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Abstract—LLM-based multi-agent systems (LMAS) are emerging as a promising
paradigm, enabling specialized agents to collaborate and act autonomously across
complex software engineering (SE) tasks. Yet, despite rapid progress, the field still
lacks a clear conceptual foundation to guide researchers and practitioners in
systematically designing, implementing, and evaluating such systems. This article
introduces a taxonomy intended to provide practical guidance for integrating LMAS
into software development workflows. Grounded in an analysis of prominent
frameworks and scientific contributions for engineering LMAS, the taxonomy
organizes the design space along five key dimensions offering a structured lens for
understanding and engineering LMAS. Our analysis reveals substantial gaps in
current frameworks, particularly regarding monitoring, performance evaluation, and
quality assessment. These findings highlight pressing research challenges and
identify concrete directions toward more reliable, transparent, and effective agentic

systems for SE.

n recent years, the application of large language models

(LLMs) has reshaped automated software engineering

(SE) by supporting an increasingly large portion of
the development lifecycle, from requirements engineering
to code generation. Recent surveys provide comprehen-
sive overviews of LLM architectures, from foundational
Transformer-based models to systems such as GPT-4 and
LLaMA, and structured taxonomies covering scalability,
application domains, and ethical dimensions [15].

These advances are boosting developer productivity and
enabling a new paradigm known as AlWare [3], [4]. Within
this paradigm, development workflows are redefined by
embedding Al agents as active collaborators capable of
assisting developers in documentation tasks, code reviews,
or automated testing [S]. A key evolution within AIWare is
the emergence of multi-agent systems (MAS), conceptual-
ized as a novel mechanism for combining the strengths of
multiple LLMs [6]. MAS orchestrate, manage, and evaluate
sets of Al agents, each designed for specialized tasks, to
collaborate and compensate for the limitations of individual
models. This approach underpins the AgentWare paradigm,
where the synergy among multiple agents is expected to
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enhance overall performance [7].

Despite the growing adoption of MAS in SE, significant
gaps remain. The field lacks a comprehensive understanding
of the foundational concepts and features that constitute an
effective MAS. This makes it difficult for researchers and
practitioners to design systems that are robust, scalable, and
adaptable to the diverse challenges. Key questions, such as
how to define agent roles, coordinate inter-agent commu-
nication [8], [9], or evaluate collective performance remain
largely unanswered [10]. It is still unclear how MAS can be
integrated into existing development environments without
introducing unnecessary complexity or overhead. Without
a clear framework or a set of engineering principles, the
potential of MAS to transform software development under
the AgentWare paradigm cannot be fully realized.

This paper contributes to the understanding of LMAS
by proposing a taxonomy to capture both foundational and
practical features for designing and developing MAS in
the scope of the MOSAICO (Management, Orchestration
and Supervision of Al-agent COmmunities for reliable Al
in Software Engineering) EU project,! which focuses on
supporting the reliable application of generative Al to
SE tasks and building a Community of Als (or Al-agent

Thttps://mosaico-project.eu/
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community). We begin by analyzing existing systematic
studies to derive a set of conceptual dimensions. Then, we
examine prominent agentic frameworks to identify concrete
mechanisms that map to these dimensions. The final tax-
onomy consists of 5 critical dimensions (Core Architecture,
Governance Rules, Agent Monitoring, Behavioral Models,
and Reusability), each supported by a set of subconcepts
that collectively provide a structured lens for understand-
ing and engineering LMAS. Our taxonomy is technology-
independent and covers both existing frameworks and rel-
evant scientific contributions, with the goal of providing
guidance for researchers and practitioners in the systematic
design, implementation, and evaluation of MAS for SE.

The software development landscape has recently under-
gone 3 major paradigm shifts. CodeWare relied on fully
manual programming, with developers writing and main-
taining code directly. NeuralWare introduced Al-assisted
development, but primarily through isolated models trained
for specific tasks. Today, the emergence of AgentWare
marks the next evolution: systems composed of multiple
Al agents collaborating autonomously to address complex
SE problems.
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FIGURE 1: A well-documented repository with “About”
description.

