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Abstract—Performing high-level, debate-oriented reasoning tasks includes retrieving relevant information, and slotting it into clear arguments and counterarguments.Conventional AI systems usually face problems in having a structured flow of arguments and break down when faced with cold-start conditions in the absence of precedents. To help meet these challenges, we propose an adaptive multi-agent framework that combines the principle of Retrieval-Augmented Generation (RAG) with structured debate and knowledge enrichment over time. Agents are able to dynamically interact whereby arguments and replies are generated by using the evidence as well as with the help of arguements which happened earlier and then the processed case is updated to the knowledge base for long term learning. The efficacy of the framework is demonstrated through a legal case study, where we demonstrate results on sections of Indian Penal Code. In this case the system generates arguments between the adversarial parties,assesses evidence before reaching a final analysis of the case comprising a summary of the facts, law and likely decision.Though tested in the legal domain, the framework could be useful on other domains that require structured rea- soning, such as education, health and policy.
Index Terms—Adaptive Multi-Agent Systems, Retrieval- Augmented Generation (RAG), Knowledge Base Enrichment, Argumentation Frameworks

I. INTRODUCTION
Among the most challenging tasks of AI are the activities that require a lot of knowledge and comprehension. Complex cases include interpretation of raw information and assess- ment of previous knowledge. They also involve evaluation of the evidence and organizing regulated debates of arguments and counterarguments. This process is time intensive and monotonous to professionals in law, education, policy making or business. It frequently requires the study of mass quantities of previous cases, papers, or other supportive resources [2] [3]. Over the last several years, developments in large language models (LLMs) have led to new possibilities of automating aspects of this reasoning process. But existing LLMs are severely limited. They are prone to produce fake information, are not based on particular sources, and are usually inert systems that cannot be easily adaptable to new knowledge of existing case [10] [11].
Retrieval-Augmented Generation (RAG) has become one of the promising methods to address some of these problems. RAG enables models to reference external documents to

inform their responses by combining pretrained LLMs with vector-based retrieval systems and enhances the accuracy of their facts and their relevance to their contexts [19]. But RAG systems continue to struggle with meeting new information or dealing with cases that lack similar precedents. Multi-agent communication has widely been researched in fields such as distributed decision-making and cooperative problem solving
[13] [16]. Systems have been developed in argumentation research that produce claims and counter-claims, commonly to model debates or help with decision-making. The recent approaches like reflective multi-agent theories of legal reason- ing indicate how such approaches could lead to deeper factual foundation and minimize the errors in the arguments produced by them [17].
In general, there has been an improvement in earlier re- search in both retrieval-augmented reasoning and agent-based communication. But, nonetheless, there are some gaps. The current multi-agent systems tend to treat each case separately, which does not give them the capability of continuous learning or self-improvement. Also the existing solutions may be not very effective with regard to the problem of cold-start, when there are no sufficiently similar cases in the knowledge base, and the system is left paralysed without external assistance. To address those issues, this paper introduces an adaptive multi-agent argumentation model that combines RAG-based retrieval with an organized debate system.An Argument and Counter-Argument Agent exchange arguments on a particular issue and the debate produces an analysis package. Notably, the system includes knowledge enrichment loop: every new case summary is incorporated and stored in a vector database, enlarging the knowledge base of the system and enhancing the performance of retrieving it with time. Such a self-enhancing design provides flexibility and robustness, even during cold- start situations. Although regarded as domain-neutral and applicable to various domains, the current paper illustrates the effectiveness of the system in terms of a legal case study, where structured debates are particularly problematic.
II. BACKGROUND AND RELATED WORK
A. Large Language Models (LLMs)
The modern NLP is based on Large Language Models (LLMs). These assist in activities such as summarizing, logical

