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Abstract001

Argument mining in legal texts supports tasks002
such as passage classification, retrieval, and ar-003
gument completion. This work introduces a004
dataset comprising 42 expert-annotated U.S.005
corporate reorganization cases under I.R.C.006
§368, together with a syllogism-centered anno-007
tation framework designed to represent chained008
legal reasoning. The framework classifies text009
spans according to legal function: Rule, Anal-010
ysis, Conclusion, Background Facts, and Pro-011
cedural History. It further connects argumenta-012
tive spans into support trees modeled on IRAC-013
style reasoning. In contrast to flatter claim and014
premise schemes, this approach aims to capture015
intermediate reasoning steps that connect doc-016
trinal rules to case-specific analysis. The cor-017
pus is released in span-based, sentence-based,018
flat, and tree-structured formats, along with an-019
notation guidelines and agreement analysis. Ex-020
perimental results indicate that the functional021
labels are learnable in case-disjoint classifi-022
cation, and that structured queries are most023
helpful for within-case argument completion,024
whereas broader cross-case retrieval remains025
challenging. This dataset provides a novel re-026
source for studying legal argument structure027
within a narrowly defined but significant area028
of U.S. case law.029

1 Introduction030

Research on legal argument mining frequently fo-031

cuses on precedent and judicial reasoning within032

common-law systems (Valvoda et al., 2021). How-033

ever, the availability of relevant data remains lim-034

ited. Most existing resources are derived from Eu-035

ropean case law and civil-law contexts. For in-036

stance, Demosthenes is a corpus comprising 40037

decisions from the Court of Justice of the European038

Union on fiscal state aid, annotated for premises,039

conclusions, and argument schemes (Lewis, 2023;040

Grundler et al., 2022). In contrast, the United States041

operates under a common-law system that empha-042

sizes judicial precedent, where only the majority043

opinion constitutes binding precedent for future 044

cases (Administrative Office of the U.S. Courts, 045

2022; Merryman and Pérez-Perdomo, 2019; David 046

and Brierley, 1985). Consequently, well-annotated 047

U.S. judicial opinions are particularly valuable for 048

the study of legal reasoning. 049

To address this gap, we present a new expert- 050

annotated dataset of U.S. federal case law. The 051

dataset focuses on opinions about corporate reorga- 052

nizations under I.R.C. §368. This is a useful and 053

distinctive domain. Section 368 defines several spe- 054

cific forms of corporate reorganization, including 055

statutory mergers, stock acquisitions, asset acqui- 056

sitions, recapitalizations, and changes in corporate 057

form (Office of the Law Revision Counsel, U.S. 058

House of Representatives, 2026). The relevant doc- 059

trine is governed by precise legal tests. Typically, 060

a qualifying reorganization must satisfy the con- 061

tinuity of business enterprise requirement and, in 062

many cases, the continuity of interest requirement 063

(Electronic Code of Federal Regulations, 2025). 064

Accordingly, these opinions frequently apply struc- 065

tured statutory rules to detailed factual scenarios in 066

a systematic manner. This characteristic makes the 067

domain particularly suitable for expert annotation 068

of legal reasoning. 069

We release annotations for 42 decisions, includ- 070

ing a double-annotated subset to facilitate agree- 071

ment analysis. Additionally, we supply a compre- 072

hensive description of the annotation process, a 073

description of the annotation guidelines, dataset 074

statistics, and both span-based and sentence-based 075

versions of the corpus. Furthermore, we release 076

both tree-structured and flat annotation formats to 077

support downstream tasks, such as information re- 078

trieval and structured reasoning experiments. 079

We accompany the dataset with a straightfor- 080

ward annotation framework designed to capture 081

chained legal reasoning. Although legal opinions 082

are presented in plain text, their reasoning typi- 083

cally unfolds through a sequence of local infer- 084
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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

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 reorganization
as: a transfer by a corporation
of all or a part of its assets to an-
other corporation if immediately
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 continuity
of interest requirement had been established
in the instant case, the district court specif-
ically found that Ringwalt was treated ap-
propriately as the owner of 84% of the R &
L, Inc. stock because of the significant inci-
dence 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 dec-
laration of trust reveals that Ringwalt as
trustee possessed extensive power to allo-
cate 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 un-
controlled discretion, for future
distribution 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 taxpay-
ers[1] appeal from the district
court’s[2] judgment disallow-
ing their claims for income tax
refunds for the year 1967. In
this appeal appellants contend
the district court erred in con-
cluding that certain corporate
transactions constituted a corpo-
rate reorganization [. . . ]

Procedural History: After
payment of the tax, the taxpay-
ers 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 taxpay-
ers’ claims for refunds.