The README Summarization Problem

To illustrate the paradigm shift from single-model to multi-
agent approaches, consider the task of automatically gen-
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erating descriptions for GitHub repositories from their
READMEE files. Fig. 1 shows a typical scenario: while the
DeepSpeed repository? provides a concise “About” descrip-
tion to immediately convey its purpose, many repositories
leave this field blank [13], forcing visitors to read long
READMEE files to understand the project’s scope.

This task presents challenges that make single-model
approaches struggle: README files exhibit heterogeneous
content structure, mixing prose with code snippets and
Markdown formatting, and extreme length variability, rang-
ing from a few sentences to thousands of lines requiring
selective extraction.

A Multi-Agent Solution

These challenges motivate a multi-agent decomposition.
Nguyen et al. [7] demonstrated how specialized agents can
address each challenge through collaboration. Four agents
are grouped into 2 pipelines (Fig. 2) implemented using
LangChain:? the upper part corresponding to Optimization
Pipeline handles prompt refinement, while the lower part
corresponding to Evaluation Pipeline generates and assesses
summaries.
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FIGURE 2: MAS pipelines for README summarization:
agents collaborate through specialized roles and feedback
loops.

Extractor Agent addresses content heterogeneity
by filtering out non-descriptive sections (installation, con-
tributing guidelines, licenses). Summarizer Agent gen-
erates candidate “About” descriptions, guided by prompts
that evolve through interaction with Teacher Agent,
which evaluates summaries using ROUGE metrics and pro-
poses improvements. Finally, Prompt Creator Agent
synthesizes successful prompt patterns into a reusable tem-
plate, enabling generalization across diverse repositories.

Zhttps://github.com/microsoft/DeepSpeed
3https://www.langchain.com/
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However, this is only one possible multi-agent configu-
ration. Alternative designs might use different roles, coor-
dination patterns, or communication protocols. Such design
choices introduce trade-offs in performance, scalability, and
robustness, motivating the need for a systematic taxonomy
to guide the construction of MAS for SE tasks.

To develop the taxonomy, we started from a focused corpus
of primary studies and technical artifacts addressing LLM-
based agentic and multi-agent systems for SE. Studies
were selected based on explicit inclusion criteria: they
describe complete agentic pipelines (rather than isolated
techniques), make architectural and coordination choices
explicit, and report concrete usage scenarios or empirical
evaluations. This selection enabled the identification of
recurring design concerns that are independent of specific
tasks or implementations. We included English-language
surveys on LLM-based MAS published in well-ranked
venues (SCIMAGO/CORE) or as relevant preprints, from
Jan. 2023 to Jan. 2025, excluding non-LLM MAS, non-
systematic studies, workshops, and posters. Using Scopus,
we combined MAS-related keywords (multi-agent system,
LLM, large language models) with systematic-study key-
words (survey, systematic review, literature review, meta-
analysis), obtaining 47 initial papers and 18 after applying
the criteria. To foster reproducibility, we provide a detailed
replication package on Zenodo* that includes the full search
protocol, inclusion/exclusion criteria, intermediate filtering
steps with exclusion rationale, and the iterative taxonomy
derivation process from the initial 57 concepts to the final
21 sub-concepts.

We analyzed a representative set of 14 frameworks to
operationalize these concerns. Frameworks covering differ-
ent design paradigms, e.g., workflow-oriented, graph-based,
and tool-augmented were examined by mapping their ar-
chitectural structures, governance mechanisms, prompt and
role specifications, monitoring facilities, and reuse strategies
to higher-level abstractions. This synthesis produced a tax-
onomy organized along five dimensions, each refined into
operational sub-concepts. For each sub-concept, Table 1
lists the papers (P) and MAS frameworks (MF) in which it
appears, indicating its maturity and adoption.