thinking, and argumentation. These models can be trained on large text datasets. They have however, problems related to the lack of domain knowledge in specialized fields etc.
[7] [10].methods as fine-tuning and prompt engineering have resulted in certain improvements in matching with particular fields, yet argumentation structure remain a problem. These restrictions encourage the development of hybrid approaches that combine LLMs with retrieval and multi-agent inference.
B. Retrieval-Augmented Generation (RAG)
Although LLM is very effective in generating fluent text, it is usually limited by the fact that the training data is fixed. The solution to this issue is Retrieval-Augmented Generation (RAG), which incorporates a retrieval mechanism, which ob- tains pertinent external knowledge when inferring. The model does not rely solely on established parameters, but poses a question to a knowledge base, which typically is stored in a vector database, and considers the acquired information in its generation of responses.Recent studies indicate that RAG can significantly positively affect performance in specialized subjects, particularly those requiring accuracy and detailing [4]. The data in the knowledge source can be based on the user needs. if considering a legal usecase, the knowledge base can have legal cases that could be taken from authenciated sources.This approach has outputs based on verifiable data, which lessens hallucinations and enhances factual reliabil- ity.Recent studies indicate that RAG can significantly posi- tively affect performance in specialized subjects, particularly those requiring accuracy and detailing.
C. Adaptive AI and Self-Improving Systems
Classical AI systems can be considered immobile and only work well within the boundaries of its training data. Adaptive AI aims to solve this problem by enabling systems to evolve by means of continuous learning and self-enhancement. The knowledge base present in such systems is not stable; it grows with the new inputs received by the system, which contributes to the performance improvement with time progression [1] [4]. Recent literature indicates that adaptive systems are particu- larly useful in context sensitive areas of endeavor like law or education where past experiences are significant [1].
D. Agent Communication in Multi-Agent Systems
Multi-agent systems (MAS) are applied in modeling dis- tributed problem-solving, where communication is important. Agents exchange information, bargain and plan. It results in the enhancement of better outcomes [8]. The initial research was on efficiency, investigating the extent of information that could be shared without overwhelming the system [9]. Subsequently, this view was expanded, as it was demonstrated that communication can also be used to persuade, build trust, and arguably, to structure arguments. To illustrate, Stranders demonstrated that decision-making based on arguments creates trust [5]. On the same note, Berna-Koes et al. [9] indicated that it is critical in coordination. Such results tell me that communi- cation is not just technical, it is also about communication and

argument. This is what renders it necessary to have flexible reasoning systems like the ones employed in legal arguments.
E. Argumentation and Debate Frameworks
Argumentation has always been key to AI reasoning. It helps with decision-making and legal analysis. Unlike simple information exchange, it involves building claims, present- ing evidence, and addressing counterclaims, just like human debates. Early work, such as Rissland’s model, showed its importance in areas that rely on justification and precedent [2]. More recent approaches involve argumentation within multi- agent systems, where the agents take on opposing stances to maximise reasoning. The end-to-end debate systems continue to automate the generation of arguments by combining re- trieval and reasoning processes [6]. The end-to-end debate systems also automate the generation of arguments by in- tegrating retrieval and reasoning processes further than the others mentioned above do. These high-order interactions are in reaction to counterarguments which enhances transparency, fairness, and trust. These attributes are more essential in such areas as law.
F. Analysis of Existing Frameworks
The literature surveyed has identified the positive and nega- tive aspects of AI-driven reasoning. The systems that are based on LLM demonstrate high fluency but are not always factual and specialized in a specific area of focus [7] [10]. Enhanced systems based on RAG are better at this, as they make use of external knowledge bases to generate more accurate and context-sensitive outputs [4]. In addition, the adaptive learning strategies show the advantage of improvement with time passing by [1] [4]. The works in multi-agent commu- nication concentrate on organised communication, decision- making process via trust, and efficiency [5] [8] [9]. There are also automated systems of debates which demonstrate how agents are able to generate arguments and counter arguments during structured debates [6]. Nevertheless, the majority of the existing frameworks consider communication, adaptability, and reasoning as independent issues. There is not a lot of work integrating these aspects into a single self-enhancing system. This demonstrates the necessity of a flexible multi-agent model providing the linkage between retrieval, debate and knowledge improvement in various domains.
III. RESEARCH GAP AND PROBLEM DEFINITION
A. Research Gaps in Existing Systems
Although the field of artificial intelligence has made major strides, there are still a number of difficulties when it comes to the application of existing techniques in structured reasoning such as legal arguments. LLMs are effective but they might result in having hallucinations or absence of domain grounding
[7] [10]. Second, RAG structures enhance the factual ground- ing to a degree that relies on outsourcing evidence, but it is based on the quality of the knowledge base.These systems face the problem of stagnation of knowledge without means of con- stantly extending this knowledge. They stop being able to do

