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Abstract

Legal reasoning requires not only accuracy but also verifiable, contestable justification.
Existing LLM methods, such as Chain-of-Thought (CoT) and Retrieval-Augmented Gen-
eration (RAG), often produce unstructured explanations that lack formal verification or
user intervention. We propose Adaptive Collaboration of Argumentative LLMs (ACAL),
a neuro-symbolic framework that combines multi-agent collaboration with an Arena-
based Quantitative Bipolar Argumentation Framework (A-QBAF). ACAL constructs
and resolves arguments adaptively, escalates uncertain cases, and supports Human-in-
the-Loop (HITL) contestability by allowing users to inspect and modify the reasoning
graph. Experiments on LegalBench show that ACAL outperforms strong baselines while
improving transparency and contestability.l.
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1. Introduction and Related Work

Legal reasoning applies legal rules and principles to case facts to reach justified outcomes,
requiring issue identification, legal retrieval, statutory or precedential interpretation, and
persuasive argumentation [1-3]. Recent LLM-based methods have shown strong potential
in these tasks, especially when augmented with domain knowledge, legal-specific prompting,
or structured reasoning strategies [4, 5]. Retrieval-augmented generation (RAG) improves
factual grounding by linking model outputs to legal sources such as statutes, case law, and
regulatory texts [6, 7], while chain-of-thought (CoT) prompting elicits stepwise reasoning
and has inspired law-specific variants for more robust legal analysis [4, 5]. Multi-agent
frameworks further extend this direction by simulating adversarial or collaborative legal
discourse, where agents critique and refine one another’s arguments to improve robustness
and decision quality [8-11].

Despite these advances, current approaches remain limited in transparency and contesta-
bility. Prompting-based methods, including CoT and few-shot prompting, often generate
free-form explanations that are difficult to verify or systematically challenge [4, 12]. RAG
strengthens factual support, but its final decision logic often remains implicit [6]. Multi-
agent debate (MAD) introduces diverse perspectives, yet debate transcripts do not provide
a formally contestable reasoning structure, and performance gains can be inconsistent across
tasks [8, 13]|. Prior studies also report that frontier models may produce invalid arguments
or irrelevant citations in complex legal settings, raising concerns about trust, fairness, and
accountability [7, 14]. At the same time, growing regulatory emphasis on transparency and
recourse increases the need for systems whose reasoning can be inspected and disputed [15].

Related work on explainable and contestable legal Al has begun to address this gap.
Some systems provide citations or structured reasoning traces for post-hoc inspection [16],
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Figure 1. Our proposed Adaptive Collaboration of Argumentative LLMs.

while others use formal argumentation schemes to represent competing legal claims more ex-
plicitly [16]. Neuro-symbolic approaches also show promise for connecting natural language
reasoning with symbolic legal structures [13]. However, these methods typically produce
static artifacts for inspection rather than a dynamic framework that quantitatively weighs
conflicting arguments and formally propagates user interventions to the final judgment.

To address these limitations, we propose Adaptive Collaboration of Argumentative LLMs
(ACAL), a structured neuro-symbolic framework for explainable and contestable legal rea-
soning. ACAL integrates argumentative LLMs with an arena-based quantitative bipolar
argumentation framework, adaptive role selection, clash resolution, and uncertainty-aware
escalation. Unlike prior approaches, it also supports a human-in-the-loop (HITL) workflow,
allowing users to directly inspect and revise the reasoning graph, with those changes for-
mally affecting the final outcome. Experiments on LegalBench show that ACAL outperforms
strong prompting, RAG, CoT, and MAD baselines while providing structured transparency
and contestability unavailable in existing methods.

2. Proposed Method

As shown in Figure 1, ACAL consists of four components: adaptive expert selection,
multi-agent argument generation, quantitative reasoning via A-QBAF, and human contes-
tation with uncertainty-aware decision escalation.

2.1. Aspect Identification and Team Selection

Legal cases often involve multiple legal dimensions, so relying on a single expert can miss
relevant perspectives. ACAL therefore dynamically assembles a task-specific team of legal
agents. We define a legal agent pool A = {a1,as,...,a,}, where each agent a; is char-
acterized by its professional role, expertise, reasoning priorities, and argument style. Our
framework instantiates 10 legal roles across four functional groups: Adjudication, Litiga-
tion & Advocacy, Advisory & Transactional, and Research € Support. Rather than using
all agents for every case, we adaptively select task-specific subsets for support and attack.



