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Abstract001

The application of argument mining in the legal002
domain has the potential to influence various003
real-world tasks, including dense passage re-004
trieval, argument completion, generation, and005
review. To address these applications, we intro-006
duce a simple, syllogism-centric scheme that007
constructs full arguments by chaining “atomic”008
syllogisms. In contrast to taxonomies that dis-009
tinguish between “claim” and “premise,” we010
draw inspiration from the IRAC annotation011
method by consolidating local (intermediate)012
conclusions into analysis or rule units, and re-013
serving the “conclusion” label exclusively for014
the document’s final outcome. We formalize015
this scheme with concise guidelines for mark-016
ing atomic links and evaluate it by manually an-017
notating 42 U.S. corporate reorganization cases018
under I.R.C. §368. Schema-based argument019
mining improves the predictive and retrieval020
performance of language models. Experimen-021
tal results demonstrate that our scheme pro-022
vides strong semantic separation (0.81 Macro-023
F1 for 4-class classification) and a structure that024
supports logical completion (60% Recall@20)025
in a computationally efficient and straightfor-026
ward setting. The dataset of cases with ex-027
tracted arguments is released as a resource for028
future research.029

1 Introduction030

Legal court decisions contain dense, structured rea-031

soning. Although decisions are written in plain text,032

the reasoning occurs through a sequence of local in-033

ferences, where intermediate conclusions become034

premises for later steps (Gardner and Bartholomew,035

2020). This structure matters for downstream legal036

NLP, supporting tasks such as finding the passages037

that justify an outcome, completing missing steps,038

and retrieving support for a claim (Hou et al., 2025;039

Šavelka and Ashley, 2016). However, many mod-040

els still operate at the level of isolated sentences041

or spans, and lose the proof-like dependencies that042

make legal analysis coherent.043

To address this challenge, we introduce the first 044

syllogism-centric annotation scheme for U.S. fed- 045

eral case law, focusing on reorganization opinions 046

under I.R.C. §368. The scheme labels spans by 047

function (Rule, Analysis, Conclusion, Background 048

Facts, Procedural History) and links spans to form 049

argument trees. The design is motivated by how 050

legal analysis is taught and drafted: rules are stated, 051

applied to case facts, and iterated until the final 052

disposition (Gardner and Bartholomew, 2020; Ro- 053

mantz and Vinson, 2020). To reduce ambiguity in 054

single-span settings, we additionally surface inter- 055

mediate conclusions as Analysis or Rule to yield 056

complete and structurally consistent proof trees 057

for each case. We release expert annotations for 058

42 decisions, including a double-annotated subset 059

for agreement measurement. We report classifica- 060

tion results for predicting functional labels, and 061

retrieval results for argument component infilling, 062

highlighting the versatility of our representation 063

supporting deductive closure in chained reasoning, 064

and highlight potential benefits in automated argu- 065

ment completion. 066

2 Related Work 067

Argument mining in legal text has often been 068

framed as identifying premises and conclusions 069

and predicting their relations. We outline the an- 070

notation schemes most similar to ours. The Le- 071

gal Corpus for Argument Mining (Poudyal et al., 072

2020) annotates premise/conclusion clauses and 073

their links, and provides baselines for recognition 074

and relation prediction. However, their approach 075

treats arguments as one type among many, each 076

consisting of a single conclusion and a set of un- 077

structured premises, and thus directs insufficient 078

attention to the argument as the core payload of a 079

case’s text. Also closely related to our approach 080

is Santin et al. (2023), who annotate a corpus of 081

fiscal state aid decision with a richer, hierarchical 082
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scheme that distinguishes argumentative elements,083

