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Abstract

Large language models (LLMs) have revolutionized and have had significant impact on diverse
domains such as healthcare, software development and autonomous systems by enabling natural
language understanding and reasoning. However, single agent architectures limit their potential due
to their non-collaborative nature and the reduced capability to perform complex, multi-disciplinary
tasks which require teamwork, role division and adaptive decision making. To counter these
shortcomings, Multi-Agent Systems (MAS) have been developed into a platform of contemporary
artificial intelligence that allow the autonomous agents to interact, reason and communicate with
dynamic and complex environments. Accompanied by the growth of experimentation and
implementation of LLMs and Generative Al, MAS frameworks have been applied to real-world
applications increasingly. This survey offers an in-depth and comparative study of three innovative
and advanced MAS frameworks; Autogen, Langroid and MetaGPT. It delves into their architectural
design, communication standards, scalability, applicability and their integration into the rising real
world technologies. It presents standard benchmark criteria and performance measures (latency,
throughput and memory utilization) through detailed case studies across diverse application
domains such as e-commerce, medicine and Al-assisted software engineering. Moreover, it
highlights important issues like explainability, security, computational cost and human-in-the-loop
requirement in designing such models. Being a synthesis of theoretical developments and practical
implementation experiences, it provides a systematic decision-making guide and serves as a basis of
further MAS research and development.

Keywords: large language models (LLMs); multi-agent systems (MAS); Autogen; Langroid;
MetaGPT; generative Al; natural language understanding

1. Introduction

In Artificial Intelligence (AI), a branch of computer science, intelligent agents have been
designed to perceive their environment, make relevant decisions, and act accordingly to achieve some
predetermined goals [1]. These agents have demonstrated progressive success not only in robotics
but also in decision support systems. However, due to the increasing complexity of real-world
problems, the drawbacks of single-agent systems have become very evident. A single agent working
alone may often not be able to perform tasks that require distributed reasoning, parallel processing,
or coordination among competing objectives [2].

To overcome such challenges, the researchers introduced the concept of Multi-Agent Systems
(MAS). These systems are a combination of many autonomous agents that interact and work together
to address the problems that cannot be effectively solved by any single agent. MAS has made
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significant progress in artificial intelligence and enables scalable, flexible and resilient solutions to a
wide range of domains. These systems are able to perform more efficiently and responsively to
uncertain environments by integrating multiple and specialized capabilities of individual agents [3].
To simplify their design and development, a number of MAS frameworks have been developed
which provide standard infrastructures, program models and middleware support. These
frameworks help in the modeling and deployment process as they offer reusable elements to
communicate, coordinate and interact with the environment. This accelerates experimentation and
aids in bridging the distance between the theoretical studies and application [4].

Over the past few years, the fast-paced evolution in terms of LLMs has re-established Al,
particularly NLP [5]. LLMs, such as GPT and its successors, exhibit powerful capabilities in
understanding and generating human-like language [6]. Although single models are designed in a
traditional way, multi-agent paradigms are currently being integrated with LLMs as they are
addressing more complex issues of Al It is the integration of LLM capabilities with MAS
architectures that allows state-of-the-art problem solving [7].

The introduction of LLMs enables MAS to chat, negotiate and cooperate on higher ranks, thus
increasing the range of activities that they can manage with very little human intervention. The
problem of scalability and efficiency in MAS structures is extremely topical in connection with the
further expansion of Al applications in various industries. Thus, this paper explores existing issues,
constraints, and technological implementations in MAS models to enhance their development and
implementation in various applications [8].

1.1. Evolution of MAS Frameworks

MAS originated from research in DAl and the extended use of agent-based technologies. In time,
this area evolved into a significant area within computer science focused on the study of autonomous
entities called agents. Early research in the late 1980s and the 1990s was primarily based on rule-
based and heuristic approaches, where agents acted within established logic structures and decision
trees [9]. Even though these early MAS frameworks provided the basics for agent-based modeling,
they suffered from serious problems concerning adaptability and scalability in dynamic,
unpredictable environments limiting their effectiveness in dynamic real-world environments [10].

While MAS research was progressing, NLP also matured from early rule-based systems of the
1950s-60s and statistical models of the 1980s—90s to more sophisticated approaches, such as word
embeddings in the mid-2000s, thus addressing the challenge of more natural interaction between
agent and envoronment. The introduction of RNNLMs in 2010 [11] and Google’s GNMT system in
2016 [12] led to significant improvements with respect to modeling sequences. Significant
advancements in the field were the introduction of Transformer-based architectures, beginning with
models like BERT and GPT-1 [13]. In addition to improving language understanding, these
advancements also enabled agents to communicate, coordinate, and collaborate more effectively,
allowing MAS to transform from simple task-sharing systems into frameworks capable of complex
negotiation, decision-making, and collective problem-solving.

Reinforcement learning with LLM has changed the way industries are being operated, allowing
agents to learn, use experience to adjust their strategies and make superior decisions as they progress
[14]. With the help of RL, it is possible to train agents in virtual settings with the mechanisms of
reward and punishment to optimize their behavior. Recently, advanced LLMs such as GPT-3, GPT-
4, GPT-40, Claude 3, and Gemini 1.5 have further improved the capabilities and communication of
MAS in NLP and other complex areas [15,16].

This trend has motivated the creation of new next-generation MAS systems such as AutoGen
[17], MetaGPT [18], and Langroid [19] that formally use LLMs as intelligent agents. These types of
frameworks permit scalable coordination, effective coordination of tasks, and collaborative processes
in which agents can reason, plan, and act jointly; therefore, they are the latest in MAS literature and
practice implementation.
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Although such developments are made, there are still some important challenges remain. First
but not the least, the majority of the state-of-the-art solutions in this regard fail to offer a clear picture
of their scalability, coordination and integrations with the modern Al technologies because of the
absence of standardized benchmarks, structured comparisons, and universally accepted evaluation
metrics [20]. Futhurmore, related surveys do not thoroughly map these gaps along various
frameworks [2,7,16]. Considering such a constraint, this survey concentrates on the pros and cons of
the newest generation of MAS frameworks such as AutoGen [17], MetaGPT [18], and Langroid [19]
in order to learn about their practical implementation.

This paper will present a summary of the current MAS frameworks and especially highlight
their design principles and their application in different fields. Section 2 outlines the existing
frameworks, their main features, areas of use, and the increasing role of LLMs in the development of
MAS. Section 3 outlines the evaluation methodology, and compares these frameworks. Section 4
discusses case studies that are real world applications. Sections 5 and 6 address domain-specific
applications and provide a summary of the future, including some of the newer technologies
developed, the challenges, and potential opportunities. This article is focused on bridging the gap
between the theory of MAS and its practice through the structured and comparative assessment.

1. Introduction

v

2. Overview of MAS Frameworks

v

3. Comparative Analysis

v

4. Case Study: Real-World Applications

v

5. Decision Guide for Selecting Multi-Agent System
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6. Future Directions
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Figure 1. Layout of the different sections of the survey paper.

Table 1. Table of abbreviations.