Background Facts: The basic
facts are described in a stipu-
lation adopted by the district
court. In 1949 Ringwalt or-
ganized a general insurance
agency entitled Ringwalt &
Liesche, Inc. (R & L, Inc.).
Ringwalt, [. . . ] ten-year period.
Ringwalt retained a reversionary
interest in the trust corpus and
held various powers.

Figure 1: Condensed view of syllogistic argument tree annotation of the case Ringwalt v. U.S., 549 F.2d 89 (8th Cir.
1977). Background Facts and Procedural History are included in the annotation but are not considered part of the
argument structure, as they are defined as contextual spans rather than as support for the argument’s claims.

ences, where intermediate conclusions support sub-085

sequent steps (Gardner and Bartholomew, 2020).086

This structure is significant for legal NLP tasks087

such as identifying passages that justify outcomes,088

completing missing reasoning steps, and retriev-089

ing support for claims (Hou et al., 2025; Šavelka090

and Ashley, 2016). Our framework labels spans091

according to their function (Rule, Analysis, Conclu-092

sion, Background Facts, Procedural History) and093

organizes them into argument trees. The objective094

is to provide a clear and consistent representation095

that enhances the dataset’s utility for classification,096

retrieval, and within-case argument completion. A097

condensed annotation example is presented in Fig-098

ure 1.099

2 Related Work100

Argument mining in legal texts is frequently de-101

fined as the automatic identification and extraction102

of inference and reasoning, as expressed in natural103

language arguments (Lawrence and Reed, 2019).104

This process involves identifying premises and con-105

clusions and predicting their relationships. The fol-106

lowing section outlines methods that closely align107

with this definition and have been applied to legal108

arguments similar to those examined in this study.109

One line of research focuses on annotating ex-110

plicit argument structures in court decisions. Ya-111

mada et al. (2019) construct a manually anno-112

tated corpus of Japanese judgment documents for113

structure-based summarization. Poudyal et al.114

(2020) release 42 decisions from the European115

Court of Human Rights, annotated at the clause 116

level with premise, conclusion, and non-argument 117

labels, as well as links between clauses. Grundler 118

et al. (2022) introduce Demosthenes, a corpus of 119

40 CJEU fiscal state aid decisions annotated for 120

argumentative elements, their types, and argument 121

schemes. Santin et al. (2023) apply the same cor- 122

pus for argumentation-structure prediction. Haber- 123

nal et al. (2024) expand this research with a larger 124

ECHR corpus and a theory-grounded annotation 125

scheme. Collectively, these resources demonstrate 126

that expert annotation of legal reasoning facilitates 127

retrieval, summarization, and structure prediction. 128

A second line of research focuses on labeling 129

legal texts according to their discourse function. 130

Bhattacharya et al. (2019) annotate Indian Supreme 131

Court judgments with sentence-level rhetorical 132

roles. Malik et al. (2022) expand this approach by 133

introducing expert annotations and 13 fine-grained 134

roles, including facts, arguments, statute, issue, 135

precedent, ruling, and ratio. In the United States, 136

Savelka and Ashley (2018) segment U.S. court 137

opinions into seven functional and issue-specific 138

parts, such as Background, Analysis, and Conclu- 139

sions. More recently, Csányi et al. (2025) present a 140

human-annotated corpus of sentence-level rhetor- 141

ical roles for Hungarian judicial decisions. These 142

resources are closely related to the present work 143

because they label the legal function of text and 144

facilitate tasks such as summarization, search, and 145

document structuring. However, most operate at 146

the sentence or segment level and typically do not 147
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Figure 2: Annotation workflow, visualization of the annotation interface, structure tree visualization, and an example
of an annotated case data format. The workflow: (1) selecting the label; (2) highlighting the text, which automatically
applies the label’s color and saves the annotation; (3) creating edges by pressing the ’create relation’ button with
one span selected, then selecting another annotation; and (4) for Intermediate Implicit Conclusions, right-clicking
displays available labels and inserts a new block. The resulting artifact is a JSON file containing all annotations as
positional references, with edges defined by the IDs of the connected annotations.