anything at a point where the database becomes saturated [4]. Also, the majority of existing systems do not respond to cold start cases. Third, adaptive learning in the context of multi- agent communication has been underdeveloped, even though it has been investigated in e-learning and decision-making settings already [1] [4]. Multi-agent systems have been studied in terms of efficiency, trust and timing of communication, but seldom in terms of adaptability or requiring agents to modify their strategies as time passes by [5] [8] [9]. Lastly, current argumentation models demonstrate that automated debates can exist, but they tend to view the generation of arguments as a uni-directional process. They do not have self-enhancing processes that will help them long term performance.
B. Problem Definition
Considering the gaps found, the key issue is evident: no research framework has been developed to focus on retrieval- enhanced generation, adaptive learning, and structured multi- agent debate.Although each of these areas has been advanced through research in isolation, the systems that currently exist tend to be either retrieval-based or debate-generation-based, with no mechanisms to keep getting better.
It is aimed at developing adaptive multi-agent communica- tion system with the ability to model structured debates. In this arrangement, one agent is putting forward an argument and the other is giving a counter-argument. At the same time, the system advances its knowledge base so that it becomes better every time. This framework must address:
· The hallucination and stagnant knowledge of LLMs,
· the primary and stagnation issues of RAG pipelines
· Unadaptivity in existing multi-agent communication.
Although this paper employs a legal case study to demonstrate the approach, the proposed framework is flexible and applica- ble to other domains such as education, policy debates, and business decision-making.
IV. PROPOSED SYSTEM ARCHITECTURE
A. Overview of the Framework
This section provides an overview of the Framework. The architecture to be proposed is a combination of retrieval, multi- agent debate, momentum analysis and adaptive knowledge storage. A new case commences when the user makes a description of the problem and the material to support the problem. Next, this is followed by retrieving past cases that are relevant with a retrieval-augmented generation (RAG) pipeline. Such an input brings out a debate between two agents: the Argument Agent, that makes claims using evidence or precedents and the Counter-Argument Agent that argues against such claims by using other interpretations. The Debate Momentum and Advantage Model (DMAM) is used to follow the debate. It approximates which party has the upper hand at the moment just like in chess win probability. Lastly, the system generates a systematic output that will contain a case summary, analysis of decision and closing statement. This not only assists the user in being able to reason, but also

contributes to the knowledge base on future cases. Fig 1 shows the entire flowchart of the system
[image: ]
Fig. 1. System pipeline highlighting key modules: Case Intake, Evidence Retrieval, Debate, DMAM, Knowledge Enrichment, and Output Generation.


B. Case Intake, Initialization, and Evidence Retrieval
A new case will start when the user gives a description of the problem with evidence to support it like documents, witness testimonies or legal provisions. As the inputs may consist of structured and unstructured information, a preprocessing pipeline standardizes the inputs with text cleaning, embedding generation, and vector indexing. After the normalization, the input gets through a Retrieval-Augmented Generation (RAG) pipeline. The query is encoded as dense embeddings and compared to a vector database, like Astra DB, to search through the most similar cases that happened in the past. The system will choose the best-k (results that have a similarity greater than some particular similarity threshold) results; when none are located, a synthetic precedent is created, labeled as such, and improved with time.This makes sure that the assistance is provided to the user and the knowledge base is upgraded [15] [19] [23].

C. Multi-Agent Debate Module
The framework is based on a debate module where two agents are involved in the debate and these are the Argument Agent and the Counter-Argument Agent. The Argument Agent moves the claims by evidence or precedents, and the Counter- Argument Agent counters the claims by counterpoints. On every argument A each of the factors is rated like relevance to evidence, novelty, contradiction, etc. The model makes each

factor equal to 0-1. The combination of the two is weighted to produce one score:
Score(A) = wrelRel(A) + wnovNov(A) − wcontrContr(A) (1) where wrel, wnov, wcontr are the weights for each dimension.
D. Debate Momentum and Advantage Model (DMAM)
The DMAM records the changes in persuasive advantage in successive turns; this is like an evaluation bar in chess. To both parties, the points of its arguments add up with time, but newer arguments are weighted disproportionately with a decay factor, λ:
N (t)Σ