Abbreviation Definition

MAS Multiagent Systems

Al Artificial Intelligence

RAG Retrieval-Augmented Generation
IE Information Extraction

NER Named Entity Recognition
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SRL Semantic Role Labelling
KBP Knowledge Base Population
SOP Standard Operating Procedures
MAPF Multi-agent Pathfinding
IoT Internet of Things
XAI Explainable Artificial Intelligence
GDRP General Data Protection Regulation
CCPA California Consumer Privacy Act
HPC High Performance Computing
API Application Programming Interface
REST Representational State Transfer
RL Reinforcement Learning
Deep RL Deep Reinforcement Learning
RNNLM Recurrent Neural Network Language Model
API Application Programming Interface
META Model Exclusive Task Arithmetic
Al Artificial Intelligence
LLM Large Language Model
NLP Natural Language Processing
MLLM Multimodal Large Language Model

2. Overview of MAS Frameworks

Multi-Agent System (MAS) architectures allow organizing a systematic environment in which a
number of intelligent agents may collaborate autonomously to address complex tasks in software
systems [21]. These systems become intelligent in general through the interactions of these agents,
each with its own goals, beliefs and local knowledge [10]. The first MAS systems, created during the
1980s and 1990s, were based on rule-based and symbolic methods. Systems like Jason were based on
the Belief-Desire-Intention (BDI) model, and JADE on the FIPA standards [22-24]. These models had
been tested to work well in stable environments, but lacked scalability and flexibility in real-world
dynamic environments [25]. MAS structures have been changing with time and have resorted to the
use of Large Language Models (LLMs) and machine learning methods. The current systems like
AutoGen, MetaGPT, and Langroid allow the agents to cooperate in natural language, do general
planning and work on unstructured problems without depending on strict rule-based systems. This
has made MAS to become more dynamic, scalable, and simple to expand.

In 2026, there are other new developments that further underscore the shift from research-
oriented prototypes to enterprise-level MAS implementations. New ideas like agentic Al focus on
how to coordinate a number of specialized agents in complex workflows. Simultaneously, novel
frameworks like MASFactory [113] and MASFly [114] include more sophisticated functionalities such
as orchestration through graphs, dynamic adaptation and interaction with humans, enhancing
flexibility and reliability. Moreover, there is a growing focus on governance, scalability, and resilience
of the system, which indicates the rising demand of reliable and production-ready multi-agent
systems [116]. Consequently, contemporary MAS models can coordinate in real-time and can be
effectively deployed to solve sophisticated problems like software development, analyzing supply
chains, and data-driven decision-making [26].

Transformer based

Rule-Based Recurrent Neural Network architectures introduced

GPT-3 AutoG 0.4
NLP models Language Models duced (Bert, GPT-1 utotzen v

released

NLP advance Google's GPT-4, GPT-40, Claude 3, Gemini 1.5

GPT-2
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Figure 2. Evolutionary flowchart illustrating the development of Multi-Agent System (MAS) agents.

2.1. Framework Architectures

System architecture is the backbone of the system; it determines the development process,
provides reliability, and future scalability [27,28]. It is used in Multi-Agent Systems (MAS) to describe
the organization, interaction and execution of agents. MAS architectures are commonly categorized
along with the organizational paradigm, such as centralized and decentralized control. More complex
classifications include the aspects of hierarchy, homogeneity of agents and pattern of communication,
which offer a systematic analysis framework. Some of the common organizational models are
teacher-student, leader-follower, sequential coordination and colony-based systems which provide
various ways of collaborating and distributing tasks.

2.1.1. Centralized and Decentralized Architectures

The main aspect of centralized architecture of MAS is that it is a unit of control which collects
information worldwide and coordinates agent activities. This eases coordination and provides
uniformity but presents constraints like scalability concerns, bottlenecks and single points of failure
[29,30]. The early MAS models and components, such as group chat managers, tend to follow this
model.

The decentralized designs, on the other hand, spread out the control to the autonomous agents
which utilize local information and peer communication [31]. This increases items such as flexibility,
scalability and robustness, however, it complicates coordination and it becomes hard to gain global
consistency [32]. Moreover, other problems that the decentralized learning systems should address
are non-stationarity and communication overhead.

2.1.2. Homogeneous and Heterogeneous Agent Systems

Another type of MAS is by agent similarity. Homogenous systems consist of agents loved by
capabilities making them easy to design, coordinate and manage. Their simplicity has made them a
major subject of study [33]. Conversely, heterogeneous systems are composed of agents with
dissimilar functions as well as specialized capabilities. They are very difficult to design and organize
but can be more effective in case of task specific situations [34,35]. The techniques such as
asynchronous advantage actor-critic (A3C), which facilitate agent-specific learning and adaptation,
support such environments [36].

2.1.3. Hierarchical and Flat Organizational Styles

The framework of MAS organization defines how agents are organized and how the system is
coordinated in order to achieve system objectives. Hierarchical architectures (or holarchies) organize
the agents into layers, where the higher level agents deal with planning and coordination whereas
the lower level deal with implementation. Such a structure simplifies and streamlines scaling and
decision making, but can cause rigidity and cascading failures [37]. Below are the flat (peer to peer)
architectures in which the agents are equalized, and are encouraged to be independent and strong.
However, they are likely to experience problems related to communication overhead and global
coherence. This strategy is normally witnessed in swarm systems or colony systems. Sequential
(series-based) coordination can also be adopted by both hierarchical and flat structures, in which
tasks are handled in a linear, stepwise, assembly-line fashion [37].

2.2. Interaction Mechanism

Interaction mechanisms define the ways agents strategize, exchange information and make
decisions in a MAS. They describe the communication between agents, flow of information, and the
emergence of decisions at the system level. MAS frameworks can accommodate a variety of
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interaction styles, from formal, protocol-based interaction to flexible natural language interaction
[38].

2.2.1. Communication Paradigm

Communication paradigms define how agents share information. In direct communication
(message passing), agents transmit explicit messages in a predefined protocol like Request, Inform,
or Propose [39,40]. It is a transparent approach which is common in decision-making and is achieved
by negotiation, voting, or delegation [41]. They may be traditional protocols, such as FIPA ACL and
KQML, or recent protocols such as Agent-to-Agent (A2A) protocols and group chat systems of
AutoGen [42,43].

In indirect (environment-based) communication, agents communicate by means of a common
environment or memory [44,45]. Actions, e.g., updating a shared task list, are signals to other agents.
It results in more reactive and emergent behavior. Agents notice and react to environmental changes
[46,47]. Common examples include blackboard systems, shared memory models, and MetaGPT’s
document-based workflow.

2.2.2. Interaction Protocol

Interaction protocols establish the meaning and structure of communication. Standardized
protocols employ rigid syntax and semantics, which are based on predefined performatives, to
provide transparent and dependable interactions. These techniques are typical in architectures such
as JADE and communication standards at the enterprise level, and may be based on formal
coordination strategies such as the Contract Net Protocol [24].

On the other hand, the (natural language) protocols of the LLM can be used to communicate
using a flexible and human-friendly language. LLMs have the ability to infer the user’s intent and
contextual information [41]. This allows for AutoGen, CrewAl, and MetaGPT’s style of initiation,
negotiation, delegation and role transition to thrive.

2.2.3. Orchestration Mode

The way the flow of interactions is regulated is called orchestration. The communication is
centralized i.e., the communication is regulated by some coordination which supervises who should
get next. This guarantees an organized performance and convenient conflict management, such as
the AutoGen GroupChatManager or organizing the workflows of MetaGPT tasks [48]. Tasks In
decentralized (peer-to-peer) orchestration agents: there is no interaction with a controller. Any agent
can take the initiative or respond to local knowledge, leading to more adaptive and resilient systems.
However, it is more intricate, and coordination typically relies on broadcast systems or autonomy to
select roles [49,50].