encode explicit support links between spans.148

Prior research in North America has also ad-149

dressed structured legal reasoning. Walker et al.150

(2017) introduce the veterans’ claims dataset,151

which annotates U.S. adjudicatory decisions with152

sentence roles and propositional connective types.153

Xu et al. (2020) annotate Canadian case summaries154

and full texts with Issue–Reason–Conclusion155

triples for legal summarization. While these156

projects serve as important precursors, they address157

different materials and research objectives.158

This work extends previous efforts by releas-159

ing an expert-annotated dataset of U.S. federal tax160

opinions concerning corporate reorganizations un-161

der I.R.C. §368. The annotation framework of-162

fers a practical method for representing chained163

reasoning, and the corpus focuses on a specific164

but significant doctrinal area. It also provides ex-165

plicit links between annotated spans, includes a166

double-annotated subset, and is available in multi-167

ple formats to support classification, retrieval, and168

within-case argument completion.169

3 Corpus Creation170

We collected 42 U.S. corporate reorganiza-171

tion cases (1k–10k words), focusing on I.R.C.172

§368(a)(1)(A),(B),(C),(D),(F) and excluding173

(E),(G) to limit statutory variety. Two law students174

annotated all 42 documents. Ten documents175

were double-annotated to estimate inter-annotator176

agreement, and a professor of law led adjudication.177

Annotation was conducted in a customized version 178

of the annotation platform Label Studio, that 179

supports span labeling, directed links between 180

spans, and a tree structure visualization of the 181

annotations. 182

Table 1 summarizes the corpus scale, label distri- 183

butions, and tree-level structural properties of the 184

released annotations. 185

3.1 Annotation Procedure 186

Annotators selected free spans of text expressing 187

atomic units of reasoning and assigned each span a 188

functional label. They then added directed links to 189

connect spans into argument trees that follow a syl- 190

logistic pattern (Gardner and Bartholomew, 2020). 191

Each step represents a local inference supporting 192

a downstream claim, enabling the reasoning pro- 193

cess to be modeled as a tree. When a premise was 194

implicit, annotators could annotate enthymemes 195

and, when necessary, insert implicit intermediate 196

conclusions as placeholders to maintain structural 197

consistency. Figure 2 provides a graphical repre- 198

sentation of the annotation process. 199

3.2 Argumentation Scheme 200

Labels. The scheme uses five labels. Rule marks 201

generally applicable statements, including legal 202

rules, tests, and other abstract criteria. Analysis 203

marks case-specific reasoning that applies rules to 204

the facts and often captures intermediate conclu- 205

sions by function. Conclusion is reserved for the fi- 206
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nal outcome of an argument tree. Background Facts207