Sside(t) =	λt−ti Score(Ai)	(2)
i=1
where t is the turn, ti s the turn of argument Ai, and N (t) is the number of arguments completed. Lastly, the scores are summed up and pruned to probabilities that denote the persuasive edge at every turn of the debate:
 PProsecution(t), PDefense(t), PUndecided(t)  =
Softmax SProsecution(t), SDefense(t)	(3)
Fig 2 demonstrates that the probability changes on a per-turn basis, which, though quantitative, can be interpreted intuitively to understand which side the turn is favoring.
E. Knowledge Enrichment Loop
There is a continuous Knowledge Enrichment Loop that en- hances the system. The summary of the case and the transcript is embedded and stored in the knowledge base after every debate. Metadata like domain, type of source and outcome are also attached to facilitate traceability and reuse in context. The process enables retrieve to be faster and more accurate as well as permitting the system to develop as a non-reactive retriever into an adaptive reasoning agent. The knowledge base becomes over time more enriched in polished predecessences, and reasoning gets stronger in subsequent cases.
F. Output Package
The last step presents an organised output package convert- ing debate into actionable insight. It includes:
1) Case Summary – brief facts and background.
2) Analysis – key arguments and counterarguments.
3) Closing Statement – synthesized conclusion or recom- mendation.
It also combines the results of the Debate Momentum and Advantage Model (DMAM): probability distributions (e.g., Prosecution: 70
V. CASE STUDY: LEGAL DOMAIN APPLICATION
A case study was done to demonstrate the efficacy in the le- gal arena. Law thinking involves transparent arguments, proofs and maneuverability. The study focuses on legal situation but does not confine itself to any one specific area, but the legal situation illustrates how the system can handle complex reasoning tasks.
A. 
Case Description
Under the Indian Penal Code (IPC), a hypothetical murder case was taken in this case study. The system accepts two sections of input, namely, an incident description in natural language and a section of supporting evidence in a descriptive format.
Incident Description : “The accused Deepak stabbed the victim Abhishek with a knife during a quarrel between them in front of my house. This caused the victim to fall at once and was taken to the hospital where the doctors pronounced him dead on arrival. Some of the neighbors who were on the scene of the incident say that they witnessed the whole happening and reported to the police.”
Supporting Evidence : “Three witnesses gave their eyewit- ness accounts of the stabbing. A knife has been located at or close to the scene of the crime and has been sent out to forensic laboratory. A post-mortem report also verified that it was a stab wound to the chest that had caused her to die.”
This format demonstrates what legal experts would instinc- tively give to the system, a mixture of narrative setting along with an outline of the evidence at hand
B. Debate Generation
Once the description of the incident and supportive evidence was given, the system began an organized debate between the Supporting Counsel (prosecution) and the Opposing Counsel (defense). The trial was conducted in four sessions, in which each party presented its arguments, facts and law references and after that, rebuttals. The important exchanges are summa- rized in Table I. The system provided a courtroom-like style of debate as indicated by Table I with the prosecution laying emphasis on evidence and consistency. Meanwhile, the defense was putting the defense to intent and credibility. This was a great simulation of real life legal exchanges
C. Final Analysis and Knowledge Base Enrichment
After a series of discussions, the system generated an integrated analysis and developed its knowledge stock at the same time. The following are the components of the output:
Summary of the Case: Deepak murdered Abhishek in one of their fights in the street. This was backed by eyewitnesses and after-mortem evidence, albeit questions on the credibility of the evidence, the motive and even provocation by the defense. Legal Reasoning: prosecution referred to the IPC 302, with reference to the knowledgeable use of the deadly weapon. The defense relied on the exceptions contained in Section 300 or a possible amendment to Section 304. The system found that the purpose was confirmed by the homogeneous testimonies and forensic evidences, whereas the accusations of the defense
had no evidence.
Final Decision: The system found that the act met with the requirements of Section 302 and suggested a death sentence, but left the judicial review on mitigating factors for the case. Strength of Argument: Prosecution vs. Defense: The system produced a comparative score of strength in order to provide a quantitative measure of the result of the debate: Prosecution:
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Fig. 2. Debate momentum probability over turns. The position of each side is dynamic and evolves with new arguments and counterarguments being presented.

