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Abstract001

Rhetorical Role Labeling (RRL) assigns a func-002
tional role to each sentence in a document and003
is widely used in legal, medical, and scien-004
tific domains. While language models (LMs)005
achieve strong average performance, they re-006
main unreliable on hard examples, where pre-007
diction confidence is low. Existing approaches008
typically handle uncertainty implicitly and treat009
labels as discrete identifiers, overlooking the010
semantic information encoded in label names.011
We introduce RISE, an inference-time seman-012
tic reranking framework that leverages label013
semantics to refine predictions on hard in-014
stances. RISE automatically identifies low-015
confidence predictions and reranks model out-016
puts using contrastively learned label repre-017
sentations, without retraining or modifying018
the underlying model. Experiments on eight019
domain-specific RRL datasets with seven LMs,020
including encoder-based and causal architec-021
tures, show an average gain of +9.15 macro-F1022
points on hard examples. For explainability, we023
further propose manual hardness annotations024
to study difficulty from both model and human025
perspectives, revealing a moderate agreement026
with Cohen’s κ = 0.40.027

1 Introduction028

Rhetorical Role Labeling (RRL) is the task of clas-029

sifying each sentence according to its semantic030

role within a document. Since a sentence’s inter-031

pretation is often shaped by its surrounding con-032

text, RRL is particularly well suited to structured033

texts such as legal cases. Identifying rhetorical034

components (e.g., ANNOUNCING or ANALYSIS)035

supports downstream tasks, including information036

retrieval (Neves et al., 2019; Safder and Hassan,037

2019) and document summarization (Kalamkar038

et al., 2022; Muhammed et al., 2024).039

RRL approaches typically formulate the task as a040

sentence-level classification problem (T.y.s.s. et al.,041

2024; Belfathi et al., 2025b). In this setting, a042

classifier built on a BERT encoder (Devlin et al., 043

2019) maps each sentence representation to a label 044

from a predefined set, treating them as discrete 045

and unstructured categories. Consequently, the 046

model relies exclusively on sentence representa- 047

tions, while ignoring both the semantic meaning 048

of label names and the relationships between 049

them. Although this formulation performs well 050

on clear and frequent cases, it tends to degrade 051

on harder examples, where the model exhibits low 052

confidence in its predictions (Gasparin and Detom- 053

maso, 2024; Huang et al., 2024). 054

Recent studies attempt to address this limitation 055

by incorporating label semantics into text classifica- 056

tion models (Khatuya et al., 2025; Park et al., 2025). 057

In particular, similarity-based approaches (Rücker 058

and Akbik, 2025) embed texts and labels into a 059

shared representation space and perform predic- 060

tions based on their semantic proximity. While 061

effective when label descriptions are informative, 062

these methods rely primarily on similarity scores 063

and do not exploit the discriminative capacity of 064

standard classifiers1. As a result, their contribu- 065

tion is limited on easy samples, for which classifier 066

confidence is already high. 067

This gap motivates inference-time methods that 068

leverage label semantics to improve predictions 069

on hard examples while preserving the discrimi- 070

native behavior of the underlying classifier. To 071

address this challenge, we introduce RISE, a se- 072

mantic reranking framework that refines model out- 073

puts at inference time without requiring retraining. 074

We summarize our core contributions: 075

• We propose RISE, an inference-time frame- 076

work that identifies hard samples based on 077

model confidence and refines their predictions 078

by reranking logits using contrastively learned 079

1By standard classifiers, we refer to models that perform
prediction using a learned decision function over fixed label
sets represented as one-hot vectors, without exploiting the
semantic information of label names.
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semantic similarities between input and la-080