Given a legal task 7 with context ¢ and claim ¢, the system selects:
A" = Select(A, T, c,support); A~ = Select(A, T, ¢, attack), (2.1)

where A" contains agents suited to construct supporting arguments and A~ contains agents
suited to generate counter-arguments. The selection function uses an LLM to match agent
profiles to the characteristics of the case.

2.2. Argument Generation, Evaluation and Computation

Our reasoning module generates grounded legal arguments and computes their final
strengths under A-QBAF, an extension of QBAF [17].

2.2.1. Contextual Grounding via Hybrid RAG

To reduce hallucination and anchor reasoning in legal authority, we retrieve evidence
from both a vectorized legal corpus and external web search for recent case law. The top-k
relevant passages are aggregated into the evidentiary context ¢ used by all agents.

2.2.2. Multi-Agent Argument Generation

Each selected agent generates arguments addressing claim ¢ under context c:
Args(a) = LLM (a, ¢, ¢,C, type(a)) , (2.2)

where type(a) € {support, attack} specifies whether the agent argues that the claim is true
or false. Each agent typically produces 2-5 arguments depending on case complexity and
evidence sufficiency.

2.2.3. Intrinsic Strength Attribution

Each argument «; is assigned an intrinsic score 7(a;) € [0,1] by the LLM under a task-
specific evaluation rubric. The score reflects the legal correctness, relevance to the case
facts, specificity of reasoning, and overall logical soundness of the argument.

2.2.4. LLM-based Inter-Argument Relation Identification

To construct R~ and R, we identify pairwise relations between arguments. Simple
stance-based heuristics are often too coarse, as arguments from opposite sides may address
different legal aspects and thus be logically independent. We therefore use an LLM to
classify each pair (o, @), ¢ < j, as support, attack, or neutral. Support and attack relations
are instantiated as bidirectional edges, while neutral pairs introduce no edge.

2.2.5. Clash Resolution via Arena Debating Round

Since intrinsic scoring is performed independently for each argument, it may not fully
capture the comparative strength of closely competing support and attack arguments. When
a support argument and an attack argument have similar intrinsic scores (difference < 4,
default § = 0.2), score comparison alone may be unreliable. We therefore introduce a clash
resolution (CR) step. For each conflicting pair (as, rg), an LLM acting as a legal evaluator
compares the two arguments under the case facts and legal standards and determines the
stronger one. Scores are then adjusted according to win rate w:

Ar(a) =0 (2w —1), (2.3)

where ( is the adjustment magnitude. This gives winners a bonus and losers a proportional
penalty, preserving score differentiation in close conflicts.



2.2.6. Arena-based Quantitative Bipolar Argumentation Framework (A-QBAF)

We formalize the argument set as a QBAF (X, R™, R, 1), where X = {¢p}U{aq,...,an},
R~ and R" are attack and support relations, and 7 is the base strength function. The claim
node is initialized with 7(¢) = 0.5. Each support argument connects to ¢ through R* and
each attack argument through R~.

We compute final strengths using Quadratic Energy (QE) semantics [18], which propa-
gates support and attack signals through a convergent continuous dynamical system. For
each argument j € X', the net energy is:

Ej= ) oi- Za (2.4)

where o; is the current strength of argument i. The impact of this energy is defined by:
max{x,0}?

h(x) = 41 + malx{x, 0}2?

(2.5)

and the equilibrium strength is:
o; =7() + (1 =7()) - M(E;j) = 7(j) - h(=Ej), (2.6)

where * = lim;_, o, o(¢). This formulation yields bounded, symmetric propagation of sup-
port and attack effects around the initial weight 7(j).

2.3. Human-in-the-loop (HITL) Contestation

To support contestability, we treat the A-QBAF graph as an editable decision object
that allows users to challenge the system’s reasoning. The interface presents the gener-
ated arguments together with their supporting evidence, roles, and scores, so that users
can inspect how they influence the final claim score. During contestation, users may re-
ject, revise, or add arguments, and suggest corrections to their strengths or support/attack
relations. Accepted interventions update the argument graph and trigger recomputation
of the propagated scores, allowing human feedback to materially affect the final decision
rather than remain as post-hoc explanation. All interventions are logged for traceability,
and high-uncertainty or high-impact cases may trigger additional review.