and Procedural History mark contextual spans that208

provide narrative support for the opinion but do not209

participate in the reasoning.210

Relations and constraints. Spans can be linked211

with directed support relations to form trees. Rule212

and Analysis spans are treated as part of the argu-213

mentative structure and must have a directed path214

to a terminal Conclusion. Background Facts and215

Procedural History may be annotated, but remain216

disconnected from the argument tree. Conclusion217

spans are terminal nodes and cannot support other218

conclusions.219

Intermediate implicit conclusions and en-220

thymemes. Enthymemes are usually defined as221

arguments that rely on one or more implicit222

premises (Feng and Hirst, 2011). In our syllogistic223

approach, an enthymeme is an abbreviated syllo-224

gism in which one premise is left unstated and must225

be inferred from shared background knowledge.226

More precisely, for annotation purposes, we define227

it as an atomic syllogism with an unstated analysis,228

or rule, as defined in our scheme. In practice, it is229

often expressed as a causal relation. We instructed230

annotators to use this label only when strictly nec-231

essary and only when the missing component of232

the argument could not be found explicitly.233

3.3 Dataset curation234

Adjudication. The adjudicator determines which235

double-annotated cases are included in the final re-236

leased dataset. Decisions are made for the entire237

case rather than for individual components, and the238

adjudicator does not directly modify annotations239

once they are finalized. Suggestions and correc-240

tions to annotations are provided only when they241

conflict with the established guidelines.242

Span-to-sentence mapping. Span-to-sentence243

mapping was employed to generate a sentence-244

level version of the dataset for retrieval experiments245

and to provide an alternative annotation format.246

This approach projects span annotations onto sen-247

tences using exact character offsets. The process248

involves verifying that annotated spans align pre-249

cisely with the source text, splitting the document250

into sentence units based on offset boundaries, and251

assigning each sentence to the overlapping span252

with the greatest offset overlap, according to a pre-253

determined tie-breaking rule. Each sentence in-254

herits the label of its corresponding span, while255

Corpus and structure summary

Cases 42
Total words 150,040
Average words / case 3,572.38
Median words / case 2,989.50
Total sentences 5,286
Average sentences / case 125.86
Median sentences / case 105.50
Explicit spans 718
Average spans / case 17.10
Median spans / case 14.50
Nodes / edges 800 / 644
Argument trees 43
Implicit insertions 82
Disconnected spans 132
Average depth 2.38
Max depth 10
Average branching 2.18

Explicit spans All nodes Sentences
(n = 718) (n = 800) (n = 2715)

Label Count % Count % Count %

BF 59 8.22 59 7.38 1,420 52.30
PH 56 7.79 56 7.0 160 5.89
Rule 206 28.69 243 30.38 428 15.76
Analysis 353 49.16 398 49.75 620 22.84
Conclusion 44 6.13 44 5.50 87 3.20

Table 1: Descriptive corpus statistics. Sentence-
label percentages are computed over the 2,715 labeled
candidate sentences used in sentence-level alignment,
not all 5,286 case sentences. BF=Background Facts;
PH=Procedural History.

sentences without a matching span are excluded. 256

This method yields a deterministic sentence-level 257

representation in which a single span may corre- 258

spond to multiple sentences, but each sentence is 259

assigned no more than one label. 260

3.4 Inter-Annotator Agreement 261

Agreement was evaluated on 10 double-annotated 262

cases. For node labels, Krippendorff’s unitized 263

αu was computed by treating each label as a bi- 264

nary segmentation task over character offsets, uti- 265

lizing a length-weighted coincidence matrix with 266

background text. Results are reported for both 267

the span-based and sentence-based versions of the 268

dataset. Span-level soft-F1 was also computed 269

using maximum-weight 1-to-1 matching under 270

two pairing strategies: edit-distance and seman- 271

tic matching. Table 2 presents a summary of the 272

results. 273

Node-label agreement was high for Background 274

Facts (0.879) and Conclusion (0.724), and moder- 275

ate for Rule (0.613), Analysis (0.567), and Procedu- 276

ral History (0.454) in the span view. The sentence 277

view yielded nearly identical αu values, indicat- 278
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(a) Explicit, text-anchored agreement
Label αspan

u αsent
u F1edit F1sem

Analysis 0.57 0.57 0.46 0.56
Background Facts 0.88 0.88 0.70 0.79
Conclusion 0.72 0.72 0.70 0.85
Procedural History 0.45 0.46 0.47 0.59
Rule 0.61 0.61 0.51 0.64

Macro avg. 0.65 0.65 0.57 0.69

(b) Implicit IC insertion: contingency counts
Match Ctx YY YN NY NN

Edit-distance 62 2 7 15 38
Semantic 64 2 7 16 39

(c) Implicit IC insertion: agreement summary
Match Po P+ P− κ RA1/A2 EA1/A2

Edit-distance 0.65 0.15 0.78 -0.04 0.15 / 0.27 9 / 24
Semantic 0.64 0.15 0.77 -0.05 0.14 / 0.28 9 / 26

Table 2: Inter-annotator agreement on the 10 double-
annotated cases. Panel (a) reports agreement on ex-
plicit, text-anchored spans. Sentence-level αu projects
span annotations to sentence units. F1 is computed us-
ing either edit-distance-based or semantic span pairing.
Panels (b–c) report agreement on whether an implicit in-
termediate conclusion (IC) is inserted between aligned
explicit spans. Po is observed agreement, and P+/P−
are positive/negative agreement for insertion vs. non-
insertion. RA1/A2 is the per-annotator insertion rate
over candidate contexts; EA1/A2 is the number of us-
able inserted implicit nodes that can be mapped to an
evaluable comparison context for agreement scoring.

