning problem inherent in SDS; and (ii) comparing its performance
and limitations with an existing multi-armed bandits solution, providing insights
into their effectiveness.

2 Learning in Self-distributing Systems

One of the most challenging aspects of SDS is related to the dynamics of the en-
vironment in which constant changes occur. Thus, it is necessary to develop ap-
proaches to learn how to split and distribute local components to remote machines
(i.e., learn how to make distributed design decisions at runtime) to improve the sys-
tem’s performance when such changes occur.

To define the learning problem we face when designing SDS, we must first con-
sider a system running on a certain operating environment. The operating environ-
ment is defined by metrics of computing resources (e.g., CPU, memory, storage)
from the infrastructure running the system plus the incoming request pattern char-
acteristics that impact how the system performs. Depending on the characteristics of
the operating environment, configuring the system into different compositions has a
different impact on the system’s performance. Thus, the learning problem consists
of starting a single or a set of learning agents (depending on the applied learning
strategy) with no predefined information or pre-training and, at runtime, locating
which system’s composition yields optimal performance for different operating en-
vironments. The definition of such a problem is found in the literature in approaches
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named Emergent Software Systems (ESS) [13, 18], which share the same charac-
teristics and challenges for the learning problem. To tackle this learning problem,
many of the explored ESS approaches employed a technique known as multi-armed
bandits, which yielded promising results in this context [14].

An important aspect of the learning problem is the operating environment, which
plays a central role in the runtime self-optimization of systems and presents numer-
ous challenges. If we assume a static operating environment and a single agent, then
a learning agent can explore different compositions and will have basis for compar-
ison, considering it is comparing two distinct compositions in the same operating
environment. Similarly, if the operating environment changes during the agent ex-
ploration phase, the agent will compare two compositions in different environments,
making it challenging to determine which composition perform better because the
comparison basis becomes invalid. In certain situations, even small changes in the
operating environment result in significant differences in performance across differ-
ent compositions.

Learning what system composition is best for different operating environments
in scenarios where the system is exposed to unknown or unexpected environments
is a difficult task. Determining the system’s operating environment while learning
the optimal composition is challenging, primarily because measuring environmental
metrics through a specific system composition can distort the results. For example,
the implementation of an algorithm may have a larger memory footprint than a
different equivalent implementation. Thus, measuring memory usage to character-
ize the environment may alter the system’s perception of which environment it is
running, even if nothing else in the environment changes (e.g., the incoming input
pattern and available computing resources remains unchanged).

We define environment as the set of computing resources’ metrics and the sys-
tem’s input (i.e., workload) characteristics to which the system is subjected. Note
that the system’s composition that has had the best performance in an environment
will continue to do so when that environment is encountered again in the future.
Thus, identifying and ‘remembering’ environments allows the system to simply
switch to the best-performing composition without having to explore.

Fig. 1 illustrates two scenarios showing the environment changing. Fig. 1 (a)
shows a gradual and continuing change in the environment metrics, slowly impact-

cost A B

Composition 1
Composition 2

(a) Time (s) Time (s)

A B

(b)

cost

Fig. 1 Two scenarios showing environment changing: (a) shows an environment where their met-
rics continually and gradually change until the environment is completely changed; (b) shows two
distinct environments where changes in their metrics are abrupt and instant.
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ing the performance of the systems compositions up to the point where Composition1
starts performing worse than Composition2. Note that the y-axis is the cost (in this
case, we want to minimize cost – i.e., cost = 1

reward ). At that point, represented by
the blue dotted line, we consider the system is being exposed to a new operating
environment. Fig. 1 (b) shows an environment that maintains its metrics constant
until it suddenly changes to different values, completely changing the environment.

Rappa et al. [16] applies UCB1 to implement SDS in scenarios similar to the one
depicted in Fig. 1 (b), not considering the environment change mid-execution. In
their work, Rappa et al. [16] show that the application of off-the-shelf UCB1 (i.e.,
with no changes to the original algorithm) makes correct decisions in SDS executing
in static environments, but cannot handle scenarios where the environment gradually
changes over time, like the one shown in Fig. 1 (a). In this paper, however, we
explore a multi-agent approach as an alternative solution for learning in SDS.