their types, and argument schemes. However, their084

annotation approach treats premises as yielding085

multiple conclusions, inverting the core syllogistic086

structure of legal argumentation that our schema087

extracts.088

More broadly, annotation efforts for argument089

mining have been conducted in various jurisdic-090

tions such as the ECHR (Poudyal et al., 2020),091

CJEU (Grundler et al., 2022), Malaysia (Kang092

et al., 2024), Canada (Xu et al., 2021), in indi-093

vidual states like Illinois (Blass and Forbus, 2022)094

and Texas (Chen et al., 2022), or in U.S. federal095

agency decision making processes (Walker et al.,096

2017). However, our work is the first to attempt the097

task of argument mining on United States federal098

case law, which is especially challenging because099

of the emphasis on overlapping precedents with100

differing degrees of compulsion and the system’s101

parallel state and federal court systems.102

3 Corpus Creation103

We collected 42 U.S. corporate reorganiza-104

tion cases (1k–10k words), focusing on I.R.C.105

§368(a)(1)(A),(B),(C),(D),(F) and excluding106

(E),(G) to limit statutory variety. Two law students107

annotated all 42 documents. Ten documents were108

double-annotated to estimate inter-annotator agree-109

ment, and a professor of law led adjudication. All110

annotators are authors on this paper. Annotation111

was conducted in Label Studio, customized to112

support span labeling and directed links between113

spans.114

3.1 Annotation Procedure115

Annotators selected free spans of text expressing116

atomic units of reasoning and assigned each span a117

functional label. They then added directed links to118

connect spans into argument trees that follow a syl-119

logistic pattern (Gardner and Bartholomew, 2020).120

Each step represents a local inference supporting121

a downstream claim, enabling the reasoning pro-122

cess to be modeled as a tree. When a premise was123

implicit, annotators could annotate enthymemes124

and, when necessary, insert implicit intermediate125

conclusions as placeholders to maintain structural126

consistency.127

3.2 Argumentation Scheme128

Labels. The scheme uses five labels. Rule marks129

generally applicable statements, including legal130

Label αu Soft-F1

Analysis 0.57 0.46
Background Facts 0.88 0.70
Conclusion 0.72 0.70
Procedural History 0.45 0.47
Rule 0.61 0.51

Table 1: Inter-annotator agreement on 10 double-
annotated cases.

rules, tests, and other abstract criteria. Analysis 131

marks case-specific reasoning that applies rules to 132

the facts and often captures intermediate conclu- 133

sions by function. Conclusion is reserved for the fi- 134

nal outcome of an argument tree. Background Facts 135

and Procedural History mark contextual spans that 136

provide narrative support for the opinion but do not 137

participate in the reasoning. 138

Relations and constraints. Spans can be linked 139

with directed support relations to form trees. Rule 140

and Analysis spans are treated as part of the argu- 141

mentative structure and must have a directed path 142

to a terminal Conclusion. Background Facts and 143

Procedural History may be annotated, but remain 144

disconnected from the argument tree. Conclusion 145

spans are terminal nodes and cannot support other 146

conclusions. 147

3.3 Inter-Annotator Agreement 148

We measured agreement on the 10 double- 149

annotated cases. We compute Krippendorff’s uni- 150

tized αu separately for each label by treating each 151

label as a binary segmentation task over character 152

offsets and using a length-weighted coincidence 153

matrix that includes background (unlabeled) text. 154

We also report a span-level soft-F1 that matches 155

span strings between annotators with maximum- 156

weight 1–1 matching. Table 1 summarizes the re- 157

sults. 158

4 Experiments and Results 159

4.1 Classification Experiments 160

Passage classification into functional roles was eval- 161

uated using two classification experiments. The 162

first experiment employed the five classes defined 163

in the scheme, while the second collapsed the Con- 164

clusion labels into Analysis. Implicit intermediate 165

conclusions were excluded from all experiments. 166

The rationale for collapsing the classes was to as- 167

sess both the impact of reducing the number of cate- 168

gories and the alignment of revised definitions with 169
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5 classes 4 classes