2.3. Knowledge Representation

Knowledge representation is the most essential aspect of MAS that determines the way
information is stored, structured and utilized to reason and collaborate [51]. It can be generally
categorized as implicit, explicit and contextual knowledge. Stored in the internal representation of an
agent’s domain knowledge, world knowledge and reasoning abilities is known as implicit knowledge
[52]. It helps in problem solving, language understanding and/or decision making but is not visible
physically. On the other hand, explicit knowledge is structured and testable; and is represented in
the form of knowledge graphs, ontologies, vector databases or rule-based systems, providing them
with consistency and reliability [53]. Contextual (episodic) knowledge consists of short term
information like the history of messages, task context, intermediate states and provides continuity to
interactions.

It also plays a role in the effective utilization of knowledge organization and sharing. The
semantic organization utilizes the data to formulate the graphs or taxonomies, which are simpler to
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query and understand the relationships. Procedural organization (the output of one worker is the
input for another worker) and role-based organization (definitely assigned knowledge and
responsibility given to agents) are two typologies of workflows. It also guarantees consistent system
uniformity by sharing knowledge which guarantees consistency in the handoffs, relay of messages
and shared memory space.

Lastly, such types of knowledge support us in effective decision making and reasoning. The
agents integrate internal information with outside resources to justify themselves (augmented
reasoning), rely on situations to enhance coherence and structure their actions to serve collective
ends, eradicating redundancy and benefiting system functionality net [55].

3. Recent MAS Frameworks

Multi- Agent system (MAS) systems have significantly made the design, deployment and
management of agent based systems very convenient. The early MAS were typically specific in
problem solving and inter-organizational coordination but large scale deployment was problematic.
To cope with this, scholars presented MAS frameworks, which are organized platforms that offer
standardised communication, inbuilt tools and agent interaction management mechanisms [4].
Recent research also indicates the increasing significance of such systems in facilitating scalable,
coordinated and intelligent agent-based systems, especially in complex application areas, like
software engineering and decision support systems [116].

Initially, these models focused on basic communication and separation of tasks as well as offered
very little flexibility. Still, the innovation of Large Language Models (LLMs) resulted in the present
models that enable more effective collaboration, adaptive behavior as well as the ability to complete
intricate tasks. Similarly, the MAS research has grown beyond the simple communication systems to
smart and scalable systems which can enable real world applications. The subsequent passages
discuss the latest models, representing the same development.

3.1. AutoGen

AutoGen is an open source multi-agent system to build multi-agent apps by generating dialogue
and collaboration using LLMs. It enables both agents, humans and tools, to talk to each other to
complete complex tasks, therefore it is applicable in applications such as automated reasoning [21],
chatbots and virtual assistants [22].

3.1.1. Agent Model

AutoGen is grounded on the concept of conversable agents, which may be used to interact with
users, other agents, and external tools to finish tasks. The agents can be defined in natural language
or in code and this provides the developers with the flexibility of defining their behaviour and
interactions [56]. Its structure maintains a variety of specialist agents, each of which is adapted to a
purpose within the system. Examples would be of an Assistant Agent that communicates with users
and processes their tasks, the Proxy Agent that is used to provide access to the outside world, the
Tool Agent that executes APIs and external tools and the Coordinator Agent that manages distributed
coordination. Human-in-the-Loop Agent is also included to offer the possibility of human
intervention in the situations when human judgment is required. The latest extensions have added
features such as the Safeguard, Writer and Commander agent that bring more capabilities to the
system when it comes to safety monitoring and generation/delegation of content. Its design is both
role based and modular based to improve reusability and flexibility of AutoGen in a wide range of
applications [58].
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Figure 3. Architectural overview of the AutoGen Framework for multi-agent collaboration.

3.1.2. Communication Protocol

AutoGen is an asynchronous and event driven structured, message based communication
model. It enables request response and event-based interactions and allows real-time collaboration.

The agents can take a form of communication through natural language or code and the
structure can take a variety of patterns of coordination including sequential, parallel workflow and
hierarchical workflow. Interlanguage compatibility (e.g.,, Python and .The NET) also promotes
interoperability [56,59,60].

3.1.3. Knowledge Representation

AutoGen architecture allows easy integration into external tools and APIs (Application
Programming Interfaces), allowing agents the access to a multitude of potential knowledge sources,
expanding their knowledge bases. With this integration, agents have access to real-time data and are
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able to perform calculations and communicate with the outside world, all of which significantly
improves the process of problem-solving in many different areas. Queries to databases, calls to
specialized computational engines, and access to up-to-date information via web services can
effectively enable agents to augment their reasoning capabilities with dynamic, domain-specific

knowledge [61].

GroupChatManager

F11

Agent A Agent B Agent C

H

Figure 4. Internal Communication Architecture of AutoGen GroupChat.

3.2. Langroid Framework

Langroid is an open-source system that was designed by the scientists of the University of
Wisconsin-Madison and Carnegie Mellon University. It places importance on modularity,
extensibility and organized multi-agent cooperation [62].

3.2.1. Agent Model

Langroid is framed on an agent architecture that is modular and extensible, where agents
interactively solve tasks in a structured way. The fundamental element is the ChatAgent that
combines a Large Language Model (LLM), external tools and vector stores to carry out task-specific
actions. ChatAgents work together in contrast to isolated agents, where messages are shared and
problems are solved collaboratively. Another prominent characteristic of Langroid is the
DocChatAgent, which is a specialized agent that is used in document-based tasks based on Retrieval-
Augmented Generation (RAG). It is capable of retrieving the appropriate information in external
documents as well as producing context sensitive responses, thus making it suitable for domain-
specific applications.

Langroid considers agents to be first-class; that is, each agent has its own conversational state,
processes incoming messages, and generates responses as an independent entity. Agents act as
message transformers, taking in input, performing reasoning or tool-based operations, and passing
the output to other agents. The design gives flexibility and consistency of the multi-agent workflows.
In order to address the complex interactions, a tasks-based coordination model and Task class is
proposed by Langroid. Agents are assigned with particular roles, goals or instructions in a task. The
framework helps to decompose a problem into smaller sub tasks, which the agents can handle, and
then recursively repeats this process. These interactions get facilitated by using the Task.run()
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function which provides an organized execution with flexibility. In practice, this modular agents-
state-management-hierarchical coordination of tasks combination allows Langroid to scale up, as
well as other knowledge-intensive workflows [63,64] to which it was applied.

Vector DBs
[(LanceDB)J [ Web API J [ Other Tool J

N /

Communication / Messaging
Async message| | Role based Memory
passing routing exchange

N . _ .
Worker Subtasks - -
Tool Agents. - Monitoring Execution a Response Plan
[Agents J | [ allocation ] [ (REzEEriy generation | | refinement

Figure 5. Architectural Overview of Langroid framework.

. Task
Planner
__Agent

Coordinator
Agent

3.2.2. Communication Protocol

Langroid adopts an asynchronous approach, agents are only able to communicate with each
other by exchanging structured messages. Each agent is a message transformer, i.e., it takes in
processes with its internal logic (LLM reasoning, tools, or memory) and gives out an output which
can be sent to other agents. The communication is managed via responder methods, that is, how the
agents respond to various kinds of messages. Such techniques enable the agents to communicate with
other agents as well as with external tools, vector stores, and human inputs. This is an organised but
adaptable system, which makes sure that communication is formalized yet not limiting to rigid
behaviour.

An important element of the communication system created by Langroid is the Task class which
controls the flow of interaction. It keeps communication loops under control, and agents adhere to a
specific sequence, yet making it possible to respond flexibly. In this way, Langroid facilitates multi-
step reasoning, refinement, and problem-solving.
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Figure 6. Langroid communication model showing task-driven interactions among tool-augmented agents.