bel representations, without requiring archi-081

tectural changes or additional training.082

• We perform a large-scale evaluation on eight083

RRL datasets spanning legal, medical, and sci-084

entific domains, using seven LMs that include085

both encoder-based and causal architectures,086

demonstrating consistent performance gains087

and strong generalization.088

• We analyze model difficulty both quantita-089

tively and qualitatively from model-centric090

and human-centric perspectives by introduc-091

ing manual difficulty annotations, enabling092

explainability-oriented analyses of model be-093

havior on challenging cases.094

Reproducibility: We release our code under an095

open-source license2.096

2 Related Work097

2.1 RRL as a Discriminative Classification098

LMs such as BERT (Devlin et al., 2019) are widely099

used for sentence-level classification in RRL. Suc-100

cessor models, including RoBERTa (Liu et al.,101

2019) and ALBERT (Lan et al., 2019), improve102

robustness through larger pretraining corpora and103

refined training objectives. When combined with104

hierarchical architectures (Brack et al., 2022, 2024)105

and domain-specific pretraining (T.y.s.s. et al.,106

2024; Belfathi et al., 2025b), these models achieve107

strong performance at moderate computational108

costs. However, rhetorical roles are modeled as109

discrete labels, and predictions rely solely on dis-110

criminative decision functions. This limits perfor-111

mance on hard cases involving semantically related112

roles, motivating inference-time methods that ex-113

plicitly exploit label semantics.114

2.2 Label Semantics in Text Classification115

Prior work leverages semantic information asso-116

ciated with labels to improve text classification117

from multiple perspectives. Generative approaches118

exploit label meaning in zero-shot settings and119

distill the resulting supervision into discrimina-120

tive classifiers (Zhang et al., 2024). Hierarchical121

methods encode semantic and structural relations122

through parent–child label dependencies (Zhu et al.,123

2https://anonymous.4open.science/r/
rise-framework-F84E

2024). Other studies dynamically refine label sur- 124

face forms to improve few-shot performance (Park 125

et al., 2025), or adopt fully generative formulations 126

that treat labels as semantic objects rather than 127

fixed indices (Khatuya et al., 2025). In contrast, our 128

framework exploits this information exclusively at 129

inference time by reranking logits for hard exam- 130

ples, offering a targeted alternative to training-time 131

and fully generative methods. 132

3 RISE: Inference-Time Semantic 133

Reranking for Rhetorical Role Labeling 134

This section presents RISE, an inference-time se- 135

mantic reranking framework. We first outline its 136

motivation and design (§ 3.1), then describe auto- 137

matic hard-sample identification based on model 138

confidence (§ 3.2). Next, we present our contrastive 139

approach to learning label semantics (§ 3.3), and 140

finally explain how these semantics are used at 141

inference time for reranking (§ 3.4). 142

3.1 Motivation and Overview 143
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Figure 1: Top-k oracle performance reveals prediction
ambiguity on the SCOTUSRF dataset.

Figure 1 shows that LMs with an multilayer per- 144

ceptron (MLP) classification head achieve strong 145

overall RRL performance, yet remain unreliable 146

on a subset of inputs. These hard cases exhibit 147

low confidence and strong competition among se- 148

mantically related labels. The Top-1 vs. Top-3 149

macro-F1 gap indicates that the correct label is 150

often highly ranked but not selected, suggesting er- 151

rors stem from semantic proximity between labels 152

rather than representation failure. 153

This observation motivates an inference-time 154

perspective on RRL, illustrated in Figure 2. Rather 155

than modifying the classifier or retraining the 156

model, we address three questions: (1) how to iden- 157

tify hard samples directly from model confidence 158

scores, (2) how to represent label semantics in a 159
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Figure 2: Overview of the RISE framework. A language model (encoder-based or causal) is first used as a
discriminative classifier to produce logits for each input sentence. RISE operates at inference time (gray area) by
automatically identifying hard cases based on model confidence. For these instances, label semantics are exploited
by reranking logits based on semantic distances derived from contrastively learned text–label representations.