Embedding/LM Avg Analysis BF Conclusion PH Rule Avg Analysis BF PH Rule

TF-IDF 0.69 0.75 0.77 0.42 0.82 0.69 0.78 0.81 0.80 0.79 0.70
SBERT 0.65 0.74 0.72 0.37 0.70 0.73 0.74 0.81 0.70 0.72 0.74
Legal-BERT 0.71 0.77 0.82 0.45 0.79 0.74 0.81 0.83 0.81 0.83 0.75
Modern-BERT 0.65 0.73 0.78 0.39 0.65 0.70 0.71 0.79 0.76 0.60 0.69
GPT-5-mini 0.76 0.74 0.71 0.69 0.85 0.80 0.78 0.81 0.68 0.84 0.80

Random 0.17 0.29 0.13 0.06 0.12 0.24 0.20 0.29 0.15 0.14 0.24

Table 2: Linear SVC results across embeddings and GPT-5-mini classification results (F1-score; Classification
experiments with five and four classes; Avg = macro average; BF=Background Facts; PH=Procedural History).

actual annotations. When considered separately,170

a Conclusion shares the same role and semantic171

characteristics as an Analysis. This similarity may172

decrease classifier performance and increase con-173

fusion between these passages when the labels are174

distinct.175

After filtering for valid annotations, the tests176

were conducted on 719 valid passages. A Linear177

SVC classifier (Cortes and Vapnik, 1995) was com-178

pared, trained on TF–IDF features and three em-179

bedding families (SBERT (Reimers and Gurevych,180

2019), LegalBERT (Chalkidis et al., 2020), and181

ModernBERT (Warner et al., 2025)), alongside a182

zero-shot GPT-5-mini baseline. Stratified 5-fold183

cross-validation was applied for each embedding,184

and for GPT-5-mini, a prompt containing the labels’185

descriptions and the full case text as context was186

used.187

Table 2 presents macro-F1 scores for all em-188

beddings and the LLM classifier. Reducing the189

number of classes from five to four by merging fi-190

nal conclusions into analysis consistently improved191

performance: +0.10 for LegalBERT and +0.02 for192

GPT-5-mini.193

4.2 Dense Passage Retrieval Experiments194

Motivation. Argument completion is framed as195

a passage retrieval task. Given an incomplete ar-196

gument, the objective is to retrieve the missing197

supporting text required to complete the syllogistic198

reasoning. Potential applications include human199

drafting support and retrieval-augmented genera-200

tion.201

Task construction. Each query is an argument-202

structured string containing exactly one masked203

gap token, [MASK]. The query encodes the known204

components of an argument tree and masks one205

atomic unit. The retriever is required to return206

the missing span(s) from a pool of candidate pas-207

sages derived from the same case. Trees are de-208

rived from span nodes and directed support links 209

(premise→conclusion) and treated each Conclu- 210

sion node as a separate tree root. 211

Candidate pool. Each case was divided into well- 212

formed sentences. All case sentences were used 213

as candidates, not only annotated spans. To align 214

span annotations to sentences, each sentence was 215

assigned a single label based on maximum char- 216

acter overlap with any annotated span. Sentences 217

without overlap were treated as unlabeled. For re- 218

trieval, Background Facts and Procedural History 219

are treated as unlabeled. 220

Query linearization and positives. Each case is 221

linearized into one or more argument trees rooted 222

at the Conclusion. We use structure tokens to rep- 223

resent the tree, a focused step, and derived con- 224

clusions (Figure 1). The query is wrapped in 225

[ARG]. We mark the root with [ROOT] and encap- 226

sulate each tree in [TREE]. We represent steps with 227

[STEP] and derive conclusions with [CONCL]. Fi- 228

nally, we included a [FOCUS] block that wraps the 229

target step and contains the single [MASK]. 230

Premises with the same label within a step were 231

grouped into contiguous blocks. We removed one 232

block and inserted [MASK]. The positives are the 233

set of candidate sentences that overlap the removed 234

block, and only Rule, Analysis, and Conclusion 235

blocks are eligible positives. Candidate sentences 236

that appear in the query itself were excluded. 237

Retriever fine-tuning. We fine-tuned a dual- 238

encoder retriever initialized from ModernBERT- 239

base (Warner et al., 2025). We represent the query 240

by the final-layer hidden state at the [MASK] posi- 241

tion and apply L2 normalization. Each candidate 242

sentence is encoded with the same encoder, and 243

we compute its passage vector by mean pooling 244

over non-padding token embeddings followed by 245

L2 normalization. Candidates are scored by dot- 246

product similarity. 247

3



[ARG]