Pairing Contexts Observed Expected κ

Edit distance 95 0.074 0.414 -0.581
Semantic 97 0.072 0.418 -0.593

Table 3: Direct-edge agreement on matched explicit-
span contexts. Observed agreement remains low and κ
is negative under both pair-matching strategies.

ing that converting spans to sentences has mini-279

mal impact on unitized agreement. In contrast,280

overlap-based F1 was notably higher in the sen-281

tence view than in the span view for Analysis, Back-282

ground Facts, and Rule, suggesting that disagree-283

ment for these labels is partly attributable to span-284

boundary variation. Agreement was substantially285

weaker for implicit intermediate-conclusion inser-286

tion (κ ≈ −0.05) and weakest for direct-edge an-287

notation (observed agreement ≈ 0.07, κ ≈ −0.59;288

Table 3).289

4 Experiments and Results 290

4.1 Classification Experiments 291

We classify passages into functional roles under 292

two label settings. The first uses the original five la- 293

bels. The second merges Conclusion into Analysis, 294

which gives a four-class variant. We exclude im- 295

plicit intermediate conclusions from all runs. This 296

leaves 719 explicit passages from 42 cases. 297

We employ five-fold case-disjoint 298

StratifiedGroupKFold cross-validation, 299

grouping passages by case ID to ensure that 300

no case appears in both training and test sets. 301

This approach evaluates the models’ ability to 302

generalize to previously unseen cases. 303

We compare TF-IDF and three embedding fami- 304

lies: SBERT, LegalBERT, and ModernBERT. We 305

also report GPT-5-mini as a separate comparison 306

row. Its setup differs from the embedding models, 307

so it is not a strict baseline but we consider it as 308

context-rich upper bound. 309

Table 4 presents Macro-F1 and per-class F1 310

scores. Merging Conclusion with Analysis in- 311

creases Macro-F1 across all models. Legal- 312

BERT achieves the highest performance among 313

embedding-based models in both labeling schemes, 314

with Macro-F1 scores of 0.71 for the five-class task 315

and 0.80 for the four-class task. GPT-5-mini at- 316

tains the highest Macro-F1 in the five-class setting 317

at 0.76, while LegalBERT slightly outperforms it 318

in the four-class setting at 0.80 compared to 0.79. 319

Random and majority baselines remain much lower 320

in both settings. 321

4.2 Within-case argument completion and 322

split-global retrieval 323

Task. We cast argument completion as passage 324

retrieval. Given an incomplete argument, the model 325

must retrieve the missing supporting sentence or 326

sentences. 327

Each query has one missing slot. The processed 328

dataset contains 403 training queries, 28 validation 329

queries, and 40 test queries. Splits are case-disjoint. 330

The test split contains 4 held-out cases. Each test 331

query has 1 to 6 positive sentences. 332

Queries are built from span nodes and directed 333

support links. Each terminal Conclusion node is 334

treated as a motion root, and each query is built 335

from the subtree under that root. 336

Candidate pools. All well-formed sentences in a 337

case are retrievable candidates, not only annotated 338
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5 classes 4 classes

Model Macro Avg Analysis BF Conclusion PH Rule Macro 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 0.80 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 0.22 0.38 0.10 0.13 0.26
Majority 0.13 0.66 0.00 0.00 0.00 0.00 0.18 0.71 0.00 0.00 0.00

Table 4: Classification experiments with five and four classes (F1-score). Macro Avg denotes macro-averaged
F1. Experiments use case-disjoint StratifiedGroupKFold as cross-validation iterator. †GPT-5-mini uses label
descriptions and additional case context, so it should be read as a context-rich upper-bound row. BF=Background
Facts; PH=Procedural History.