3 Multi-agent Approach

3.1 Learning Strategy

To address the challenges of dynamic environments in SDS, we propose a multi-
agent approach that enables real-time learning and adaptation. Our method involves
deploying multiple learning agents without predefined information or pre-training,
allowing the system to continuously learn the dynamics of the operating environ-
ment and determine the optimal system compositions as conditions change. In our
approach, each agent within the MAS is responsible for one possible system compo-
sition and is tasked with evaluating the performance of that particular composition
when it is assigned to the system. Consequently, agents need to communicate to ex-
change metrics for their respective compositions and agree on the best composition.
We opted for a one-agent-per-composition approach, as the number of compositions
is known, in contrast to the uncertain number of different environments.

Considering the system starts without any predefined information or pre-training,
similar to the UCB algorithm described in [2], our approach requires an exploration
phase during which the system evaluates each composition and collects performance
metrics. This means each agent assigns its respective composition to the system, col-
lects metrics for a predefined period of time, and all agents take turns assigning their
respective compositions during the exploration phase. In particular, in this section,
we focus on metrics related to the average response time and how the whole sys-
tem, i.e., the MAS, addresses the learning problem in SDS. Later, in Section 3.2, we
describe how the proposed approach is realized, considering the distributed nature
of MAS, using consensus mechanisms. After the exploration phase, the system has
access to the composition metrics.

To introduce the parameters and equations that govern the system’s learning as-
pects, we use the following notation:
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• Average Time (Avgt
i): The observed average response time for composition i at

time t, corresponding to one observation interval from t −1 to t.
• Number of Observations (N ): The total number of observations.
• Penalty (ρ): A dynamic learning parameter representing a penalty received when

a system composition perspective of performance appears inferior to other com-
positions.

• Performance Metric (ν): The resulting performance metric, indicating the per-
formance of a composition relative to all other considered compositions.

• Sensitivity (α): A learning parameter indicating how sensitive the system is to
changes in response times.

Each time a composition is assigned to the system, its corresponding agent i has
access to the metric of average response time, Avgt

i . Further, agents can infer their
respective composition’s performance over time concerning the average response
time when the same composition, refereed to as its corresponding agent i, is assigned
to the system multiple times.

∆
t
i =

1
N −1

N

∑
k=1

(
Avg(t−k−1)

i −Avg(t−k)
i

)
(1)

Equation (1) implements this inference, where ∆ t
i is the average of differ-

ences between multiple observations of the average response time for composi-
tion i at time t. The summation runs from k = 1 to N , summing the differences
(Avg(t−k−1)

i −Avg(t−k)
i ). The division by N −1 accounts for the number of differ-

ences being averaged. The basic idea behind this equation is that it enables each
agent to understand how the environment evolves, i.e., the scenarios illustrated in
Fig. 1. Later, the system can infer which composition has the best perspective of
performance at time t, by comparing ∆ t of all compositions. This is determined by
finding the minimum value among the ∆ t

i values for all compositions i. ∆ tMIN in-
dicates the best perspective of performance among all compositions at time t and it
is calculated as follows: ∆ tMIN = min(∆ t

i , . . . ,∆
t
n).

However, even with a better perspective on performance, that composition may
only present better performance in the distant future; i.e., it presents a better per-
spective on performance, but currently, it has a worse average response time. This
scenario is illustrated in Fig. 1 (a), where Composition2 has a better performance
perspective but only begins to outperform Composition1 after one event (blue dotted
line). Thus, it is worthy to understand how the different perspectives of performance
of all compositions are distributed to make informed decisions regarding system op-
timization and composition selection.

ρ
t
i =

∣∣∣∣∣∣∣∣∣
∆ t

i −∆ tMIN(
∆ t

i +∆ t MIN
2

)
∣∣∣∣∣∣∣∣∣ (2)

Equation (2) calculates the relative difference between the perspective of per-
formance of composition i at time t, ∆ t

i , and the best perspective of performance
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among all compositions, ∆ tMIN. It provides insights into how much the compo-
sition i’s perspective of performance deviates from the best perspective of perfor-
mance among all compositions, as given by ρ t

i . A higher value of ρ t
i indicates that

the composition i is further away from the best perspective of performance. Then,
ρ t

i and the learning sensitivity parameter α are used to calculate an indicator of
the performance of each composition, weighting its current average response time,
Avgt

i , by penalizing it according to how much its perspective of performance devi-
ates from the best perspective among all compositions. Equation (3) provides this
performance metric ν t

i for composition i at time t.