[ROOT] [CONCLUSION]

[TREE]

[STEP]

[CONCL] [ANALYSIS 2]

[PREMISE] [ANALYSIS 3]

[PREMISE] [MISSING]

[STEP]

[CONCL] [CONCLUSION]

[PREMISE] [ANALYSIS 2]

[PREMISE] [RULE 2]

[FOCUS] [STEP]

[CONCL] [ANALYSIS 2]

[PREMISE] [ANALYSIS 3]

[PREMISE] [MASK]

Figure 1: Syllogistic argument tree and its linearized
query representation.

Training uses a multi-positive contrastive248

(InfoNCE-style) objective (Zimmermann et al.,249

2024). Because a masked block can align to multi-250

ple sentences, we aggregated all positive candidates251

with a log-sum-exp term rather than selecting a sin-252

gle positive. In our final setup, each query uses253

56 same-case negatives and 4 cross-case negatives254

(only Background Facts). To reduce false negatives,255

we removed from the negative pool any sentence256

that is a positive for a different query from the same257

case. We trained for 20 epochs.258

Evaluation and reranking. We evaluated on259

40 queries with an average candidate pool of260

138.8 sentences. We report Recall@K for K ∈261

{1, 5, 10, 20}. We reranked the dense retriever’s262

full candidate lists with a cross-encoder reranker263

(rerank-v4.0-pro) and recompute metrics on the264

reranked order. Figure 2 shows the recall curves.265

The fine-tuned retriever reaches 60% Recall@20,266

compared to 20% for random ranking. Reranking267

improves Recall@1 (0.0% to 7.5%) and Recall@10268

(30% to 37.5%), but reduces Recall@20 (60% to269

52.5%). MRR for the fine-tuned model is 11.77%270

and 15.82% for Rerank.271

5 Discussion272

Classification results indicate that, both function-273

ally and semantically, a Conclusion is equivalent274

to an Analysis that does not introduce an additional275

premise or is part of another syllogism, as it rep-276

resents the final decision in the case. We also hy-277

pothesize that the language model did not achieve a278

1 5 10 20
0%

10%

20%

30%

40%

50%

60%

70%

Recall@k

%
re

ca
ll

Fine-tuned Random Rerank

Figure 2: Retrieval vs. Reranking curves.

substantial improvement when moving from five to 279

four classes because of its already strong baseline 280

performance when provided with contextual and 281

task-specific information. In contrast, the embed- 282

dings demonstrated greater benefit from a clearer 283

semantic distinction. 284

Experimental retrieval results indicate that the 285

proposed scheme and dataset are effective for fine- 286

tuning and retrieval tasks. The masked model en- 287

codes both structural and semantic information 288

from passages into improved vector representations 289

for the intended application. While the dataset size 290

presents a limitation, the scheme and related fine- 291

tuning and annotation approaches may facilitate 292

applications including argument completion, rule 293

retrieval for document drafting, and the analysis of 294

logical and deductive validity. 295

6 Conclusion 296

We introduce a novel annotation scheme for le- 297

gal argument mining that demonstrates recursion, 298

deductive closure, and structural logic mapping 299

properties. This scheme improves upon previous 300

approaches by incorporating argument-theoretic 301

notions of logical syllogisms. We demonstrate this 302

argument extraction schema on the first dataset of 303

argument mining annotations on United States fed- 304

eral decisions, showing high annotator agreement 305

across a diverse set of span labels. The results 306

indicate significant potential for automated analy- 307

sis of arguments in unstructured case texts using 308

language models and retrieval systems. 309
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Limitations310

Our approach has several limitations. The com-311

plexity of these cases’ subject matters makes their312

large-scale annotation prohibitively expensive, con-313

straining our dataset to only 42 high-quality anno-314

tated examples. Furthermore, we focus primarily315

on a narrow subset of United States federal case316

law, which is specific to the domain of corporate317

reorganizations and exclusively written in English.318

Although we believe that our argument extraction319

scheme should apply to any persuasive document320

in any language, we recognize the limitation of this321

evaluation procedure.322
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Conclusion: The transactions that occurred in the instant case,
which in substance were really a continuation of the insurance
business rather than its cessation, were properly characterized as
a reorganization.