shared embedding space, and (3) how to exploit160

these representations at inference time to refine161

ambiguous predictions.162

3.2 Hard Example Detection163

Definition (Hard Example). An input instance164

is considered hard when the classifier fails to pro-165

duce a confident prediction, with multiple labels166

receiving similar scores. Hardness is determined167

by the classifier’s scoring behavior rather than the168

intrinsic difficulty of the input.169

Distribution Variance as an Indicator. Even af-170

ter convergence, a classifier may fail to separate171

some inputs, producing logit distributions where172

multiple labels receive similar scores, indicating173

low confidence and label competition. We quantify174

this behavior using the variance of the logit vec-175

tor: lower variance corresponds to stronger label176

competition and higher predictive uncertainty, as177

adopted in (Chen et al., 2024; Yang et al., 2025b).178

Unlike entropy, variance directly captures score179

dispersion in the raw decision space and is less180

sensitive to calibration artifacts.181

Automatic Hard Example Detection. Hard ex-182

amples depend on both the model and the dataset,183

making fixed criteria unsuitable. We therefore let184

each model identify its own hard examples di-185

rectly from its prediction behavior, using the186

development set for threshold estimation. We de-187

fine an adaptive threshold as the average variance188

of logit distributions over misclassified examples,189

denoted as σ2
mis: 190

σ2
mis =

1

|M|
∑
i∈M

Var(zi), (1) 191

where M is the set of misclassified examples and 192

zi is the corresponding logit vector. An example is 193

classified as hard if the variance of its logit distri- 194

bution is below σ2
mis. This adaptive criterion limits 195

over-selection by focusing on genuinely ambigu- 196

ous predictions, ensuring that inference-time refine- 197

ment is applied only where it is most effective. 198

3.3 Label Semantics from Confusion Patterns 199

Confusion as a Signal. To capture label rela- 200

tionships specific to our RRL setting, we rely on 201

the classifier’s prediction behavior rather than ex- 202

ternally defined label similarities. For a trained 203

model, the distribution of predicted labels condi- 204

tioned on a gold label reveals consistent confu- 205

sion patterns. We treat this normalized distribu- 206

tion as an ambiguity profile and use it to derive 207

a labelpredicted–labelgold affinity, which is used to 208

weight hard negatives in the contrastive loss. 209

Confusion-Weighted Contrastive Learning. 210

We learn a shared embedding space with a 211

pretrained language model gϕ(·) that encodes 212

a sentence x and a label name y into vectors 213

ex = gϕ(x) and ey = gϕ(y). Given a training pair 214

(x, y), we maximize sim(ex, ey) and minimize 215

sim(ex, ey′) for all other labels y′ ̸= y. Each 216

negative label y′ is weighted by wy′ = P (y, y′), 217
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the normalized probability that the base classifier218

predicts y′ given the true label y, yielding a219

weighted InfoNCE objective (Oord et al., 2018):220

Lpos = exp
(
sim(ex, ey)

)
, (2)221

Lneg =
∑
y′ ̸=y

wy′ exp
(
sim(ex, ey′)