ν
t
i = Avgt

i +(Avgt
i ·ρ t

i ·α) (3)

Then, the system can determine the best composition at the current time by look-
ing for the minimum value of ν t . However, ν t and ∆ tMIN only can be calculated
when agents share their private metrics, i.e., ∆i and νi, considering each agent col-
lects metrics for its composition. Thus, agents will share their private metrics to
reach a consensus about ∆ tMIN and ν t , and consequently understand which com-
position is the best. The next section introduces the consensus mechanism used.

3.2 Multi-agent Consensus Mechanism

Given the distributed nature of MAS, consensus mechanisms are the basis for coor-
dinated control of the system [10]. Consensus mechanisms are defined by informa-
tion flow or protocols, which specify how and when agents exchange information in
order to reach an agreement regarding a certain piece of information [6, 12].

Definition 1 (Consensus). Given a group of agents Π , and given a subset of the
agents’ belief base s, i.e., si ⊆ Bi for agent i, a consensus over s is defined as
limt→∞ |st

i − st
j| = 0 for all pairs of agents i and j ∈ Π , meaning that the state of

the subset s in the belief base of all agents in Π converges to common values as
time progresses.

The literature shows that agents can reach consensus through constant commu-
nication in both discrete-time and continuous-time MAS. However, this approach is
resource-consuming, requiring significant energy and network bandwidth [10]. To
avoid excessive and sometimes unnecessary use of system resources, the consensus
problem in MAS is commonly approached using event-based consensus mecha-
nisms [15], also known as consensus based on triggering mechanisms [10]. Event-
based consensus mechanisms reduce the use of a MAS’s resources by minimizing
the information exchanged between agents through a strategy where events trigger
data transmission and control updates [15]. Additionally, when periodic consensus
checks are needed, time-triggered events are typically used [15].

We follow this literature, in which an event e is associated with a set of agents’
beliefs s. When the event occurs, i.e., ⟨e,s⟩ ∈ Ei, it triggers a consensus mechanism,
in which agents exchange information to reach an agreement about the beliefs in s.
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The consensus mechanism is implemented according to the following belief update
and protocol:

1. An event ⟨e,s⟩ occurs, triggering the consensus mechanism. It may be an event
triggered by receiving a message from one agent of the group, or triggered by a
clock, for example. The protocol goes to (2).

2. All agents in the group share their own values for the beliefs in s, communicating
it to all other agents of the group. The protocol goes to (3).

3. All agents need to update the beliefs with the received information according to
some common belief update function, i.e., B′

i = update(Bi,{s j, . . . ,sn}) for all
agents in the group {i, j, . . . ,n}. The protocol goes to (4).

4. All agents reach a consensus about s, according to Definition 1.

There are two essential information from Section 3.1 that agents require to reach
a consensus in order to make decisions about which system composition should be
used: ∆ tMIN and ν t . To reach a consensus about ∆ tMIN and ν t , we used the same
event-triggering consensus strategy. When an agent i perceives a significant change
in either ∆ t

i or ν t
i (the event), it sends a message to all agents informing them of

the new value. Subsequently, the system executes an exploration phase, and then all
agents share their new metrics. For ν t , they compare the received ν t

n values with
their own ν t

i values to determine the best composition for the system at that time
according to equation (4).

ν
t = min(ν t

i , . . . ,ν
t
n) (4)

This unified strategy ensures that all agents reach a consensus for both parame-
ters. Thus, when an agent i infers that its corresponding composition is the best, i.e.,
ν t is equal to ν t

i , it assigns the composition for the system.

4 Evaluation

4.1 Self-distributing Web Service

In our experiments, we use a self-distributing web service that implements two main
HTTP functions: one that retrieves data from a list and another that adds data to a
list. The service also implements a prime function that is activated when clients
request data to be retrieved. This is to simulate a CPU-intensive function for data
retrieval. The prime function works according to the following equation ∑

n
i=1 π(i ·k).