2.4. Decision Consensus with Uncertainty-Aware Escalation (UAE)

The final answer is Yes if o(¢) > 0 and No otherwise, where § = 0.5 by default. However,
near the decision boundary, small differences in base scores can cause support and attack
arguments to offset each other, driving o(¢) toward neutrality and making threshold-based
decisions unstable. Prior work, therefore, recommends deferring or escalating highly uncer-
tain cases [19]. Accordingly, when o(¢) € [0.49,0.51], we invoke a Final Judge agent instead
of relying on the threshold rule alone. This agent performs an independent legal analysis
of the evidence, legal standards, and key conflicts, and outputs a binding decision. The
mechanism specifically addresses near-tie saturation between support and attack arguments
and ensures a decisive outcome under high uncertainty.

3. Experiment and Results

We evaluate on LegalBench [3] using two classification tasks: Hearsay, which predicts
whether a statement is hearsay under FRE 801(c), and Courts, which predicts whether a
narrative belongs to the courts category in the Learned Hands taxonomy. Experiments use
Gemini-2.5-Flash-Lite and Gemini-2.5-Flash. For the RAG baseline, we retrieve the top-5
chunks using OpenAl text-embedding-3-large. In ACAL, the clash resolution parameter



Table 1. Comparative results on Learned Hands Courts and Hearsay from LegalBench.
All metrics are reported as percentages. The highest scores are in bold.

Model Method Learned Hands Courts Hearsay
Acc Prec Rec F1 Acc Prec Rec F1
o Sp 57.8 63.1 57.8 53.1 69.2 73.6 71.5 68.9
Gemini- CoT 69.3 69.3 69.2 69.2 69.2 74.7 71.8 68.7
;'lz;h_ RAG 70.3 70.5 70.3 70.3 71.3 70.8 70.9 70.9
Lite MAD 69.8 69.8 69.8 69.8 74.5 75.8 72.4 72.7
ACAL (Ours) 70.8 71.2 70.8 70.7 74.5 77.1 76.3 74.4
Sp 65.1 72.5 65.1 62.0 75.5 75.7 74.2 74.5
Gemini- CoT 72.3 74.1 72.6 71.3 77.2 77.4 75.6 75.9
2.5- RAG 75.0 78.1 75.0 74.3 75.5 79.5 72.8 73.0
Flash MAD 75.5 76.8 75.5 75.2 77.6 78.5 76.1 76.5
ACAL (Ours) 75.5 76.4 75.5 75.3 76.7 77.1 77.6 76.7

is set to f = 0.15. We compare against SP, CoT, RAG, and MAD. Performance is
measured with Accuracy, Precision, Recall, and Macro-F1.
Quantitative Analysis. Table 1 presents the comparative results of our proposed frame-
work, ACAL, against four baselines (SP, CoT, RAG, and MAD) on the Learned Hands
Courts and Hearsay tasks from LegalBench. We evaluate performance across two back-
bone models: Gemini-2.5-Flash-Lite and Gemini-2.5-Flash. As shown in the table, ACAL
demonstrates superior or highly competitive performance across both model architectures.
Gemini-2.5-Flash-Lite: In the resource-constrained setting, ACAL achieves the best
overall performance. On the Learned Hands Courts dataset, our method surpasses all
baselines, achieving the highest Accuracy (70.8%) and Fl-score (70.7%). Similarly, on the
Hearsay dataset, ACAL outperforms the strongest baseline (MAD) in Precision (77.1%),
Recall (76.3%), and Fl-score (74.4%), while matching the highest Accuracy (74.5%).
Gemini-2.5-Flash: Scaling to the larger model, ACAL maintains its robustness. On
Learned Hands Courts, ACAL matches the top accuracy of the MAD baseline (75.5%) and
achieves a superior Fl-score (75.3%) compared to RAG (74.3%). Notably, on the Hearsay
dataset, ACAL achieves the highest Recall (77.6%) and Fl-score (76.7%) among all com-
pared methods. These results indicate ACAL consistently outperforms standard prompting
methods and remains competitive with complex retrieval and debate-based baselines.
Explainability and Contestability Analysis. Beyond predictive performance, ACAL
addresses the opacity of traditional legal Al. Unlike baselines such as CoT or MAD, which
produce unstructured text or debate transcripts, ACAL generates an A-QBAF, a structured
graph where decisions are mathematically derived from explicit arguments and intrinsic
scores. Moreover, ACAL advances from passive explainability to active contestability. While
RAG systems offer static citations, our HITL contestation workflow empowers users to
directly audit and modify the reasoning graph. These interventions are mathematically
propagated to update the final judgment, ensuring transparent, verifiable decision-making.