TABLE I
SUMMARY OF SUPPORTING COUNSEL VS. OPPOSING COUNSEL DEBATE ROUNDS

	Round
	Supporting Counsel (Prosecution)
	Opposing Counsel (Defense)

	0
	Frames the case as deliberate murder under Section 302 IPC.
Refers to eyewitness testimony, post-mortem report, and precedent precedent (*Satish @ Sabbe v. State of Maharashtra*).
	Doubt the soundness of eyewitnesses. In stresses the inaccuracy of
perception and memory. Argues that mere presence with a knife is not an indicator of intent.

	1
	Backs corroborates eyewitnesses with forensic evidence, proving
that the stab wound and the weapon fit. Emphasizes the similarity of witnesses.
	Doubts the uniformity and self-sufficiency of witnesses. Increases
the chances of the knife being carried as self-defense.

	2
	The witnessing of several independent testimonies is in support of
each other. Blood on the knife, being a forensic evidence likens the case. It rejects the provocation-statement.
	Emphasizes the fact that there are minor differences in the
testimonies and underlines that there is no confirmed motive. It implies options as a fight.

	3
	Stresses that the disparities are small. The most crucial fact, the
victim was stabbed by defendant, is the same. A fatal blow are confirmed by the post-mortem.
	Demands that the problem of witness bias should be investigated
more thoroughly. It orders psychic review of the accused and claims intent is not proved beyond reasonable doubt

	4
	Protects the witness statement integrity and denies the psychiatric
evaluation to be a matter of guilt. It stipulates that intentional murder has to be proved by forensic and eyewitness evidence
	Contends that there can be collusion or unconscious prejudice
of witnesses. It requires the additional investigation leading to a conviction.




72% ; Defense: 28% . This scale shows that, despite the fact that the defense had workable factors on provocation and reliability, the evidence and points given by the prosecution were far stronger in getting the verdict.
Knowledge Base Enrichment: The framework enhances as the cases go by - one of the most important features of its design. After the debates and analyses are developed, the system integrates transcripts, summaries and conclusions to the knowledge base. This allows the future cases to rely on the past cases. As an example, it stashed factual input, evidence, laws, and structured arguments in the case of a murder in the case study. It made use of the precedent, Satish @ Sabbe v. State of Maharashtra when the credibility of eyewitness was doubted. This enhanced the case taking into consideration the defense problems. This process will make sure that the system does not overlook the previous cases in providing context about new disputes. It enables faster and more informed thinking and over time turns into a useful tool but eventually solves cold-start problems and improves the quality of debates.
VI. RESULTS AND DISCUSSION
A. Experimental Setup and Evaluation
As a test of the suggested framework, we designed a proto- type that used a large language model (LLM) and a retrieval- augmented generation (RAG) pipeline and incorporated a

structured debate module. The LLM was the logic at the heart of it, creating arguments and counterarguments. A database that is vector-based was offered with precedents, statutes and supporting documents so that the debates could be factual. We took the case of a hypothetical murder case under Indian Penal Code (IPC). The case was chosen due to the legal logic that needs to be clear and refer to precedents. The inputs contained a narrative of the incident and evidence, in natural language. The Supporting and Opposing Counsel agents took part in a number of rounds during the test, relying on the retrieved knowledge and information about the case. The transcripts of the debates, outputs and summaries were recordings of ours. The new case was saved in the knowledge enrichment module in the form of a precedent that can be used in the future.
We rated performance in terms of the quality, clarity and legal basis of the debate. The Supporting Counsel relied on testimonies, forensic evidence and precedents, including Satish @ Sabbe v. State of Maharashtra. The Opposing Counsel challenged the credibility of witnesses and their biases under the argument of alternatives under the IPC Section 304. Three strengths were noted in the outputs of the system, namely: factual basis, logical consistency, and the possibility to find the relevant precedents in ambiguous situations. In general, the arguments were court room-like and showed how the framework could be used to organize, adversarial reasoning