spans. We evaluate three candidate pools: (i) same-339

case, which ranks against sentences from the same340

case after removing positives for other queries; (ii)341

same-case full, which ranks against all sentences342

from the same case; and (iii) global split, which343

ranks against all 581 sentences in the 4 held-out344

test cases. The average candidate-pool sizes on the345

test split are 138.8, 157.0, and 581.0, respectively.346

Query structure. We evaluate three query de-347

signs: structured, flat-masked, and flat-plain. We348

compare five retrievers: BM25, E5, MB-base, FT-349

flat, and FT-struct. The two fine-tuned retrievers are350

dual encoders initialized from ModernBERT-base.351

They use a multi-positive contrastive objective.352

Evaluation. We report hit rate@K, mean per-353

query recall@K, and exact set match@K for K ∈354

{1, 5, 10, 20}. Figure 3 plots hit rate@K.355

Results. In the same-case regime, BM25 and356

E5 are already strong. Both reach hit rate@20357

of 57.5%. FT-struct reaches 55.0%, FT-flat 50.0%,358

and MB-base 37.5%. Mean recall@20 shows a359

similar pattern, with E5 and BM25 slightly ahead360

of FT-struct.361

In the same-case full regime, FT-struct is the362

strongest system. It reaches hit rate@20 of 50.0%,363

mean recall@20 of 31.3%, and exact set match@20364

of 20.0%. FT-flat is second among the fine-tuned365

models. BM25 and E5 remain competitive on hit366

rate, but are lower on mean recall and exact set367

match.368

In the global split regime, BM25 performs best369

on hit rate@20 at 45.0%, and E5 is second at 37.5%.370

The fine-tuned retrievers are much weaker. FT-flat371

reaches 15.0% hit rate@20 and FT-struct 12.5%.372

MB-base is weaker than both fine-tuned Modern-373

BERT systems in all regimes.374

5 Discussion 375

Agreement patterns and limitations. The agree- 376

ment results suggest that node annotations demon- 377

strate greater reliability compared to structural an- 378

notation. The near-identical αu values observed in 379

both span and sentence views indicate that annota- 380

tors generally agree on the discourse role of a text 381

segment once the relevant content is identified. 382

Semantic pairing consistently yields higher F1 383

scores compared to edit-distance pairing; however, 384

this result reflects a more permissive matching con- 385

dition rather than a more robust estimate of anno- 386

tation reliability. We interpret this as a sensitivity 387

analysis, as we cannot conclude that it provides a 388

more appropriate metric. 389

The weakest results pertain to implicit insertion 390

and direct-edge annotation. In the case of implicit 391

insertion, agreement is primarily attributable to 392

shared decisions not to insert, while positive inser- 393

tion decisions exhibit inconsistency among annota- 394

tors. Direct-edge agreement is lower and remains 395

poor under both pairing strategies, indicating that 396

the issue is not primarily related to lexical matching. 397

Collectively, these findings suggest that edge anno- 398

tations are comparatively unstable and should be 399

used with greater caution than node labels, poten- 400

tially motivating tighter guidelines or adjudication 401

in future annotation rounds. 402

Classification. The primary improvement results 403

from removing the infrequent Conclusion label. 404

This label has only 44 passages, and it creates a 405

hard boundary with Analysis. The four-class re- 406

sults suggest that this boundary is one of the main 407

sources of error. 408

The most significant remaining confusion occurs 409

between Rule and Analysis. GPT-5-mini frequently 410

6



1 5 10 20
0%

10%

20%

30%

40%

50%

60%
%

qu
er

ie
s

w
ith

≥
1

hi
t

Same-case

1 5 10 20
0%

10%

20%

30%

40%

50%

60%

%
qu

er
ie

s
w

ith
≥

1
hi

t

Same-case full

1 5 10 20
0%

10%

20%

30%

40%

50%

60%

k

%
qu

er
ie

s
w

ith
≥

1
hi

t

Global split

BM25 E5 MB-base
FT-flat FT-struct

Figure 3: Hit rate@k across the three retrieval can-
didate pools. The retrieval methods tested are MB-
base = ModernBERT-base flat-query retriever; FT-flat
= fine-tuned flat-query retriever; FT-struct = fine-tuned
structured-query retriever.