3.2.3. Knowledge Representation

Knowledge representation in Langroid is memory-based in which the agents are able to store,
recall and recycle information during interactions. Each agent can have a long-term view of its
context, which helps to provide continuity and enable them to act on their decisions.

Integration of the vector databases, such as Qdrant, Chroma, LanceDB, Pinecone and
PostgresDB is one of the key features of such framework. They are long term memories, which will
allow an agent to remember something that is related in some semantic way, but may not be in the
same exact context in which it was learned. This mechanism make sure that the responses obtained
are based on the already stored information and not produced purely out of the parameters of the
LLM itself.

The other important element of the framework is knowledge sharing. Shared memory spaces
allow agents to share information or exchange messages, and in this way, allow collective
intelligence. The agents dynamically adapts quickly as tasks change, and thus, they gain better
performance of the system.

The integration of the tenacious storage, awareness of context, and collaborative sharing of
knowledge offers a solid platform of knowledge management in Langroid to deal with knowledge-
intensive and real world applications [19].

3.3. MetaGPT Framework

MetaGPT is an LLM-based multi-agent system that is directly aimed at automated software
development. Compared to general-purpose MAS frameworks, MetaGPT uses specialized agents,
like product manager, architect, engineer, and QA tester, to mimic structured software development
processes [18]. Encoding Standard Operating Procedures (SOPs) into prompt sequences not only
allows role-based cooperation and complex task execution but also uses the principles of meta-
programming to organize the interaction among agents.

3.3.1. Agent Model
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MetaGPT uses a role-based agent model whereby each agent is designated a particular role in
the software development lifecycle. The Product Manager collects user requirements, project
objectives, and coordinates activities with the goals of business. The Architect decides the overall
system structure and choice of suitable technologies to address the functional and technical
requirements. The Project Manager will deal with scheduling, tracking of resources and milestones
to ensure timely progress. The Engineer transforms requirements into executable code, adding
features and correcting bugs and QA Engineer ensures that the achieved output is the right product
and accomplishes this by performing tests and ensuring the quality of the final product requirement
[65].

This separation of tasks creates a factory-like production process, where the agents are assigned
to parallel aspects of a task in an assembly-line paradigm. The agents are able to specialize in areas
where they are specialized by dividing complex tasks into small tasks that are specific to various
positions that increase efficiency, accuracy and scalability [66]. It is also dynamic and can be changed
as the architecture can accommodate the changes in requirement or feedback without trying to halt
the whole process. Such an organization of roles and the implementation of particular tasks, makes
it possible to guarantee that the framework was capable of studying large and complicated software

projects.
User inputs task (e.qg., build app)
Triggers multi-agent workflow
£-3 Orchestrator / Controller
Parses prompt
Assigns agents
Merges outputs
[Y Product Manager Agent [ 1 [7] Project Manager Agent
» Extracts requirements & Architect Agent & Engineer / QA Agent » _ Schedules tasks
«  \Writes user storie 9 9 9 « Defines dependencies
+ Prepares feature spec - Designs system layout « Writes & tests code = Coordinates agent flow
+ Suggests tools & module . Fixes bugs
« Creates architecture plan « Validates functionalit 1

1 |

& Shared Environment / Tools / Memory

« Stores agent outputs
« Enables collaboration

« Runs code/tools/tests
[

« Complete codebase
. Docs & tests

+ Returned to user

Figure 7. Architectural Overview of MetaGPT Framework.

3.3.2. Communication Protocols
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MetaGPT, which is structured by SOP-based protocols, ensures that the flow of communication
is tightly defined, both in terms of the order and content of the communication, to ensure that the
communication has meaning and maintains consistency. Each agent is running stimuli (prompts) that
govern the way to carry out the tasks, maintain order, and minimize error. The sequential
dependencies are explicitly coded meaning that agents will check the results of the previous tasks
before moving on with their own tasks. Such a mechanism does not only provide accuracy in the
execution but also reduces redundancy and promotes quality production. The communication model
of the framework is similar to an assembly line, in which the agents plan their communication in a
systematic flow, with specialization and joint efficiency. MetaGPT provides a predictable and reliable
communication system by merging structured messaging with built-in verification loops that are
especially effective in software development processes that demand accurate coordination and
quality control [18].

: observe pudlish [T obsenve publish [ obsenve publsh [T~ observe
: User Input g ification Doc Design Doc Code
D user

Product Manager Architect Engineer Quality Assurance
Refinement Feedback B e oot
quest to PM about Design ug I quest

=

Figure 8. Communication model of MetaGPT showing sequential SOP execution with integrated feedback

loops.

3.3.3. Knowledge Representation

In MetaGPT the knowledge is structured based on the role of agents meaning that each agent
can only access the information relevant to the duties of the agent. Agents maintain domain
knowledge and SOPs in forms of retrievable prompts, which are used to reason and perform tasks.
To ensure consistency in context and minimize errors that may occur in the processing of LLM, the
framework uses collaborative validation, where the agents check and verify the output of the other
agents before being incorporated. Continuous feedback loops enable agents to dynamically revise
their knowledge according to new information or corrections and enhance adaptability and accuracy.
The framework also capitalizes on the high-level concepts like the local linearity of LLMs to enable
easy transitions between task representations and task vector orthogonality to ensure that any role is
independent of the other to minimize conflicts and enhance efficiency. Furthermore, learning
multiple tasks and model fusion in a secure manner with data independence while retaining sensitive
data without compromising the performance is possible in the Model Exclusive Task Arithmetic
(META) architecture [67]. The hierarchical knowledge sharing ensures consistency and flexibility of
the agents due to the sequential up-to-date information transfer; each agent has his own
specialization to play his role and allows the interdependency of the different processes [68].

4. Comparative Analysis

In order to distinguish the use cases and practical merits of AutoGen, MetaGPT and Langroid
in multi-agent systems (MAS) in the real world, it is crucial to perform a thorough comparative study
of these three concepts systematically. The area which this section will evaluate the frameworks in
will encompass various categories including ease of use, performance, customization,
communication and scalability. We place the analysis around these criteria to provide a clear point
of reference for analysing their design trade offs and their suitability in alternative applications. This
comparative view not only makes the researcher and practitioners aware of the difference in
architecture between them, but it also will help them to select the best architecture that fits their needs
in some applications.
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4.1. Ease of Use and Real-World Applicability

Multi-Agent Framework is also important for ease of use, in that ease of design, deployment and
adaptation of Agent systems for real-world applications is directly tied. The AutoGen framework is
the simplest to work with hence it is the easiest to use amongst the three frameworks. It also offers
built-in agent creation and interaction management capabilities that can reduce a great deal of
implementation effort, and allows users to use more powerful problem solving, rather than more-
trivial system design.

Langroid, however, not only places a high value on control and flexibility but on more
complexity as well. Where users want a finer-grained control over agent actions and system
customisation, it is more technically demanding to establish agents and administration of
communication. In turn, MetaGPT is an application-oriented product. In structured workflow
environment such as software development or research work, it allows pre-defined agent role to
facilitate the easy set up of the system, and facilitates fast deployment. However, it is not as general-
purpose as more common systems, like Langroid.

From a practical point of view, for projects with a relatively medium-sized agent system, high
automation of tasks, ability to seamlessly integrate with REST APIs and external tools, and
integration with other language models that can be used in the project, AutoGen can be useful. It also
has an event-based communication model that helps carry out the asynchronous execution. Langroid
is written to operate lightweight and in a stable manner meaning it can be used in resource-
constrained environments, such as Internet of Things (IoT) devices and mobile platforms. It can be
used to address natural language tasks in a low-cost manner, by combining it with large language
models and retrieval-augmented generation (RAG) pipelines. In contrast, MetaGPT is geared toward
complex reasoning and decision-making tasks, like medical analysis, monetary organizing, and study
workflows. These typically require a graphics card or cloud resources and work better when there is
a greater need.

