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Abstract

Accurate extraction of argumentative information from legal doc-
uments allows transforming legal documents into structured rep-
resentations that can support downstream applications, such as
information retrieval, document analysis, and legal decision support.
Legal Argument Mining addresses the identification and classifica-
tion of argumentative structures and their relations in legal texts.
Such a task can be decomposed into multiple interdependent rea-
soning steps. In this work, we investigate the implementation of an
argument mining pipeline using LLM agents, each one dedicated
to a separate task. We evaluate our system under three different
settings that progressively expose the impact of error propagation,
ranging from independent evaluation of each agent to a realistic
end-to-end scenario. We perform an experimental evaluation on
the Demosthenes corpus, comparing an open-weight model against
a commercial one. Results show that cascading errors substantially
degrade downstream performance, making the first stages of the
pipeline a significant bottleneck. Our findings highlight the im-
portance of evaluating modular LLM systems in their end-to-end
behavior in addition to individual task performance.
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1 Introduction

Legal Argument Mining (LAM) is concerned with the automatic
identification, extraction, and classification of arguments from legal
texts, such as court decisions, statutes, and contracts [11]. LAM
is an important document understanding task: legal professionals
such as judges, lawyers, and legal researchers, analyze large col-
lections of lengthy and complex documents to identify relevant
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arguments, supporting evidence, applicable legal principles, and
precedents. The automatic extraction of this information enables
the transformation of legal texts into structured representations,
potentially reducing manual analysis, facilitating legal research,
and improving related tasks such as document retrieval, summa-
rization, and legal outcome prediction by making argumentative
content more accessible and explainable [8, 17].

Compared to general argument mining, the legal domain presents
unique challenges due to its domain-specific language, and suffers
from a scarcity of public datasets. While Large Language Models
(LLMs) offer a potential solution through zero/few-shot capabilities
and long-context handling [10], recent literature shows they do not
consistently outperform smaller, domain-specific models, highlight-
ing that complex legal reasoning remains a challenge [1, 18].

Multi-agent systems (MAS) can help decompose a complex prob-
lem into smaller, specialized sub-tasks, each assigned to an au-
tonomous agent with distinct prompts and roles. This collaborative
architecture allows agents to act as specialized modules that re-
fine, validate, or build upon the outputs of preceding agents. In the
context of LLM-based systems, such architectures aim to improve
reasoning, planning, and task decomposition [7]. However, since
downstream agents operate on the outputs of preceding compo-
nents, mistakes introduced in early stages may accumulate, propa-
gating errors, and substantially affect overall system performance.
The use of MAS systems has recently begun to emerge also in the
legal domain, where reasoning is inherently hierarchical, and such
frameworks can offer significant advantages over monolithic ap-
proaches [9, 13, 15, 16]. However, to the best of our knowledge,
multi-agent architectures have not yet been investigated for LAM.

In this paper, we model LAM tasks as a five-stage multi-agent
pipeline comprising argument detection, argument component clas-
sification, premise-type classification, argument schema classifi-
cation, and relation identification. We evaluate the system under
three configurations: Stand-Alone Agents, Sequential Evaluation,
and End-to-End Pipeline, to quantify both the intrinsic capabilities
of individual agents and the impact of error propagation. Experi-
ments on the Demosthenes corpus show that, while modern LLMs
can achieve strong performance on individual tasks, error propa-
gation remains a limiting factor in end-to-end LAM pipelines. We
make our code publicly available.!

2 Related Work

Argument mining in the legal domain presents unique challenges
due to its formal language, domain-specific terminology, complex
discourse structures and reasoning patterns. A known issue in LAM
research is the scarcity of publicly available datasets. Annotating
legal texts requires specialized domain expertise, leading to high
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Table 1: Dataset composition.

Split Docs Arg Premise Conclusion Factual Legal Aut Class Itpr Prec Princ Rule Sup Att
Test 10 612 570 42 385 213 6 13 63 113 3 87 559 21
Total 40 2,535 2,375 160 1,576 906 53 56 297 504 15 323 2,257 143

annotation costs and substantial time investment. Consequently,
existing corpora are often limited in size, specific to single jurisdic-
tions, or restricted to narrow legal sub-domains [5, 17].