Core Architecture
The majority of the analyzed studies agree on the core
components of MAS, i.e., agents, tools, and memory. The

application domain (FC1.1) defines the high-level goal of
the MAS and can be seen as a composition of agents’ objec-
tives (FC4.1), specified in the Behavioral model. Although
frameworks do not enable direct specification of the appli-
cation domain with dedicated capabilities, they indirectly
support that by defining agents’ objectives (FC4.1), external
tools (FC1.5), and roles (FC4.4) to accomplish the task.
Agents (FC1.4) are the core elements of a MAS and
can be homogeneous or heterogeneous. Homogeneous vs.
Heterogeneous (FC1.2) captures whether agents share the
same architecture. Only , , and (P13) explicitly discuss
this distinction, while all frameworks support heterogeneous
agents, i.e., different providers and architectures such as
GPT, Llama, or Claude. Tools (FC1.5) provide external ca-
pabilities to agents, and Memory (FC1.3) stores information
about agent state and interactions with the environment.

Governance Rules

The governance rules are the core of any MAS. Coordi-
nation Patterns (FC2.1) defines how agents interact with
each other and with the environment. This is well covered
in the literature and supported by several frameworks.
For instance, Llamalndex® allows developers to specify
coordination rules that govern when agents invoke tools,
stop, or hand off control to other agents. While this enables
flexible and modular behaviors, it also increases dependence
on the LLM’s ability to follow instructions and maintain
internal consistency.

Communication Mechanisms (FC2.2) specifies how
agents exchange information, e.g., through centralized,
decentralized, or shared message pools. These features
are tightly coupled, since coordination requires appropri-
ate communication support. Agent—Environment Interface
(FC2.3) defines the operational context shaping agents’ sen-
sory inputs, action space, and interaction possibilities. Three
types can be identified: fext-based (natural language or
structured formats such as JSON), virtual sandbox (2D/3D
visual settings for gaming or robotics), and physical (real-
world interaction with rich sensory data). All surveyed
frameworks currently support only text-based environments,
though they could in principle be extended to other settings.

Competency Mapping (FC2.4) defines which agents can
employ which external tools. While not fully covered in the
literature, frameworks implement this in practice, enabling
modular agent design.

Agent Monitoring
The monitoring of agents is a crucial aspect of MAS
systems. Value-addition modeling (FC3.1) represents a

“https://zenodo.org/records/19919086
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generic KPI-oriented assessment of agents, spanning from
the accuracy metrics to advanced qualitative aspects, e.g.,
energy consumption, cost, and execution time. However,
most of the considered frameworks neglect this aspect.
The support for human-in-the-loop functionalities (FC3.2)
is also limited. Interestingly, we report that none of the tools
has a specific component for Continual evolution (FC3.3)
of the agents, apart from &Fl\él\, even though this concept
is mentioned in the literature. Our intuition is that those
qualitative aspects are not yet fully implemented in the
frameworks, triggering the need for further improvements.

Behavioral Models

The Behavioral model (FC4.1-FC4.5) is well covered by
both literature and frameworks, as these features originate
from single-agent systems. The agent’s Objective (FC4.1)
represents the minimal concept of any MAS, whereas
Perception (FC4.2) is bounded by the operational context.
Action (FC4.3) is also well-defined in the literature, pro-
viding a clear understanding of how agents interact with
each other and how they communicate. A pivotal feature
that impacts the agents’ behavior is the role (FC4.4), which
specifies all relevant information needed to perform the
objective. Message Content (FC4.5) refers to the content
of the messages exchanged between agents and the envi-
ronment. This is not explicitly covered by the literature, but
a crucial aspect of any MAS, since it defines how agents
communicate.

Reusability
It is a crucial aspect of MAS frameworks, enabling devel-
opers to leverage existing components and functionalities.
The analyzed research papers highlight the importance of
reusability features, but there is a lack of systematic studies
addressing this issue. Instead, most frameworks provide
capabilities that can be used to enhance agent reusability.
Remote access (FC5.1) and Agent comparison (FC5.2)
are covered by the majority of the frameworks. In contrast,
Benchmarking (FC5.3) and Discovery (FC5.4) are still
neglected by most of the frameworks.

To demonstrate how the taxonomy guides concrete engi-
neering decisions, we revisit the aforementioned README
summarization example and map its architecture to our 5
dimensions.