)
, (3)222

LCW = − log
Lpos

Lpos + Lneg
. (4)223

where wy′ = P (y, y′) is calculated on the devel-224

opment set.225

3.4 Inference-Time Semantic Reranking226

Inspired by Peng et al. (2024), we use semantic227

similarity between the input and label names as a228

complementary signal to the classifier logits. For229

a hard example x, the base classifier outputs logits230

zx ∈ RC over C labels {y1, . . . , yC}. Using the231

shared embedding space learned above, we then232

form a cosine similarity vector sx ∈ RC between233

the input embedding ex and the label embeddings234

ey. Predictions are reranked by reweighting the235

logits element-wise:236

z̃x = sx ⊙ zx, (5)237

where ⊙ denotes element-wise multiplication.238

Semantic reranking is applied only to hard exam-239

ples; otherwise, the original output is used.240

4 Experimental Setup241

We evaluate RISE across legal, medical, and sci-242

entific domains to assess robustness to diverse dis-243

course structures and annotation schemes. We use244

the original dataset splits.245

4.1 Evaluation Datasets246

Legal Domain. Our experiments use five legal247

corpora spanning different jurisdictions, structures,248

and annotation schemes. SCOTUS-LAW (Lavis-249

sière and Bonnard, 2024) contains U.S. Supreme250

Court decisions annotated with rhetorical roles at251

multiple granularities. It includes three subsets:252

SCOTUSCategory for high-level discourse struc-253

ture, SCOTUSRF for rhetorical functions, and254

SCOTUSSteps combining both with fine-grained255

reasoning attributes. LEGALEVAL (Kalamkar256

et al., 2022) contains Indian court judgments257

(Supreme, High, District) annotated with thirteen258

roles. DEEPRHOLE (Bhattacharya et al., 2023)259

contains Indian Supreme Court judgments anno- 260

tated with seven roles. 261

Medical Domain. We evaluate on two medical 262

discourse datasets. PUBMED (Dernoncourt and 263

Lee, 2017) contains randomized controlled trial ab- 264

stracts with sentences automatically labeled into 265

five rhetorical roles, following established prepro- 266

cessing protocols. BIORC (Lan et al., 2024) is a 267

manually annotated abstract corpus for sequential 268

sentence classification. 269

Scientific Domain. We evaluate on a scientific 270

discourse dataset. CS-ABSTRACTS (Gonçalves 271

et al., 2020) contains computer science abstracts 272

annotated via crowdsourcing with the same five 273

rhetorical roles as PUBMED. 274

Dataset statistics are reported in Appendix D. 275

4.2 Models and Implementation Details 276

We evaluate RISE with seven LMs commonly used 277

as strong baselines in prior RRL studies (Belfathi 278

et al., 2025a). Encoder-based models include 279

BERT (Devlin et al., 2019), RoBERTa (Liu 280

et al., 2019), DeBERTa (He et al., 2020), and 281

ALBERT (Lan et al., 2019). Causal models 282

include Qwen-3 (Yang et al., 2025a), Mistral- 283

7B (Jiang et al., 2023), and LLaMA-3 (Dubey 284

et al., 2024). Causal models are fine-tuned with 285

QLoRA (Dettmers et al., 2023) and used strictly 286

for classification, without prompting or genera- 287

tion (Yousefiramandi and Cooney, 2025). 288

For text–label contrastive learning, the same mod- 289

els learn label representations, aligning label se- 290

mantics with the classifier’s decision space. Addi- 291

tional details are in the Appendix E. 292

5 Results & Analysis 293

This section reports the empirical evaluation of 294

RISE across multiple RRL benchmarks, model 295

architectures, and domains. 296

5.1 Overall Performance 297

1. Does RISE yield consistent gains over base- 298

line models across RRL benchmarks? Table 1 299

shows that RISE yields consistent improvements 300

across both encoder-based and causal LMs, indicat- 301

ing that its effectiveness arises from inference-time 302

semantic refinement rather than model-specific tun- 303

ing (Mistral-7B reaches 69.50% mF1, a gain of 304

+1.8 pts). These gains point to a shared limitation 305

of standard classifiers: difficulty in resolving se- 306

mantic competition between closely related labels. 307
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Legal Medical Scientific Average
SCOTUSCategory SCOTUSRF SCOTUSSteps LEGALEVAL DEEPRHOLE PUBMED BIORC CS-ABSTRACTS

mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1

Llama-3-8B
Baseline 82.54 85.13 66.78 75.09 51.77 62.66 60.01 73.20 45.98 52.87 82.51 87.63 86.83 87.87 67.39 74.59 67.98 74.88
+ RISE 83.15 85.70 68.46† 77.19† 52.14 65.15† 61.16† 74.43† 48.53† 54.23† 82.61 87.85 87.45 87.83 64.61 72.79 68.51† 75.65†

Mistral-7B Baseline 83.88 85.89 70.29 76.61 51.28 64.29 60.07 71.63 47.25 53.54 81.86 87.20 84.38 87.12 62.24 70.61 67.66 74.61
+ RISE 84.57 86.57 72.13† 77.12 52.90† 65.35† 62.97† 73.93† 48.37† 54.09 82.33 87.65 87.09† 87.94† 65.61† 73.33† 69.50† 75.75†

Qwen3-8B
Baseline 82.85 84.95 69.36 75.53 51.81 62.30 58.87 71.19 45.10 51.35 81.73 87.26 85.09 86.70 65.93 74.93 67.59 74.28
+ RISE 85.03† 86.38† 71.75† 77.81† 54.10† 64.67† 60.25† 73.06† 46.04† 52.55† 82.44 87.78 87.39† 87.68† 63.59 71.89 68.82† 75.23†

ALBERTbase
Baseline 81.59 84.25 67.24 74.05 50.39 61.45 55.16 67.89 44.50 51.48 81.17 86.58 85.91 85.89 65.68 72.25 66.45 72.98
+ RISE 81.81 84.21 69.14† 75.12† 52.26† 62.84† 56.70† 68.45 43.56 51.81 80.86 86.54 85.29 85.44 66.27 72.67 66.99 73.39

BERTbase
Baseline 81.70 84.46 67.15 74.84 50.14 62.52 55.48 68.92 48.89 52.96 81.64 86.94 85.21 86.20 59.17 71.08 66.17 73.49
+ RISE 82.19 85.12 69.31† 75.28 52.33† 63.33 59.12† 70.06† 48.30 53.00 81.24 86.80 85.11 85.77 60.37† 71.53 67.25† 73.86