LLMs show promising abilities to overcome these challenges, as
they can achieve competitive performance in zero-shot or few-shot
configurations without the need to be fine-tuned on task-specific
data, and can also work with large contexts useful for long legal
documents [10]. Berghegger et al. [2] utilize LLMs for argument
detection on the ECHR dataset [12]. Gray et al. [4] leverage LLMs
to generate case-based arguments and counterarguments following
specific argument schemes. Jiang and Yang [8] use the legal syllo-
gism to improve Legal Judgment Prediction, prompting LLMs to
identify premises and conclusions, and show how explicitly struc-
turing reasoning according to legal principles can significantly
improve the accuracy and reliability of legal decision-making.

Nonetheless, LLMs do not consistently outperform smaller do-
main-specific encoder-based models. Al Zubaer et al. [18] evaluate
GPT models for the argumentative classification task on the ECHR
dataset [12], obtaining results below the Legal-BERT baseline. Simi-
lar conclusions are drawn by Alfieri et al. [1], that compare different
demonstration selection strategies for few-shot prompting on the
Demosthenes dataset [6].

Finally, while recent studies have shown that LLMs can be effec-
tive for relation identification tasks [3], their application to legal
documents remains largely unexplored.

3 Data

We utilize the Demosthenes corpus [6, 14], which contains 40 judg-
ments in English on Fiscal State Aid issued by the Court of Justice
of the European Union (CJEU). In each document, there are one
or more sections named "Findings of the court", where the court
expresses the decision and illustrates its reasoning. The content
of these sections has been manually annotated by legal experts,
analyzing a broad range of legal reasoning patterns. The annotation
follows a hierarchical schema, where the findings of the court are
represented as chains of inferences that support a final conclusion.

Each sentence belonging to an argument chain is labeled as ei-
ther a Premise or a Conclusion, with the conclusion being the final
step of an argumentative chain. Premises are further classified as
Factual, when detailing case events; Legal, when they address laws,
principles, or precedents; or as both, when they contain mixed con-
tent. Legal premises are additionally annotated with one or more
argument schemes: Rule, referring to the application of legislative
provisions; Precedent, based on previous CJEU case law; Authori-
tative, relying on authoritative sources such as Advocate General
opinions; Classification, defining whether a fact or entity falls under
a legal concept; Interpretative, assigning meaning to legal sources
through interpretative reasoning; and Principle, applying general
legal principles to the case.

In addition, the corpus is annotated with the relations between
the arguments that belong to the same argumentative chain. Five
types of relations are defined: Support from Premise(s), Attack, Sup-
port from Failure, Undercut, and Rephrase. Given the highly unbal-
anced distribution of the labels, in this work we consider only the
two that account for more than 90% of the total relations. The Sup-
port relation indicates that a proposition is the logical outcome
of one or more premises. It is the most frequent type of relation,
used by the CJEU to directly justify its decisions on the parties’
claims. Conversely, the Attack relation indicates that a proposition
is contradicted by one or more premises. The attacked proposition
is a statement by one party, mentioned by the Court to deny it.

We test our framework on 10 randomly selected documents. The
composition of the dataset and our test set is reported in Table 1.

4 Method

4.1 Architecture

We build our multi-agent system using LangGraph, a graph-based
orchestration framework for dynamic, multi-agent LLM systems,
where computation is represented as a directed graph of interact-
ing nodes linked by conditional transitions and shared state. It
supports complex execution flows with branching, cycles, parallel
execution and persistent memory, making it particularly suitable
for multi-step reasoning tasks. Each agent of the system operates
as an independent node in a directed execution graph. Intermedi-
ate outputs are represented as structured JSON objects, allowing
controlled experimentation on single nodes and ablation studies.

The system is composed of 5 nodes, each one dedicated to a
separate task.