Core Architecture (FC1). The system implements a
heterogeneous design (FC1.2), deploying GPT-40-mini for
high-volume tasks (Extractor Agent, Summarizer
Agent) and GPT-40 for
(Teacher Agent,

reasoning-intensive roles
Prompt Creator Agent).

Special Issue on Engineering Agentic Systems

Memory (FC1.3) operates at 2 levels: Teacher Agent
tracks iteration-level ROUGE scores, while Prompt
Creator Agent aggregates successful patterns for
cross-instance  generalization. The specialized agents
(FC1.4) address distinct challenges: content filtering,
summary generation, evaluation, and meta-optimization.
Governance Rules (FC2). The coordination pattern
(FC2.1) balances flexibility vs. controllability: Teacher-
Summarizer feedback loops enable adaptive refinement,
while ROUGE gates ensure reproducibility. Communication
(FC2.2) uses structured JSON/YAML via LangChain’s cen-
tralized orchestration. Competency mapping (FC2.4) explic-
itly assigns filtering to Extractor Agent, generation to
Summarizer Agent, evaluation to Teacher Agent,
and pattern synthesis to Prompt Creator Agent.
Agent Monitoring (FC3). Value-addition modeling
(FC3.1) implements dual constraints: quality and cost.
Teacher Agent provides explicit, interpretable feedback
(FC3.2) through gap analysis and actionable prompt refine-
ments.
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TABLE 1: Elicited taxonomy from literature and MAS frameworks analysis.