overpredicts Rule for gold Analysis passages, in-411

dicating a tendency to interpret case-specific rea-412

soning as a general legal standard. LegalBERT413

demonstrates a more balanced error distribution,414

while ModernBERT more frequently makes the re- 415

verse mistake. Overall, the task is learnable, but 416

the Rule/Analysis distinction remains the key chal- 417

lenge. 418

Retrieval. The retrieval results indicate a limited 419

structure effect. Explicit structure helps most in 420

the same-case full regime, where FT-struct gives 421

the best balance of hit rate, recall, and exact set 422

match. This is the clearest evidence that argument 423

structure helps within-case completion. 424

However, this benefit does not extend to the 425

global split regime. In this setting, BM25 and E5 426

outperform the fine-tuned retrievers. These results 427

suggest that FT-flat and FT-struct capture patterns 428

are effective within individual cases but fail to gen- 429

eralize effectively to previously unseen cases. 430

The same-case regime is also informative. 431

BM25 and E5 are already strong in this easier pool, 432

so it is hard to isolate a large structure effect there. 433

Taken together, the results suggest that structure 434

is helpful for local completion in a controlled can- 435

didate set, but not enough on its own for broader 436

cross-case retrieval. 437

6 Conclusion 438

We presented an expert-annotated dataset of 42 439

U.S. corporate reorganization opinions under I.R.C. 440

§368 and a syllogism-centered annotation frame- 441

work for representing chained legal reasoning. The 442

corpus labels spans by legal function: Rule, Analy- 443

sis, Conclusion, Background Facts, and Procedural 444

History. It organizes argumentative spans into sup- 445

port trees to capture intermediate reasoning steps 446

in judicial opinions. 447

Our results suggest three main conclusions. First, 448

the functional labels are reasonably learnable under 449

case-disjoint evaluation, though the distinction be- 450

tween Rule and Analysis remains the main source 451

of classification error. Second, annotation reliabil- 452

ity is stronger for node labels than for structural 453

features. Third, explicit structure is most useful for 454

within-case argument completion. The structured 455

retriever performs best in the same-case full setting, 456

but this advantage does not transfer to the harder 457

global split regime. 458

These findings position the contribution primar- 459

ily as a resource and benchmark for studying legal 460

argument structure in a narrowly defined doctri- 461

nal setting. The dataset provides a useful founda- 462

tion for future work on legal passage classification, 463

structured retrieval, and argument completion. 464
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Limitations465

The complexity of these cases’ subject matters466

makes their large-scale annotation prohibitively ex-467

pensive, constraining our dataset to only 42 high-468

quality annotated examples.469

This study should not be regarded as a broadly470

generalizable result. It is based on a small, special-471

ized corpus of English-language U.S. federal tax472

cases concerning corporate reorganizations under473

I.R.C. §368; therefore, its findings may not extend474

to other legal domains, legal systems, or non-legal475

texts. The analysis indicates that certain compo-476

nents of the annotation scheme are more reliable477

than others.478

Another limitation of this study is that some479

of the proposed baselines needed the same cases480

to be annotated with different schemes to ensure481

reliable comparisons. Also, to make the results482

more general, the annotation process should also be483

repeated on datasets from other domains. For these484

reasons, we narrow the claims about this paper’s485

contribution.486
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A Implicit intermediate conclusions per622

annotator label count623

Ref File Annot. Anal. Rule Tot. AvgA AvgR AvgT

4 35 A1 0 0 0 – – –
4 85 A2 7 0 7 – – –
5 64 A1 1 0 1 – – –
5 63 A2 1 1 2 – – –
6 57 A1 1 1 2 – – –
6 90 A2 2 2 4 – – –
7 72 A1 1 0 1 – – –
7 39 A2 1 1 2 – – –
8 41 A1 0 0 0 – – –
8 84 A2 3 1 4 – – –
9 73 A1 1 0 1 – – –
9 93 A2 1 3 4 – – –

10 36 A1 2 1 3 – – –
10 95 A2 1 1 2 – – –
11 37 A1 0 1 1 – – –
11 52 A2 2 0 2 – – –
12 45 A1 2 0 2 – – –
12 51 A2 2 0 2 – – –
13 69 A1 0 0 0 – – –
13 43 A2 1 0 1 – – –

Summary A1 8 3 11 0.8 0.3 1.1
Summary A2 21 9 30 2.1 0.9 3.0

Table 5: Annotation statistics by reference ID and anno-
tator.