Flexibility and adaptiveness is also characteristic of the frameworks. Unlike other tools,
AutoGen supports multiple interaction modes and is easy to integrate language models, human
input, external tools and even human-in-the-loop to provide oversight of other models when
necessary. The module-based extensibility and modularity of Langroid make it easier and more
versatile to integrate it into existing NLP environments such as SpaCy and Hugging Face. The
differences in the performance and efficiency of these frameworks are further illustrated in the main
benchmarks in Table 2. Its ability to work with RAG pipelines renders it especially useful to data-
intensive and multilingual applications. While less flexible, MetaGPT is very well structured in terms
of collaboration, allowing it to work in highly-structured workflows with standardized outputs and
explicit task division.

Table 2. Quantitative Benchmark Comparison of Multi-Agent LLM Frameworks.

Aspect MetaGPT AutoGen Langroid
MATH (level-5),

Benchmark Tasks HumanEval, MBPP, ALFWorld, OptiGuide, ~Not directly reported
SoftwareDev .
NaturalQuestions
Pass@1 (HumanEval) 85.9% Not directly reported  Not directly reported
Pass@1 (MBPP) 87.7% Not directly reported  Not directly reported
69.48% (vs 52.5%
Math Task Success .
(MATH Level-5) Not reported ChatGPT+Code Not directly reported
Interpreter)

77% (best of 3) with 3

ALFWorld Task 1 irectl
orld Task Success Not evaluated agents vs 54% (baseline) Not directly reported
Executability Score 375/4 EZZEXMEDEV Not directly reported ~ Not directly reported
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Execution Time
ilabl irectl
(SoftwareDev) 503 sec Not available Not directly reported
Token Us;ﬁ:)(per code 124.3 Not directly reported = Not directly reported

3-5x fewer interactions
Human Revision Cost  0.83 corrections (avg)  than ChatGPT+Code  Not directly reported

Interpreter
. . +8% (GPT-4) and +35%
Multi- t Coding F1
Hitragent L-odimg Not reported (GPT-3.5) over single-  Not directly reported
(unsafe code)
agent
Supported (via Agent
Dynamic Group Chat Not supported explicitly Built-in support classes + Message
handling)
Tool-back ional tool use; -
Tool Use (e.g., code  Engineer agent executes ool-backed agents OpthI.la too 1567 USer
support code and defined actions or
exec) code . .
function execution external API calls
Supports both Uses message classes
Structured SOPs + shared message structured and &
o and task loops for
Communication pool unstructured L
. . communication
interactions
. Fixed roles (PM, Fully customizable via nghl,y mod}l lar; agents
Custom Agent Design . defined via Python
Architect, etc.) code/natural language classes

Executable feedback Safeguard & interactive Not explicitly defined;

Feedback Mechanism , , users can script response
loop improves results  feedback via agents
loops
Math, Q&A, Retrieval- Summarization, tool-
. Software development
Application Examples Augmented Code, augmented agents,

(end-to-end project dev) Chess, Decision-Making = embedding search

4.2. Performance Metrics

By comparing the three multi-agent frameworks for the next generation with the most relevant
evaluation metrics, we draw some conclusions about their respective advantages and disadvantages.
These were evaluated using 4 metrics: latency, throughput, memory usage and scalability, all of
which capture aspects of performance and resource utilisation. Each metric shows that a framework
is likely to be able to support a complex workflow composed of multiple agents and real-world
deployment scenarios.

4.2.1. Latency

Latency is defined as the delay between when an agent receives an input or task and when it
generates a response. Simply put, it is a measure of responsiveness of an agent in performing tasks
[69]. AutoGen exhibits a higher latency with a larger number of agents, primarily because of
communication overhead (2 agents = 5-8 seconds, 4 agents = 22-25 seconds). MetaGPT lacks publicly
available benchmark results, but it has an advantage of its role-based execution model that can lower
the response time by splitting subtasks, although the performance remains dependent on the
complexity of the task. Langroid also lacks formal latency reports, but the caching techniques (e.g.,
Redis, Momento) and RAG pipelines indicate that it can be more effective in text-intensive work. The
performance is highly dependent on the particular environment [70].

4.2.2. Throughput
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In MAS, throughput refers to the rate at which messages are processed or agents finish their jobs
in a given time frame. It is a measure of the overall capacity and efficiency of the system to work.
Increased throughput will mean enhanced performance and speed of tasks within the agents. The
throughput of AutoGen decreases with the number of agents because the coordination overhead can
cause an execution bottleneck. The throughput of MetaGPT can be influenced by the task
decomposition and inter-agent coordination complexity, which can impact the performance in large-
scale applications. Although it does not have quantitative data, Langroid is expected to work well in
workflows that require a lot of retrieval due to its compatibility with other tools such as LangChain,
but its efficiency is dependent on the task and the available resources [71].

4.2.3. Memory Usage

The memory usage in a MAS platform is an indication of the size of the underlying language
models and the complexity of interaction amongst the agents. High memory demands limit
scalability and hinder deployment in environments with limited resources.

AutoGen uses caching and error-handling agents that are based on the use of LLM. This may
create moderate- high memory consumption with an increase in the number of agents. MetaGPT
minimizes the number of unnecessary computations by encoding workflows into prompt sequences
and SOPs, yet its hierarchical architecture makes the memory usage grow exponentially with the
complexity of tasks [7]. To reduce reliance on internal memory, Langroid employs RAG pipelines
and caching, like Redis and Momento, to enhance efficiency, but quantitative benchmarks are not
available [72].

4.2.4. Scalability

Scalability demonstrates the ability of the framework to deal with the number of increasing
agents and the complexity of tasks. It informs whether a system can scale out of small-scale
prototypes to large and production-level deployments. Scalable frameworks are more generally
applicable in fields, whereas poorly scalable frameworks can only be used in high-demand contexts.
AutoGen demonstrates a high scalability to the workload in the scenario of dynamically changing
multi-agent tasks but the latency also increases with the number of agents and makes it better adapted
to moderate than strict real-time systems. MetaGPT is a scalable system that is based on role
specialization and organised cooperation, which is effective in well-structured workflows, including
software development. Nevertheless, when dealing with large projects, that is, a great number of
agents, the computational overhead may take place. Langroid can be used with multi-agent
configurations and is practical to NLP tasks based on retrieval, but its behavior with high-concurrent
conditions has not been evaluated methodically so far.

Altogether, latency and throughput show the trade-offs between responsiveness and task-
handling capacity, memory usage and scalability demonstrate the efficiency and scalability of each
framework. AutoGen is moderately-scaled, Langroid is lightweight, and MetaGPT is moderately
scaled and supports structured reasoning at the cost of higher computational demands. Combined,
these measures give one a comprehensive perspective of the advantages and weaknesses of next-
generation MAS frameworks [73].

4.3. Customization Capabilities

One of the essential considerations when analyzing multi-agent frameworks is customization,
which defines the extent to which systems can be customized to tackle different tasks and workflows.
AutoGen is highly flexible with its Conversable Agents, which lets developers change the behavior
of its agents, add new external APIs, and create their own decision-making approaches. Its
hierarchical and parallel conversation flows support allow it to effectively manage group interactions
and nested subtasks without affecting the underlying system logic [74]. Also, AutoGen Studio is a
low-code environment that allows users to design and execute workflows, with drag-and-drop user
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interfaces and real-time debugging tools, dramatically reducing the barrier for non-technical users.
Its effectiveness is also supported by empirical studies which show a decrease in code complexity in
scenarios where there are multiple agents in the automation [57].