The term π represents a prime verification function; given a number, the function
verifies whether that number is prime or not. Thus, for every index i in the list, the
CPU-intensive function verifies whether (i · k) is prime.

The factor k intensifies how CPU-intensive the function gets, considering the
number of items stored in the list. A small k (e.g., k = 1) requires a large list to
make it very CPU-intensive, whereas a large k quickly increases CPU utilization
with a few items stored in the list.
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For the experiments, there is a single distribution proxy for this web applica-
tion. Thus, the SDS framework comprises two distinct system compositions: one
that executes locally (named local composition) and another that splits the list into
two shards and places them in two external machines (sharding composition). Fur-
thermore, two client workload generators produce different workload patterns for
the application. The first client generates a set of requests to continually fetch data,
whereas the second client continually fetches data while adding items to the list
every step (i.e., every ≈ 10s).

Our multi-agent approach was implemented using the JaCaMo Framework [5],
and all code used for the experiments is open source and is freely available on
GitHub1, along with detailed instructions to replicate the results.

4.2 Experiments and Results

We conducted experiments to evaluate our proposed approach by deploying a self-
distributing web service in a local cluster. We compared the performance of our
multi-agent approach with the multi-armed bandits’ algorithm to investigate their
effectiveness and limitations in dynamic operating environments. Our experimental
setup consists of three machines. The first machine hosts the SDS framework with
the web service and learning module, using either the multi-agent approach or the
UCB1 algorithm. The second and third machines run the SDS framework in separate
process. The Distributor module waits for the list’s shards from the web application
when the system chooses the sharding composition.

The experiments involve exposing the SDS to three different environments de-
fined by the client’s workload and the k factor that determines the CPU usage by the
service. In the first scenario, k is set to 2 (low CPU usage), and the workload con-
sists of a series of requests to retrieve data from the service’s list. Fig. 2 shows the
results of subjecting SDS to the first scenario. In both graphs, the local composition
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Fig. 2 SDS (green) converging towards the best-performing composition, and the performance of
two fixed compositions: local (blue) and sharding (orange). (left) SDS with UCB1; (right) SDS
with multi-agent approach. Scenario: k = 2, fixed list size = 2.

1 Repository: https://github.com/heitorhenriques/mas_ucb1
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Fig. 3 SDS (green) converging towards the best-performing composition, and the performance of
two fixed compositions: local (blue) and sharding (orange). (left) SDS with UCB1; (right) SDS
with multi-agent approach. Scenario: k = 8, fixed list size = 38.

clearly outperforms the sharding composition, as indicated by its lower response
time. Moreover, the SDS converged to the correct composition. However, UCB1
presented some spikes due to its occasional exploration, whereas the multi-agent
approach, which detects the trend of the response time curve, converges and never
returns to exploration for the rest of the experiment.

Fig. 3 shows the results of exposing SDS to a scenario with high CPU usage, with
k = 8 and a static list size of 38 items. The client’s workload consists of sequential
requests to retrieve data from the list. Intuitively, in situations where CPU becomes
a bottleneck, load balancing the incoming workload amongst replicas of the server
would allow the system to scale. Therefore, a composition that balances the load
of incoming requests is preferable. This expected result is confirmed in our exper-
iments (Fig. 3, as the sharding composition presents lower response time than the
local composition. Similarly to previous results, both learning strategies converges
towards the best composition. However, the proposed multi-agent approach con-
verges faster, with no exploitation time after convergence, resulting a better overall
average response time than the UCB1 solution.

Finally, we expose the SDS to a scenario where k = 2 (low CPU usage) but the list
size gradually increases in size by one element every step. As the list size increases,
the demand for CPU also gradually increases. This creates an interesting effect on
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Fig. 4 SDS (green) converging towards the best-performing composition, and two fixed compo-
sitions: local (blue) and sharding (orange). (left) SDS with UCB1; (right) SDS with multi-agent
approach. Scenario: k = 2, list size increases by 1 every step.
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the systems perception of the environment. Initially, the CPU demand is low and the
environment is similar to the one in the first scenario, where the local composition
has the lowest response time. As the list increases and the CPU demand increases,
the environment transitions to a state of high CPU demand, similar to the second
scenario.