B Retrieval expanded results624

System
Hit rate

@20
Recall
@20

Exact
@20

MRR
@20

Same-case
BM25 57.5 36.8 20.0 13.1
E5-base-v2 57.5 37.0 22.5 18.4
ModernBERT-base 37.5 22.2 12.5 4.1
Fine-tuned (flat) 50.0 30.2 15.0 12.2
Fine-tuned (structured) 55.0 35.3 20.0 13.0

Same-case full
BM25 47.5 23.0 7.5 5.2
E5-base-v2 47.5 25.7 12.5 10.8
ModernBERT-base 35.0 21.1 12.5 3.6
Fine-tuned (flat) 45.0 26.4 12.5 9.0
Fine-tuned (structured) 50.0 31.3 20.0 9.6

Global split
BM25 45.0 22.4 7.5 5.0
E5-base-v2 37.5 22.5 12.5 9.9
ModernBERT-base 7.5 4.2 2.5 0.6
Fine-tuned (flat) 15.0 7.1 0.0 2.0
Fine-tuned (structured) 12.5 7.7 5.0 1.6

Table 6: Aggregate retrieval results on 40 test queries
(2.15 gold passages/query on average). Recall@20 is
the mean fraction of gold passages recovered in the top
20. Exact@20 is exact set match over the gold set.

C Case-disjoint fold sizes 625

Setting Held-out cases/fold Held-out passages/fold

5 classes 8, 8, 8, 9, 9 121, 162, 131, 140, 165
4 classes 9, 9, 8, 7, 9 175, 169, 105, 129, 141

Table 7: Case-disjoint fold sizes for the classi-
fication experiments. Both settings use five-fold
StratifiedGroupKFold grouped by case identifier.

D Classification task confusion matrices 626

Gold A BF C PH R

Legal-BERT (Macro-F1 = 0.71)
Analysis 0.74 0.03 0.04 0.02 0.17
BF 0.03 0.85 0.00 0.12 0.00
Conclusion 0.41 0.00 0.41 0.16 0.02
PH 0.02 0.07 0.02 0.89 0.00
Rule 0.22 0.00 0.01 0.00 0.77

Modern-BERT (Macro-F1 = 0.65)
Analysis 0.73 0.02 0.07 0.05 0.13
BF 0.08 0.80 0.00 0.10 0.02
Conclusion 0.43 0.00 0.41 0.11 0.05
PH 0.11 0.07 0.05 0.77 0.00
Rule 0.30 0.01 0.02 0.01 0.66

GPT-5-mini (Macro-F1 = 0.76)
Analysis 0.65 0.08 0.03 0.00 0.24
BF 0.08 0.86 0.00 0.03 0.02
Conclusion 0.34 0.00 0.66 0.00 0.00
PH 0.05 0.11 0.04 0.79 0.02
Rule 0.05 0.00 0.00 0.00 0.95

Table 8: Row-normalized confusion matrices for the
five-class case-disjoint experiment. Rows are gold la-
bels and columns are predicted labels. A=Analysis,
BF=Background Facts, C=Conclusion, PH=Procedural
History, and R=Rule.

E Flat query structure and example 627
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Flat structure Example
argument
root: conclusion: [CONCLUSION]
context
conclusion: analysis: [ANALYSIS 2]
premise: analysis: [ANALYSIS 3]
premise: missing
conclusion: conclusion: [CONCLUSION]
premise: analysis: [ANALYSIS 2]
premise: rule: [RULE 2]

focus
conclusion: analysis: [ANALYSIS 2]
premise: analysis: [ANALYSIS 3]
premise: [MASK]

argument
root: missing
context
conclusion: analysis: The only beneficial right . . .
premise: rule: I.R.C. § 677(a)(2) provides that the grantor . . .
premise: analysis: In accordance with Ringwalt’s powers as trustee, the 1967
liquidating distribution 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.
conclusion: analysis: The series of transactions that took place in the instant
case appears governed by I.R.C. § 368(a)(1)(D),
premise: analysis: In determining that the continuity of interest . . . adequately
supported by the record.
premise: rule: Assessing continuity of interest . . . Bondy v. Commissioner,
269 F.2d 463, 466–67 (4th Cir. 1959);
premise: analysis: The only beneficial right that . . . entitled to total control
after ten years.
conclusion: analysis: Under these circumstances, it . . . by section 368, was
satisfied.
premise: analysis: The series of transactions that took place in the instant
case appears governed by I.R.C. § 368(a)(1)(D),
premise: rule: I.R.C. § 368(a)(1)(D), which defines a reorganization as:
. . . under section 354, 355, or 356
conclusion: missing
premise: analysis: Under these circumstances, it appears . . . defined by
section 368, was satisfied.
premise: implicit rule
focus
conclusion: [MASK]
premise: analysis: Under these circumstances, . . . section 368, was satisfied.
premise: implicit rule

Figure 4: Side-by-side view of the linearized flat structure and one example.
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