in legal and other critical situations.
B. Comparative Insights
The proposed framework is superior to the older AI ap- proaches to law. The traditional rule-based systems of the past [3] did not provide flexibility whereas earlier debate systems [6] [14] could not access external knowledge in real time. The importance of debates in decision-making has been demonstrated in multi-agent studies, where earlier methods were limited by scaling and communication delays issues.
[8] [9]. RAG techniques enhanced grounding of facts, but the majority of them are non-dynamic and unable to adapt post-deployment, [15] [19] With enrichment of knowledge we are able to have a continuous learning and adaptability of our framework In general, it is an integration of multi-agent reasoning and RAG with a solution to their weaknesses which is more flexible and robust.
C. Limitations and Challenges
The framework is limited in a number of ways in spite of its benefits. To start with, the quality of the output is determined by the quality of the underlying LLM. Despite retrieval grounding, LLMs can generate inconsistent reasoning in ambiguous contexts [10] [11]. Second, multi-agent debate is more computationally intensive. Several cycles of argumenta- tion consume more resources than the methods of single agents do [8] [9]. Third, it is still difficult to do with the cases of cold-starts. Although the system is able to generate synthetic precedents, they might not have verifiable foundations. This makes people suspicious in sensitive fields of interest [15] [23]. Last, there is the issue of scalability. The increasing body of knowledge can slack retrieval efficiency, unless the methods of indexing the knowledge have been improved. The challenges demonstrate that future work should lead to increased reliability, efficiency and large scale use.
D. Practical Implications
The advantages of the adaptive multi-agent framework in structured reasoning and decision support are obvious. It can also be used in law to produce summaries of cases, emphasize cases that have been previously decided, and minimize the amount of time it takes to read judgments. This renders analysis more effective and convenient. It is also flexible in other sectors. It may be applied in healthcare to aid in diagnostic reasoning by balancing medical guidelines and clinical evidence. This will help doctors to make evidence based decisions. It may be applied in education to foster individual learning through creating debates that encourage critical thinking, and customizing content to the speed of individual students. In policy making, it is able to model arguments between various perspectives to help governments or other organizations evaluate trade-offs prior to making reforms. The system generates context-specific and critically reviewed outputs by integrating learning and debate. This helps in eliminating the possibilities of one-sided or biased reasoning. Technically, continuous improvement is possible on

the knowledge enrichment cycle. This allows the organizations to develop sustainable AI systems that develop without retrain- ing. On the whole, the framework offers reliable, versatile and user-friendly support in multiple disciplines.
VII. CONCLUSION AND FUTURE WORK
A. Summary of Contributions
This paper introduced a multi-agent architecture, which merges retrieval-augmented generation, guided debate, and lifelong knowledge expansion to assist in solving complex rea- soning problems. It can dynamically interact constituent agent- centered arguments- and counterargument-oriented agents, un- like single-agent or static RAG systems. This results into a more balanced analysis. In order to illustrate its efficiency, it was done in terms of a legal case study under the Indian Penal Code, and the structure of debates, the combination of evidence with the precedents, and the cycle of improvement with the knowledge development.
B. Key Findings
The article suggested that using RAG along with the multi- agent debate improves grounding of fact and argumentative depth. The process of debate requires the agent to clarify their assumptions and eliminate uncertainties which minimizes errors associated with systems where there is only one output. The case study presented as legal illustrates how the system can be used to work on complex reasoning with several interpretations, as in when a human expert is under high stakes. The loop of knowledge enrichment also demonstrated the possibility of long-term development by increasing the knowledge base and adapting to new situations.
C. Future Work
Subsequent improvements involve extension of the scheme to other knowledge-intensive fields such as medicine, educa- tion and policy-making in order to challenge its flexibility. An attached structure of knowledge such as ontologies or legal graphs might enhance the accuracy of the facts and reduce the reliance on generative outputs. Scalability and efficiency will still be sought after; the lightweight models, polished debate strategy and use of distributed computing may cut down on the costs of computation. Finally, ethics and transparency ought to be part of the priorities, and direct communication and human control should be encouraged to develop confidence in sensitive applications.
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