Argument component detection (ACD). The agent receives a sub-
section of the document that starts with one "Findings of the court"
and terminates before the next one. The agent segments it into
a list of sentences, and labels each sentence as argumentative or
non-argumentative.

Argument component classification (ACC). Given an argumenta-
tive sentence, the agent classifies it as premise or conclusion.

Premise Type Classification (PTC). A multi-label classification
where a premise is classified as legal and/or factual.

Argument Scheme Classification (ASC). A multi-label classifica-
tion where a legal premise is classified according to its scheme(s).

Relation Identification (RI). For each argumentative chain, the
agent is required to determine the presence and type of a relation
between each pair of components. We evaluate the agent on two
dimensions: Link Detection, its ability to infer the presence or
absence of a relation, and Relation Classification, the ability to
classify the relation type as Support from Premise or Attack.
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Table 2: Results on the ACD, ACC, PTC, and ASC tasks. The performances are grouped by their evaluation setting.

ACD ACC PTC ASC
Setting / Model Arg Non M-F; Prem Conc M-F; F L M-F; Aut Class Itpr Prec Princ Rule M-F;
Stand-Alone
Gemma (Zero-Shot) .84 .80 .82 .95 .59 77 95 .85 .90 71 .39 .59 93 .36 .90 .65
Gemma (Detailed) 74 .59 .67 .96 .68 .82 94 85 .90 .60 .07 .58 92 31 92 .56
Gemini (Detailed) 89 .85 .87 .97 72 .84 96 .92 94 .57 .00 .50 91 .27 .97 .53
Sequential Evaluation
Gemma (Zero-Shot) - - - .79 52 .65 7477 .75 .50 .50 .40 .62 .67 .65 .55
Gemma (Detailed) - - - .84 .65 .75 82 .85 .84 .67 A1 .47 .78 .00 .82 48
Gemini (Detailed) - - - .97 71 .84 96 .92 .94 .53 .00 52 91 31 .97 .54
End-to-End Pipeline
Gemma (Zero-Shot) - - - .67 .37 .52 40 .62 51 .20 .40 .25 42 .40 .39 .34
Gemma (Detailed) - - - .61 .46 54 41 .63 52 33 .09 32 .49 .00 .46 .28
Gemini (Detailed) - - - .89 .50 .69 81 .88 .84 .35 .00 .45 .86 31 .81 .46
Table 3: Results for the Relation Identification task. is erroneously classified as a conclusion by the ACC agent, the PTC
agent will not consider it a premise, and therefore it will not be la-
Link Detection Relation Classif. beled as either legal or factual. This will result in a false negative for
. the factual class and a true negative for the legal class. In contrast,
Setting / Model Yes No M-Fy Sup At M-F if a conclusion is erroneously classified as a premise by the ACC
Stand-Alone agent, the PTC agent will be asked to classify it. If it classifies it as
Gemma (Zero-Shot) .28 .96 .62 30 .00 .15 legal, it will be considered a false positive for the legal class and a
Gemma (Detailed) 22 98 .60 23 .00 .11 true negative for the factual class. The purpose of this setting is to
Gemini (Detailed) 46 99 73 48 .00 .23 evaluate the performance of the pipeline as a whole on the final
Sequential Evaluation result, without distinguishing the contribution of single agents.
Gemma (Zero-Shot) .25 .95 .60 25 .00 12
Gemma (Detailed) 27 .95 .61 26 .00 .13 4.3 Models
Gemini (Detailed) 48 .97 .73 48 .09 .29 We experiment with Gemma 4 26B, an open-weight Mixture-of-
End-to-End Pipeline Experts model, and Gemini 3.1 Pro, a larger commercial model.
Gemma (Zero-Shot) .22 .97 .59 22 .00 .11 They both have built-in reasoning capabilities and configurable
Gemma (Detailed) 20 97 58 20 00 .10 thinking effort, which we leave at the default configuration.
Gemini (Detailed) 45 98 71 46 .06 26 We evaluate Gemma using two approaches. In the Zero-Shot

4.2 Pipeline and Evaluation

We evaluate our agents under three distinct configurations:

Stand-alone Agents. Each agent is evaluated separately against
the ground truth, allowing us to measure the performance of indi-
vidual agents without the confounding effects of upstream errors.