4. Conclusion

We propose ACAL, a neuro-symbolic framework that combines adaptive multi-agent
collaboration with A-QBAF for accurate and contestable legal reasoning. On LegalBench,
ACAL outperforms strong baselines, including CoT and RAG, across Gemini-2.5-Flash-
Lite and Gemini-2.5-Flash. Beyond accuracy, it enables human-in-the-loop contestability
by allowing users to inspect and revise the reasoning graph. Future work will improve
efficiency and extend ACAL to broader legal and other high-stakes domains.
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Appendix A. Ablation Study
A.1. Clash Resolution (CR) and Uncertainty-Aware Escalation (UAE) Mechanism

To validate the effectiveness of our proposed modules, we conducted an ablation study on
the Hearsay dataset using Gemini-2.5-Flash-Lite, effectively isolating the impact of the CR
mechanism and the UAE strategy. This ablation study also serves as a comparative evalu-
ation against vanilla ArgLLMs (without CR and UAE) [20], while adopting QE semantics
for final argument strengths computation.

As shown in Table 2, the results identify CR as the primary driver of performance, yielding
a substantial 7.9% increase in accuracy (64.9% — 72.8%) when applied independently, which
confirms the necessity of resolving score saturation in LLM-generated arguments. Interest-
ingly, deploying UAE in isolation negatively impacts performance (62.8%), suggesting that
uncertainty estimation is unreliable without the calibration provided by CR. However, the
full ACAL framework achieves the highest accuracy (74.5%) and Fl-score (74.4%), demon-
strating a complementary effect in which CR establishes the argument structure required
for UAE to operate effectively in borderline cases.

A.2. Base Adjustment Magnitude [

We investigated the sensitivity of the hyperparameter S (base adjustment magnitude),
which governs the intensity of score updates during Clash Resolution. As detailed in Table 3,
performance on the Learned Hands Courts dataset exhibits a distinct bell-shaped trend,
gradually improving as f increases from 0.05 and peaking at § = 0.15 with the highest
Accuracy (70.8%) and F1-score (70.7%). However, increasing 3 beyond this threshold results
in performance degradation. This finding suggests that while a moderate adjustment is
essential to effectively differentiate between conflicting arguments, an excessively aggressive
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Figure 2. Illustration of an Arena Debating Round through Clash Resolution (CR).

Table 2. Ablation study of our two proposed mod- Table 3. Ablation study of parameter 8 (base adjust-
ules, Clash Resolution (CR) and Uncertainty- ment magnitude) on Gemini-2.5-Flash-Lite (Learned
Aware Escalation (UAE), on Gemini-2.5-Flash-Lite Hands Courts).

(Hearsay). B Acc Prec Rec F1
CR UAE | Acc Prec Rec F1 0.05 | 69.2 692 69.1 69.1
X X 649 69.8 675 644 0.10 | 70.0 704  69.9 69.8
X v 62.8 725 664 61.2 0.15 | 70.8 71.2 70.8 70.7
v X 72.8 751 745 728 0.20 | 702 705 702  70.0
v v 74.5 77.1 76.3 74.4 0.25 | 69.1 69.6 681  68.0




magnitude (8 > 0.20) introduces volatility, leading the final propagated scores to become
overly sensitive to individual clash outcomes rather than reflecting the holistic argument
structure.

Appendix B. Case Study of ACAL in Legal Reasoning

This appendix presents an illustrative case study of the ACAL framework applied to a
complex legal-reasoning scenario for a sample from the Hearsay task on LegalBench. Fig-
ure 3 demonstrates the end-to-end neuro-symbolic workflow, including: (1-2) Case Aspect
Identification and Adaptive Expert Team recruitment; (3) Multi-Agent Argument Gener-
ation; (4) HITL contestation where a user explicitly modifies the reasoning graph; (5-6)
A-QBAF Graph Construction and Clash Resolution for score calibration; and (7) Final
Answer Generation with faithful explanation.
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Figure 3. Illustrative Case Study of ACAL on the LegalBench Hearsay Task.
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