In situations where the environment gradually changes, we observe in Fig. 4
that UCB1 never converges. This has been reported in the literature by Rappa et
al. [16]. The reason is that the gradual change in the environment constantly worsens
the measured cost, forcing the UCB1 to keep checking the cost to determine the
best option. Since the cost of all arms continually deteriorates, the algorithm never
converges. In our approach, on the other hand, when the cost are too small and
the curve is too steep (curve trend from step 0 to 40), our approach struggles to
identify the trend and keeps sampling the system’s cost in both compositions. Once
the system reaches a certain cost value, our approach manages to identify the trend
and converges towards the best composition (step 40 onwards). In this scenario,
our multi-agent approach also outperforms UCB1 and has its average performance
closer to the best composition.

5 Related Work

Multi-Armed Bandit (MAB) problems have become a powerful tool for optimizing
operations in distributed systems where dynamic decisions are required in uncer-
tain environments. For example, [8] demonstrates that MAB solvers enable adaptive
power allocation, optimizing resource allocation, and maintaining robust communi-
cation links between devices. In [11], MAB is used for adaptive configuration op-
timization of recurring data-intensive applications in cloud computing, improving
performance and reducing costs. In [20], MAB-based runtime adaptation of cache
replacement policies optimizes performance by adjusting to changing access pat-
terns in content management systems. In [19], MAB and deep reinforcement learn-
ing are used for adaptive caching in hierarchical content delivery networks, enhanc-
ing content delivery efficiency.

MAS are recognized for their self-adaptive and self-distributing capabilities,
making them ideal for implementing control mechanisms in self-distributing sys-
tems. Similar approaches have been explored in related literature. For example,
in [7], an approach using experience exchange among agents is proposed to dy-
namically influence environmental behavior patterns. In [9], a framework is intro-
duced for self-adaptive management, integrating organizational aspects and cooper-
ative behaviors of agents to automate management actions across distributed envi-
ronments. Additionally, insights in [22] highlight how MAS manage complexity in
self-adaptive systems, distinguishing MAS from other technologies.

To the best of our knowledge, our work is the first to introduce a multi-agent
approach for the Learning module in Self-distributing Systems.
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6 Conclusion

We have presented a multi-agent approach to realizing the concept of Self-Distributing
Systems. These systems are designed to execute on a single process, but at runtime,
they autonomously experiment and decide on distributed composition for the system
to maximize performance.

There are many benefits to using a MAS approach, with the most important be-
ing its ability to enhance adaptability at the control level. MAS can dynamically
adapt to changing environments by leveraging the collective intelligence and learn-
ing capabilities of individual agents. This adaptability ensures that the system can
quickly respond to environmental changes, maintaining optimal performance even
under varying conditions. Although this paper focuses on a simple instance of the
agents’ learning capabilities, our approach supports the integration of specialized
learning components for individual agents. These specialized capabilities can later
be combined through a consensus mechanism to form a collective intelligence.

We evaluated our approach in a real small-scale testbed composed of 3-nodes
connected in a local network. For our experiment, we explored the self-distribution
capabilities of a web service. We exposed the SDS to three distinct scenarios and
compared the UCB1 algorithm against our proposed multi-agent approach, which
is a different learning strategy. Based on our experiments, we conclude that our ap-
proach generally outperforms UCB1 in the selected scenarios, converging in cases
where UCB1 continues to explore. This indicates that approaches that observe and
predict curve trends have an advantage over approaches based on confidence levels.
On the other hand, in scenarios where the cost function of multiple compositions
is too close, UCB1 might perform better by continually sampling costs until confi-
dent about the composition with the lower cost. In such cases, our approach, which
samples each composition only once, could risk converging to a suboptimal solution
when costs are too similar, and the signal is noisy.

Future work will focus on conducting larger-scale experiments with an exten-
sive network of nodes to validate the robustness and scalability of our multi-agent
approach across diverse environments. Additionally, we aim to integrate different
learning techniques to enhance the adaptability and decision-making capabilities of
the agents while comparing them with our current proposal. Another direction in-
volves exploring hybrid models that combine our approach with existing algorithms,
leveraging their strengths.
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