MetaGPT, however, adheres to a more structured and systematic approach to customization,
emphasizing the importance of roles. Agents are configured to work based on established standard
operating procedures (SOPs), with users assigning roles like product manager, engineer or reviewer,
in reflection of real life processes. The framework also calls for “feedback loops” which will allow the
agents to test and adjust their outputs to help make them more reliable and consistent. In its publish
subscribe way of communicating it guarantees agents only listen to relevant information, thus
improving the efficiency of coordination. The formalized customization makes MetaGPT particularly
versatile in a group context, in which roles can be specialized and feedback is crucial [75].

Again, customization, which is based on modules and communication, is emphasized by
Langroid. The agents perform sequential transformers in a structured messaging passing system,
where an agent will process information successively and refine it. It has a narrow task distribution
system to ensure that the information is transferred to appropriate agents, optimizing the processing
and coordination efficiency while avoiding unnecessary overhead in communication. Furthermore,
Langroid makes a retrieval augmented generation (RAG) part of their working process and brings
into their text the “real” information and enriches it with greater factual accuracy. It can open up
access to create the knowledge dynamically, and is incorporated completely with APIs, databases
and so on things, that means it can create the actual and context-aware agent interface with the
knowledge.

4.4. Communication Mechanisms

Communication mechanisms play crucial roles in systems that involve multiple agents to
coordinate and get tasks done; the efficacy with which they do this; and their effectiveness. The
structured and conversation driven architecture of AutoGen relies on a structured and predefined
web of interactions between the agents that guides their behavior, rather than an open conversation.
The main part of this design could be GroupChatManager, which controls the turn taking between
the agents, the routing of messages between agents, and the shared context between the agents. Such
coordinated co-operation enables AutoGen to deal with complex, multi-step arguments, as well as
consistency during dealings [56]. In addition, external tools are also integrated in the communication
channel itself and can be executed by the agent in the middle of the interaction to call functions. This
feature will improve the trustworthiness and reduce the rate of error when performing tasks [69].

The communication between the operators of the project happens in a communicate based on
the “hierarchy” which is based on the project’s Step-by-Step procedure (Standard Operating
Procedure, SOP). It is also implemented with a publish-subscribe messaging system, in which each
agent will be notified only of relevant information that is just pertinent to its task based on its role
assigned, thus minimizing redundancy and consequently context drift when collaborating with other
agents [18]. Furthermore, MetaGPT has an iteration-verification system, which means that task-
specific agents will continually adjust and optimize the output before presentation to the end user.
The same quality control for the workflow, and increased credibility of the results, with this
hierarchical validation approach.

Instead, Langroid uses a message-passing approach which uses a hierarchy that treats the agents
as sequential transformers in which the information at each step is enriched. Its mechanism of task
delegation makes sure that communication is limited to those agents who are directly involved in a
particular subtask, enhancing efficiency of coordination and minimizing unnecessary overheads [19].
Langroid also facilitates better communication using retrieval-augmented generation (RAG) such
that the agents answer using the knowledge sources. This, along with real-time API and database
integration, allows agents to utilize real-time contextually informative data, providing that
framework particular worth in the applications where the informational nature is vital.
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4.5. Agent Programming Paradigms

Agent programming paradigms lay the foundation for the design of agents, the communication
between agents and how the tasks are run in a multi-agent system. There are other recent advances
such as AutoGen, MetaGPT and Langroid, which point towards other but related paths in this
research area. This is a hybrid of the reactive and deliberative programming models used by agents
that can react to environmental inputs dynamically, and plan in a structured, goal-directed way. One
such trait is it's conversation-based computation model: auto agents communicate with each other
rather than the more typical call to function, and dialogue serves as the primary means of
coordinating and executing [69].

In contrast to this, MetaGPT follows a role-based approach with greatly defined roles, such as
Product Manager, Architect, Engineer and QA. This approach is useful for structuring tasks,
decomposing them step by step, performing them as coordinated chains and assessing the results by
applying systematic output and continuous improvement while observing the tasks in a structured
manner by SOPs. Furthermore, MetaGPT provides the ability to plug in an abundance of models
associated with task vectors and does not require a lot of fine-tuning while retaining performance [5].

Langroid, however, is an application that emphasizes modular collaboration based on message.
Each agent consists of a language model, external tools and a vector store, and has their very own
conversation state. Architecture facilitates a hierarchy of delegation of tasks, with agents breaking
down the composition of intricate tasks into smaller, more manageable subtasks, which can again be
broken down and delegated. Communication is based on actors and it is loose coupling and scalable
coordination among actors [52].

For all these paradigms, trade-offs in employing the design are highlighted: The structured and
role-driven execution of the design is emphasized in the paradigm of AutoGen, vs. modular and
scalable design of collaboration, emphasized in the paradigm of Langroid, and the paradigm of
MetaGPT emphasizes the flexible and adaptive interaction of the design.

4.6. Limitations

Besides performance and functionality, there’s the infrastructure requirement and
implementation costs of multi-agent framework. A summary of the comparative is provided below.
Although they are potentially useful, each one has its own strength and weakness to preclude its
abundant use. AutoGen has the same bias issues as its underlying foundation models, which poses
questions about fairness and neutrality in domains such as healthcare, hiring, and legal decision-
making. Its sealed decision-making process also limits interpretability, as the multi-agent cooperation
hinders the tracking of output production. Another main issue is of security vulnerabilities, AutoGen
agents have the capability of executing external code and are subject to prompt injection attacks, so
it needs security measures such as sandboxing and rigid validation. In addition, its multi-agent
structure introduces computational costs, and it is hard to deploy at large scale, in real-time
environments, and it requires human supervision since results can be unclear or non-optimal.

In spite of the fact that it is methodical in its role-based architecture, MetaGPT has some
limitations. It excludes the chances of cumulative learning in tasks by conducting projects in isolation.
It is based on agreed-upon SOPs, which makes it consistent. But it constrains flexibility in
unforeseeable, or dynamically changing, circumstances. Combinations of many professional agents
also need lots of computing capabilities, and their large-scale deployment is expensive. Moreover, its
communication protocols are relatively complicated and thus, it is harder to maintain the high level
of information exchange and efficiency loss in the process can negatively affect the overall
performance of the system.

The modular and lightweight architecture of Langroid has its own difficulties. Similar to any
other system based on LLMs, there is a constraint on the context length of the input, which limits the
quantity of information that can be handled during a single interaction. Its outputs are also prone to
being brittle since even minor changes in the phrasing of input can yield uneven results, requiring
proper handling of input and validation. In turn, latency and token cost are some pragmatic concerns:
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the longer and more complicated the interaction, the more likely it is to take up more time (and,
subsequently, more cost) will have to be factor to developers when designing. Although Langroid is
more efficient in using computational resources than AutoGen and MetaGPT, the heavy dependence
on external LLM APIs and tools makes the technology’s accessibility limits its scalability both in terms
of costs and efficiency.

Table 3. Cost and Infrastructure Comparison of Multi-Agent LLM Frameworks.

Framework Frar-nework LLM/API Cost Per-run Example Infrastructure
License Cost Compute

Local runtime for
Pay per APIcall  ~$1.50/session (4  testing; supports
(e.g., GPT-4) agents, 20 turns) scalable, cloud-
based deployment.
Moderate compute
for multi-agent

AutoGen Open-source (MIT)

$0.20 (simple task)—

MetaGPT Open-source (MIT) Pay per API call $2 (full project)

tasks
Lightweigh
B
Langroid Open-source (MIT) tools/vector store Not documented yet ; ’
usage compute increases

with tool use.