Dim. Description Covered by the analyzed Papers (P) and MAS Frameworks (MF)
FC1.1 - Application domain The main task that the MAS is designed to solve @ P2, @ @ Ps5), @ @ @ @11‘ ‘P13‘ ‘P14‘ @ ‘Pli}‘
Fc1 o ) » @ @ = N N N N N N N )
FC1.2 Type It identifies if the system is homogeneous or P1), P7). ‘\Pl3‘ ‘Q’[Fl‘ ‘Q’[F%\, ‘MF3‘ ‘MF4‘ ‘MFS‘ ‘MF6‘ ‘MF7‘7 ‘Q’[F/S‘, ‘Q’[F/‘)‘, ‘MFIO‘ ‘MFll\ \MF12‘ ‘MF13\ \MF14‘
heterogeneous - - - -
o P ———— — — —
FC1.3 Memory Knowledge store of the MAS, shared or private | (2. @2, ©3). ®4. ©6. ©). @3) ®. @v 12, @?/ ®17. P13, i\/lF}@[F} Fz@l:)m,\MFSHf/[FB @@wMFS;,&FB;,wMFlOw ‘MFII\ ‘MFIB‘ F1y
FCL4 Agent Generie AX agent with objective, role and envi- | (@)% 630313, (#6.%9.28.89. P11, #12. /P> @5 P13, @E @@ P18, ‘JE/IF},‘.\K/IFZ‘Q/[FS MF4‘Q’[F5HMF6‘ wMF7wQ4F§uMF9wMF10w ‘MFll‘ ‘MFIZHMFIS‘ ‘MF14‘
ronment interface N ~ ~
oL - i - — ,\ > 0 @) 6 \/7\\ o ~ N I N, N7 N7 N\
.5 Tool External APIs or services that agents can exploit @,@,P g@,@,(l"@‘ }‘ ‘!’l;‘, QIS ‘MFI“MFZ“MF}HMFAV ‘MFSHMF@ ‘MF7HMF8HMF9HMF10\ \MFll‘ ‘MFIZ\ \MF13‘ ‘MF14\
Y N
FC2.1 - Coordination Patterns It defines how agents interact with other agents 5@@@/@ ®9P1PI2P1Y. P @1;\ wgmw wP16w wP17w ( 18w ‘MFIHMFZHMF3HMF5HMF@ ‘MF7HMF8HMF MFIOHMFII‘ ‘MF12“MF13‘
FC2 - =
FC2.2 - Communication Mechanism It defines the type of communication at the MAS ./1\ 19‘ [ g ‘/\PIS,‘ @[@‘MFZ‘@[F\& ‘MFSH{/[F\G‘ @[F)T‘MFSH@[FB‘ ‘MFIO\ ‘MFII\ ‘MFlZ\ ‘MFIS\ \MF14‘
level B _/
FC2.3 - Agents—Environment Interface | The specific contexts in which the MAS systems | (82,4, #9.08) @D,\\f' 2 @@w, @& (MFDMED,(MF3), MFS) MF6), (M (VF?) (MES), MF10,ME1) (ME1, (MF13)
are deployed, e.g., Sandbox, Physical, or Text- I - . - 4
based.
FC2.4 - Competency mapping Mapping between agent roles and external tools #3.°4.#7 @@F P15, @18 ‘l(dFl“MFZ“MF3“M;§“MF\6;‘ wMF%&ﬁ-‘%uMﬁ ‘MFIO\ ‘MFll‘ ‘MFIZ‘ ‘MFIE\ ‘MF14‘
. 24,7, @811, P15, P18). MF1)/ \ SHMFG), (ME7) MES) ME) (¥
- . . o Y Y4
FC3.1 - Value-addition modeling KPI-oriented assessment of agents (perfor- 4), ;@ \P@ \\1&\, (I FZ,‘,\MF6HMF7HMF]3‘
FC3 mance, cost, scalability) - v _
——— S~~~
FC3.2 - Feedback Specific functionalities to embody human feed- @@@ @ ‘\PID‘@I;‘ ‘/\Plg‘ ‘iVlF2,u\MF3,‘JMF4,\\MF5\, ‘JleFB,u ‘MFS,‘,‘Q/IFQ/‘
back - “ 4 A AN\ D 4 A A\
= . N\
FC3.3 - Continual evolution It involves the agents’ ability to evolve contin- @ @ @ @ @ ‘(Pl;‘, \MF14>
uously, adapting their parameters, memory, and o
objectives.
FC4.1 - Objective The goal that a single agent aims o achieve .09, 1), @12, @13, 14, P13, @16, #19. @18, ‘MFI‘Q/[FZHMF&@FE‘MFS@[FE‘ ‘MF7HMF8HMF?HMFI()\ MFI/ 1) \l\v\lFlng}/IFl/ 3. \N\IF{w
FC4 W W Y Y VaVYaVve - N 7 N7 N 7 N\
FC4.2 - Perception Ability to sense and interpret the environment P11, 15. P15, (P16), P18), (MF1),MF. \‘,"MF4HMF5HMF6‘ ‘MF7HMF8HMF9HMF10‘ \MFll\ \MF12HMF13‘ ‘MF14\
& &'\
FC4.3 - Action Atomic exeeutions (tool usage. communication) )88, 1. P12, @13, @19, 135, P16, P17 ?1&, wMFle/lewwMstwMF4uMF5,w,\MF6w ‘MF7HMF8HMF9HMFIO\ ‘MFII\ \MF]ZHMFB\ \MF14‘
. = 65 > BR) (@ ’ o o NS
FC4.4 - Role i:h;/)l;l;r specification (objectives, actions, fi- @,@, @@,(1’9 @}D. @}3‘. (P13, @}j‘.‘!’l;
> & m 2 A1) (e fred) 4
FC4.5 - Message Content Pre-defined outputs an agent sends to others @ 15‘, ‘Q’IFIHMFZ‘ ‘MF3HM ‘Q’[FS/‘J\MFG‘ (MF7),(
S Ve N \\
FC5.1 - Remote access Access to agents/tools via services "MF/‘MFZ”IQ/[F}”MFG”I\V[FZ‘ ‘MFS”MFQ“MFIO‘ ‘MFII”MFIZ‘ ‘MF13‘ ‘MF14‘
Fes . I . ) e
FC5.2 - Agent comparison Functionalities to compare agents (off-line or at ‘MF2‘,‘MF3,‘,\MF6,‘,‘MF7‘ \MFIZHMFB‘
runtime) NN
. . . Y
FC5.3 - Benchmarking Re-using benchmark datasets for evaluation ‘MFZ,‘JMF&‘,‘MFS"MFII“MFI}‘
FC5.4 - Discovery Functionalities to elicit Is from an Q{F}MBMF}