Sequential Evaluation. Agents are executed sequentially and each
one is evaluated only on instances where the preceding agents
performed correctly. For example, the PTC agent is evaluated on
sentences that are both annotated as premises in the gold standard
and classified as such by the ACC agent. The purpose of this setting
is to evaluate each agent individually in a pipeline setting, without
penalizing it for mistakes made by its predecessors. However, it
inherently reduces the evaluation sample size for deeper steps in
the pipeline, based on upstream accuracy.

End-to-end Pipeline. The evaluation is performed on the down-
stream predictions of the pipeline. For example, if a factual premise

approach, the prompts contain the definitions of the classes and
rules. In the Detailed approach, the prompts also contain selected
text segments extracted from the non-test part of the dataset to
highlight distinctive linguistic patterns and textual cues. This ap-
proach is similar to Few-Shot prompting, since we include examples
from the dataset to enrich the prompts, but we do not include the
entire text of such examples. Given our limited resources, to op-
timize API costs, we evaluate Gemini exclusively under the latter
configuration.

5 Results

We evaluate each experimental setting for each task by measur-
ing the F; score on each class and the Macro-averaged F; (M-Fy).
The experimental results for the first four tasks across the three
evaluation configurations and models are reported in Table 2. Ta-
ble 3 reports the results of the relation identification task, broken
down into its two sub-components: Link Detection and Relation
Classification.

In the Stand-Alone setting, Gemini (Detailed) consistently out-
performs both Gemma configurations across the first three tasks.
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PTC is the task where the best result is obtained, while the ASC
task is the most difficult for all models. Underrepresented classes
like Classification and Principle yield poor results, with Gemma
(Zero-Shot) getting the best result. Interestingly, while the use of
Detailed prompting with Gemma lowers the score in the ACD and
ASC tasks, it significantly improves ACC.

Link Detection is a significantly challenging task. In the Stand-
Alone setting Gemini outperforms Gemma with a score of .46 and
.28 on the positive class, respectively. Interestingly, Gemma (Zero-
Shot) outperforms its Detailed counterpart, suggesting that the
provided examples may have introduced noise or led the model to
overfitting to superficial patterns. As concerns Relation Classifica-
tion, all the models completely fail to identify the Attack relation.

Moving from the Stand-Alone to the Sequential Evaluation set-
ting, Gemma’s performance degrades in the first four tasks. In-
stead, Gemini’s results remain consistent. The End-to-End Pipeline
configuration reveals significant performance degradation in all
models, likely due to cascading errors in all five tasks. However,
the intensity of this effect varies by model scale, with Gemini ex-
hibiting significantly higher robustness. Indeed, Gemini retains
moderate performance, while Gemma’s scores are significantly
lower. Counterintuitively, performance degradation within the End-
to-End pipeline does not increase across sequential tasks for the
most robust model, Gemini. The performance gap narrows from
15 points in ACC to 10 points in PTC and 7 points in ASC. A possi-
ble explanation could be the multi-label nature of the latter tasks:
components missed or misclassified in early stages are excluded
from downstream classifications. These unassigned labels, when
evaluated as true negatives, artificially increase the metrics, despite
upstream errors.

6 Conclusion

In this paper, we evaluated the performance of state-of-the-art LLMs
on several complex tasks of Legal Argument Mining with a multi-
agent LLM pipeline. Our findings demonstrate that both Gemini
and Gemma are significantly affected by error propagation in a end-
to-end pipeline, with Gemma showing higher vulnerability. Future
work could explore more advanced MAS paradigms, such as multi-
agent debate and iterative self-reflection loops, allowing agents to
provide feedback and structurally correct upstream classification
errors before finalizing the argument graph.

Ethics and Privacy Statement

All the data used in this work are publicly available. We envision our
methods as tools that support and empower legal practitioners in
their activities, and not as tools that perform autonomously without
any human supervision.
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