5. Case Study: Real-Time Applications of MAS Frameworks

In the real world, MAS has proven to be a valuable paradigm to solve complex, distributed
problems in a variety of domains. By enabling multiple intelligent agents to communicate, cooperate,
specialize and collaborate, they address several challenges such as enhancing efficiency of systems
and enhancing decisions making and its flexibility. This section investigates the various principal
domains in which MAS is used, highlighting the improvement of performance, scalability and
problem solving in dynamic environments made possible by the collaboration of agents in these
environments.

5.1. Industrial Automation and Smart Operations

There is a growing use of MAS within industrial automation to deal with the complex and
dynamic workflows of logistics, inventory control and resource allocation. These systems are able to
distribute the tasks among specialized agents, so that they coordinate real-time and make good
decisions in the large-scale operational environment. Li et al. (2024) examined how AutoGen is
applicable in industrial E-commerce to automate warehouses. Their solution used several agents with
different functions, such as monitoring the inventory, restocking coordination and workforce
planning. This role-based interaction that occurred as a collaboration increased the responsiveness of
the system and operational efficiency since it enabled continuous interaction of agents.

Some of the challenges that were successfully managed by the system were real-time inventory
management, labor management and robot coordination. The results of the experiments were high
workflow efficiency and reduced operating delay. However, several weaknesses were identified such
as the synchronization issues in the distributed agents, issues of high workload, scalability
limitations, fault tolerance challenges and system integration issues. These results point to the
possibilities of MAS to change the way the industrial activities are performed and underline the
importance of strong coordination systems and safe integration with enterprise systems.
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Figure 9. AutoGen Multi-Agent Workflow for Retail Operations.

5.2. Software Engineering and Project Management

MAS have boosted software engineering through the advancement of automation, collaboration,
and scalability throughout the entire software development lifecycle [76,78]. These systems allow the
autonomous division of tasks, collaborative verification, and dynamic distribution of roles, which
leads to greater reliability in large-scale and complex projects [79].

Numerous software development frameworks based on MAS are constructed upon MetaGPT,
an Al-inspired model of engineering teams to organize activities like planning a project, writing a
program, and testing quality assurance [68,80,81]. Translating Standard Operating Procedures (SOPs)
into executable processes, MetaGPT programs organize workflows through specialized roles, such as
product manager, software engineer, quality assurance engineer, and system architect [82].

Experimental research also shows that MetaGPT generates better, well-structured, and
executable code that requires fewer human edits than the previous systems like ChatDev. This is
mainly because it has iterative feedback mechanisms that ensure that the quality of the code and the
consistency of the overall development process is boosted [80,83].

Although these benefits exist, there are several drawbacks. The system encounters difficulties in
the ability to keep up with the ever-changing and dynamic technologies, changing project
requirements, and multi-language development environments [84].
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Figure 10. AI-Development team workflow.

5.3. Healthcare and Biomedical Applications

MAS has become increasingly significant and relevant in the field of biomedicine and healthcare,
through facilitating intelligent and collaborative decision-making [85]. They have been recently used
in disease diagnostics, medical image processing, treatment planning, and patient monitoring [86].
The MAS improves diagnostic accuracy, clinic workflow efficiency and provides responsiveness in
real-time by coordinating specialized agents for diagnosis, analysis, and monitoring [87]. Combined
with deep learning and IoT technologies, MAS also facilitates adaptive and data-intensive healthcare
to offer personalized and ongoing patient attention.

One notable example is MALADE (Multi-agent LLM Architecture in Drug Event Extraction)
deployed on the Langroid platform by Choi et al. (2024) [77]. MALADE is the solution to the
weaknesses of the conventional adverse drug event (ADE) extraction systems that are commonly
time-consuming, labor-intensive, and subject to human error. Task decomposition and medical
reliability are lacking in the case of single-model LLMs [87,88]. The system uses three integrated
agent-critic pairs to systematically determine the drugs, gather supporting evidence and synthesize
the risks involved.

Trained on OMOP (Observational Medical Outcomes Partnership) Ground Truth, MALADE can
reach an AUC of 0.85 with GPT-4 Turbo, and 0.90 with GPT-40, surpassing the current baseline
models. Although these are positive outcomes, coordination of agents, managing dependencies, and
integration with external tools still poses a challenge, limiting the implementation of MAS on a large
scale in pharmacovigilance systems.
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Figure 11. MALADE implementation.

5.4. Finance and Business Intelligence

Multi-agent Systems (MAS) have been widely used in the business intelligence environment,
financial fields to do business activities like automated trading, risk management, fraud detection
and market forecasting [89-91]. These applications are based on several agents working together to
track real-time data streams, make autonomous investment decisions, and react dynamically to
changes in market conditions [92,93]. Combining negotiation, reasoning, and learning capabilities,
MAS improves the accuracy of the decisions, optimizes the portfolio performance, and increases the
resilience of the systems in volatile environments [94].

Li et al. (2024) illustrated application of the AutoGen framework in an e-commerce environment
of manufacturing to optimize the management of warehouses as well as financial decision making
[95]. The Domain specific agents were implemented for monitoring inventory, scheduling stock
replenishment, etc, and enabled modular and cooperative execution of tasks in the dynamic
workflows. It paid off, in terms of the increase in inventory turnover, the reduction in cost of holding
and shipping and total elimination of time poor salesmen have to spend on inventory calls, and
overall savings of 21% in the total operating cost. Despite these successes, there are challenges that
have been identified such as state synchronization between the distributed agents, computational
scale and fault tolerance. Other limitations were integration with enterprise systems and data security
issues.

In the same spirit, Quan and Liu (2024) presented InvAgent, an inventory management system
that uses a multi-agent framework (AutoGen framework) [96]. InvAgent uses AutoGen
conversational architecture to use user and stage specific agents using structured communication
without pre-training. Zero-shot learning enables the system to dynamically update its estimates as
the demand and supply conditions change whilst still providing transparent and explainable
reasoning. Such a design is an example of the adaptability of MAS systems such as AutoGen; it has
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been shown to be useful not just in conversational Al, but also in decision-making and supply chain
optimization in the real world, which is adaptive.

5.5. Education and Knowledge Management

It is common in education to apply MAS to build intelligent tutoring systems, adaptive learning
platforms, and collaborative e-learning environments [97]. The role of the agents in these systems is
as tutors, learners and evaluators, which adapt dynamically to the performance of the students by
changing instructional material in real-time and altering teaching plans according to the performance
of the students [98,99]. MAS supports distributed knowledge sharing, structuring of content and
collaborative learning in knowledge management by enabling coordinated interactions among
agents [100,101]. These systems have been proved to improve critical thinking, problem-solving
abilities, and students’ understanding of concepts from multiple perspectives, which surpasses the
traditional approach to education [102]. Moreover, by incorporating Al-based MAS in conventional
teaching settings, students are better equipped to face challenging professional issues like in other
areas, such as law [103].

Dokku et al. (2024) proposed an adaptive learning prototype based on multiple GPT-40-based
agents connected to each other through the AutoGen framework [99]. All the agents had a particular
specialty in adaptive learning and could interact in one of the three modes: unconstrained, semi-
constrained and fully constrained. The researchers discovered that completely constrained
communication enhanced predictability of tasks and sequencing of instructions and constrained the
possibility of responding to various inputs of learners. On the other hand, less restrictive
communication made it more flexible but even led to some confusion about the role of the agents.
These results have indicated the prospect of MAS coordination in facilitating individualized,
knowledge based learning and adaptive teaching models in the contemporary school setting.