available pool
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Behavioral Models (FC4). Each agent has clear objec-
tives (FC4.1): minimize noise (Teacher Agent), max-
imize semantic fidelity (Summarizer Agent), mini-
mize summary-reference gap (Teacher Agent), max-
imize pattern reusability (Prompt Creator Agent).
Roles (FC4.4) are encoded as task-specific prompts with
behavioral constraints and output schemas.

Reusability (FC5). Remote access (FC5.1) via OpenAl
API enables cloud execution. Agent comparison (FC5.2)
manifests as iteration-to-iteration ROUGE tracking. Bench-
marking (FC5.3) uses curated datasets with ground-truth
descriptions.

Beyond its analytical purpose, the taxonomy can act
as a structured knowledge base for automated agent man-
agement. As an illustrative scenario, consider assembling
a multi-agent code review pipeline. An orchestrator agent
could query the taxonomy to discover candidates by Role
(FC4.4), Objective (FC4.1), memory capabilities (FC1.3),
and finally rank agents via Agent Comparison (FC5.2)
and KPI assessment (FC3.1) metadata to select the most
suitable combination. The taxonomy enables suggesting
both agents and frameworks matching a task’s Coordination
Patterns (FC2.1), Communication Mechanisms (FC2.2), and
governance needs such as human-in-the-loop validation
(FC3.2). While a technical report is beyond this paper’s
scope, the taxonomy provides the conceptual foundation
that makes automated discovery, comparison, and selection
feasible, and constitutes one of the envisioned targets of the
MOSAICO platform.°

Our analysis suggests several practical implications for the
engineering of LLM-based multi-agent systems.

> MAS should be treated as engineered software systems,
requiring explicit design decisions and systematic evalua-
tion. Key choices such as agent heterogeneity, coordination
strategies, and memory management are often implicit; the
taxonomy makes them explicit, comparable, and reusable
across applications.

> Monitoring and evaluation remain critical yet under-
supported. Capabilities such as feedback integration and
continual evolution are rarely implemented, making the
robustness of agentic solutions difficult to justify and re-
produce.

> Governance mechanisms introduce a trade-off between
flexibility and controllability. Dynamic coordination in-
creases expressiveness but amplifies dependence on LLM

Shttps://gitlab.eclipse.org/eclipse-research-labs/mosaico-project/
mosaico-repository
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behavior, calling for hybrid approaches that combine flexi-
ble orchestration with explicit supervision.

> The limited support for benchmarking, discovery, and
agent comparison hinders scalability and reuse. Advancing
AgentWare requires shared benchmarks, standardized eval-
uation pipelines, and richer agent metadata to move beyond
isolated, task-specific implementations.

The taxonomy aims at providing an engineering-oriented
view of the emerging AgentWare paradigm. The analysis
confirms that while architectural primitives such as agents,
tools, and memory are now well established, advanced
capabilities related to monitoring, evaluation, and evolution
remain insufficiently supported. Within this context, the
MOSAICO initiative serves as a concrete reference for how
supervision, governance, and orchestration can be elevated
to first-class engineering concerns. This work raises several
open research questions critical to the maturation of LMAS:

> How can LMAS be designed to adapt to evolving SE
practices and technologies over time?

> How can monitoring be systematically integrated into
agentic frameworks to enable reproducible and comparable
evaluations?

> Which governance and coordination mechanisms best
balance flexibility and controllability in multi-agent systems
for SE tasks?

> How can benchmarking, discovery, and reuse of agents
be standardized to support scalable and long-lived agentic
ecosystems?

Addressing these questions is essential to move from
experimental demonstrations toward robust, transparent, and
reusable multi-agent systems that can be reliably adopted in
real-world software engineering workflows. Due to space
limit, our taxonomy does not cover specific qualitative
aspects such as security, cost management, and ethics,
which are considered as future work.
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