Affirmed.

Rule / Intermediate Implicit Conclusion: Implicit
Intermediate Conclusion

Analysis: Under these circumstances, it ap-
pears that Ringwalt should be treated as the
owner of the Clifford Trust, pursuant to sec-
tion 677(a)(2),[10] and correspondingly we
hold that the common control requirement
for a reorganization, defined by section 368,
was satisfied.Rule: I.R.C. §368(a)(1)(D), which defines a reorga-

nization as: a transfer by a corporation of all or a
part of its assets to another corporation if immedi-
ately after the transfer the transferor, or one or more
of its shareholders [. . . ] assets are transferred are
distributed in a transaction which qualifies under
section 354, 355, or 356.

Analysis: The series of transactions that
took place in the instant case appears gov-
erned by I.R.C. §368(a)(1)(D).

Analysis: In determining that the continu-
ity of interest requirement had been estab-
lished in the instant case, the district court
specifically found that Ringwalt was treated
appropriately as the owner of 84% of the R
& L, Inc. stock because of the significant in-
cidence of his ownership over the trust prop-
erty. We agree. The district court’s finding
is adequately supported by the record.

Rule: Assessing continuity of interest ultimately
depends upon proof of beneficial ownership without
regard to the existence or absence of legal title. See
Bondy v. Commissioner, 269 F.2d 463, 466–67 (4th
Cir. 1959).

Analysis: The only beneficial right that
Ringwalt relinquished under the trust agree-
ment was the right to receive trust receipts
allocable to income. Ringwalt had numer-
ous powers of administration over [. . . ]Most
significantly, examination of the declara-
tion of trust reveals that Ringwalt as trustee
possessed extensive power to allocate trust
receipts between principal and income.

Rule: I.R.C. §677(a)(2) provides that the grantor
of a trust shall be treated as the owner when the
trust income may be held or accumulated, in the
grantor’s uncontrolled discretion, for future distri-
bution to himself.[9] See Helvering v. Clifford, 309
U.S. 331, 334–38 (1940).

Analysis: In accordance with Ringwalt’s
powers as trustee, the 1967 liquidating dis-
tribution received from dissolution of R &
L, Inc. was allocated to principal, held by
the trust for future distribution and actually
distributed to Ringwalt upon termination of
the trust in 1969.

Procedural History: Jack D. Ringwalt and other
taxpayers[1] appeal from the district court’s[2]
judgment disallowing their claims for income tax
refunds for the year 1967. In this appeal appel-
lants contend the district court erred in concluding
that certain corporate transactions constituted a
corporate reorganization rather than a liquidation
producing more favorable tax treatment. For the
reasons stated below, we affirm.

Procedural History: After payment of the tax,
the taxpayers initiated refund actions in the district
court. The district court, holding in favor of the
United States, concluded that the dissolution of R
& L, Inc. and subsequent creation of R & L Co.
was correctly treated as a corporate reorganization,
and the court dismissed the taxpayers’ claims for
refunds.

Background Facts: The basic facts are de-
scribed in a stipulation adopted by the district
court. In 1949 Ringwalt organized a gen-
eral insurance agency entitled Ringwalt &
Liesche, Inc. (R & L, Inc.). Ringwalt, [. . . ]
ten-year period. Ringwalt retained a rever-
sionary interest in the trust corpus and held
various

Figure 3: Syllogistic argument tree annotation of the case Ringwalt v. U.S., C.A.8 (Neb.) 1977, 549 F.2d 89
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