5.6. Human-AI Collaboration and Conversational Systems

Multi-Agent System (MAS) platforms are central to facilitating the human-AlI collaboration in
providing solutions to problems through natural language communication, where each agent is
assigned clearly defined roles [104,105]. AutoGen and Langroid are examples of frameworks that
support conversational agents’ plan, reason, and coordination across specialized tasks to accomplish
complex and abstract goals [106]. These systems increase productivity by combining autonomous
agent intelligence with human direction in areas like customer service, interactive planning, content
generation, scene understanding and multi-turn reasoning [107-111].

The most recent example is ChatMotion (Li et al., 2025), a multimodal MAS architecture that can
facilitate human-Al interaction in resolving the motion understanding tasks [112]. Unlike
conventional instruction-based methods that are used in multimodal LLMs, ChatMotion may enable
dynamic and interactive communication between the agents and allow them to break down a
complex query and dynamically plan specialized modules to interpret motion. This architecture is
more flexible, has situational awareness and user interactivity and it shows promising signs of how
MAS architectures can facilitate more natural, intelligent and effective human-Al interactions.

6. Decision Guide for Selecting Multi-Agent System
6.1. Evaluation Criteria

One of the largest decisions is the choice of the proper MAS framework that influences the
aspects of scalability, efficiency, and adaptability. The MAS frameworks enable the intelligent agents
to cooperate, automate their functions and make autonomous decisions. It is these capabilities that
make MAS frameworks important in solving most complex problems. At the same time, a less than
optimal option may create bottlenecks in performance, integration difficulties and inefficiencies in
workflow.
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In this part, we look at the AutoGen, Langroid and MetaGPT which are among the most popular
MAS frameworks, to evaluate their suitability in the context of different applications. This will be
compared based on some of our significant considerations which include complexity of the tasks to
be performed, real time processing, domain specific tailoring, flexibility of integration and the extent
of human interaction that is needed. In this way, the developers and the researchers will be able to
make more informed decisions regarding their technical and operational requirements considering
the weaknesses and strengths of each framework.

6.2. Framework Recommendations

Analysis of next-generation MAS frameworks suggests that every framework is optimal in
specific application situations. AutoGen is effective in those environments that need tool integration,
external API connectivity, and interactive workflows that involve human and agent involvement. It
works well particularly with automating tasks, debugging, and creating cross-language systems,
specifically in cases where asynchronous communication and detailed logging of activities are
required. Langroid works well in natural language processing and in tasks that require a lot of
knowledge, like chatbots, document analysis, and retrieval-augmented generation systems. The
design is lightweight and efficient, giving it an opportunity to be integrated into distributed
environments such as IoT and mobile platforms and to support the usage of vector databases and
graph-based knowledge structures. MetaGPT is most suitable in applications where there are
coordinated, multi-stage workflows, and high-level reasoning, which utilizes role specialization and
task decomposition to solve highly-structured projects in the fields of software engineering, research-
based problem solving, healthcare systems, and strategic planning. The fact that it yields consistent
and standardized outputs also renders it useful especially when it comes to high-stakes situations
that are critical to decision-making. Altogether, AutoGen would best fit flexible automation and
integration, Langroid is better suited to applications that require light NLP-driven processing, and
MetaGPT would be ideal in terms of structured collaboration at scale. A flowchart of these
recommendations is given in Figure 12 to be used practically.
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Table 4. Framework Selection Criteria for MAS.

Feature AutoGen Langroid MetaGPT
ChatGPT-like
Use Cases conversational agents,
research workflows,

NLP-focused multi-agent Complex reasoning and
collaboration structured workflows

inventory systems
Efficient for text-based

Optimized for large-
applications, can be used primizec fot farge

Appropriate for small to

Scalability medium sized projects . . scale multi-agent
in resource constrained
(<100 agents) . workflows
environments
Strong API support,
integrates with external ~Seamless integration with .

Integration & tools (e.g., REST, NLP frameworks like . Requires GPU/CIO}ld
e . infrastructure for high-

Extensibility OpenTelemetry) SpaCy and Hugging Face erformance computin
(Jin et al., 2025) . and RAG pipelines. P putng
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7. Future Directions

The future of MAS frameworks depends on advances in the field of Al, computer infrastructure,
and human-machine interaction. While applications of MAS are growing in terms of their scale and
complexity, a new direction in research is necessary for addressing not only future challenges but
also for further improvements of their performance.

Some of the future research areas involve the integration of Large Language Models into MAS,
enabling agents to reason, decide, and coordinate in natural language. Future research should be
directed toward allowing communication whereby agents are able to understand context, negotiate,
and cooperate with efficiency. Other uses are real-time learning from feedback and improving the
efficiency of inferences by using various techniques including pruning, retrieval-augmented
generation, and model distillation. Such novel approaches can reduce computational costs while
retaining performance.

Another important area of consideration is the expansion of MAS to operate in resource-
constrained environments, including the IoT and edge computing. In this context, lightweight
decentralized agent frameworks that can be executed on low-capacity devices should be developed.
Energy-constrained designs for battery-powered systems and secure designs that maintain user
privacy using decentralized decision-making and federated learning must also be explored.

Similarly, human-AlI collaboration will lie at the core in the future of MAS infrastructures. Future
development should focus on higher explainability and transparency for user trust and
understanding of agents’ behavior. It will also have to investigate multimodal communication by
way of speech, gestures, and augmented reality toward natural and intuitive interaction. Moreover,
the area of mixed-initiative systems, where control can shift between humans and Al flexibly with
each situation, also needs development. Long-term improvement will finally rely on the development
of strong benchmarks and test metrics. Common metrics should be developed that quantify
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scalability, responsiveness, and latency across platforms. Domain-specific benchmarks in areas such
as robotics, medicine, and finance can be further employed to quantify real-world performance.

Open datasets and mass-scale simulations will allow for honest comparisons and drive
innovations. These areas of research together underpin the development of scalable, efficient, secure,
and human-centered MAS frameworks with the capability to solve real-world problems in Al and
distributed systems.

8. Conclusions

This survey examined recent trends in next-generation MAS systems, including Langroid,
AutoGen, and MetaGPT. All these frameworks are significant milestones towards the achievement
of successful collaboration between agents that are driven by the use of the LLM, human input, and
external tools. We demonstrated through their features, their respective strengths and weaknesses
that these frameworks vary in the design objectives and in real-world applications.

In our comparison, we pointed out that the three frameworks are all oriented at making the
deployment and coordination of MAS simpler, but are of different nature. To illustrate, AutoGen
works well when used to develop conversational software or software that must be powered through
reasoning; Langroid can be extremely flexible when it comes to designing and developing modular
and customizable MAS designs; and MetaGPT is highly competent with respect to offering structured
collaboration for complex task domains.

According to these results, we can suggest a choice of a framework based on an exact set of
requirements of the application. In the case of chatbots where virtual assistants and tasks involving
dialogues are required, one can apply AutoGen. In situations where the adaptability and modularity
are at risk, Langroid can be used. MetaGPT will be used in large-scale collaborative tasks that have
the task decomposition and roles assignment as the biggest issues.

Overall, the next generation MAS frameworks are making the multi-agent collaboration more
realistic, scalable, and flexible in addressing real-world problems. Among other things, as the
research progresses, we can look forward to the additional development into frameworks
encompassing more advanced reasoning and efficient computation, as well as human-Al
collaboration to open new possibilities for intelligent systems.
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