DeBERTabase
Baseline 83.73 85.91 68.08 75.16 53.50 64.16 56.76 72.50 47.42 52.34 81.64 86.96 86.77 85.72 66.29 72.73 68.02 74.44
+ RISE 83.83 86.13 68.95† 75.67 54.18 65.07† 59.95† 73.75† 46.56 52.63 81.34 86.94 86.76 85.90 66.40 72.82 68.50 74.86

RoBERTabase
Baseline 82.13 84.99 69.49 75.32 53.01 64.12 57.68 72.12 44.17 51.92 81.76 87.12 86.26 86.30 63.18 72.06 67.21 74.24
+ RISE 82.83 85.76† 69.81 76.23† 52.92 64.38 60.70† 73.21† 46.79† 52.73† 81.66 87.10 86.63 86.61 63.56 72.16 68.11† 74.77

Table 1: Performance across full test sets. Baseline refers to the underlying model without RISE, while “+ RISE”
denotes performance with our inference-time framework applied. Results are reported in terms of Macro-F1 and
Weighted-F1 scores, averaged over three runs. † indicates statistical significance over baselines at p < 0.05.

Legal Medical Scientific Average
SCOTUSCategory SCOTUSRF SCOTUSSteps LEGALEVAL DEEPRHOLE PUBMED BIORC CS-ABSTRACTS

mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1 mF1 wF1

Llama-3-8B
Hard (%) 24.2 31.6 35.2 38.9 65.9 47.6 21.5 42.6 38.4
Baseline 46.87 49.30 34.25 42.34 28.51 35.82 37.68 47.94 27.62 36.54 55.01 55.63 57.11 55.71 47.50 51.07 41.82 46.79
+ RISE 52.77† 55.37† 47.12† 55.02† 33.87† 46.86† 43.75† 53.69† 32.97† 39.81† 57.59† 57.57† 60.68† 55.38 41.24 45.95 46.25† 51.21†

Mistral-7B
Hard (%) 22.9 29.5 40.3 39.3 64.8 54.1 27.9 44.3 40.4
Baseline 49.75 48.29 36.37 44.49 34.84 39.81 36.17 44.02 33.59 42.14 52.17 52.02 44.57 52.60 43.63 45.69 41.39 46.13
+ RISE 56.00† 57.30† 46.23† 48.18† 42.07† 45.74† 49.84† 55.38† 37.65† 43.89† 58.66† 58.41† 57.25† 59.39† 53.64† 54.73† 50.17† 52.88†

Qwen3-8B
Hard (%) 31.5 33.2 37.4 41.8 56.4 47.4 30.2 42.0 40.0
Baseline 48.44 48.38 37.85 43.07 31.84 33.86 38.60 46.09 29.73 38.26 54.76 54.82 47.13 52.87 51.21 54.41 42.45 46.47
+ RISE 65.45† 62.27† 47.56† 55.85† 36.37† 43.23† 45.08† 53.31† 33.71† 41.35† 58.96† 58.84† 62.54† 60.62† 41.77 44.62 48.93† 52.51†

ALBERTbase

Hard (%) 23.5 26.4 34.1 37.3 51.6 27.0 32.4 33.0 33.2
Baseline 47.07 56.67 45.61 44.94 34.21 39.15 33.96 44.25 32.86 41.76 54.81 55.20 63.68 61.36 44.21 46.45 44.55 48.72
+ RISE 49.65† 57.18 51.98† 49.92† 38.73† 43.54† 36.62† 45.34† 31.64 42.41 55.15 54.98 61.05 58.47 45.74† 46.75 46.32† 49.82†

BERTbase

Hard (%) 25.0 29.1 34.2 39.5 42.7 22.6 30.7 30.9 31.8
Baseline 51.68 54.40 40.72 49.89 32.90 37.53 36.18 44.19 40.48 42.66 55.31 55.96 59.98 59.44 40.76 43.70 44.75 48.47
+ RISE 56.94† 60.20† 46.05† 52.12† 35.76† 40.36† 43.46† 47.33† 40.92 43.47† 55.00 55.03 57.47 55.88 43.28† 45.08† 47.36† 49.93†

DeBERTabase

Hard (%) 29.9 29.6 33.1 39.4 54.3 23.1 22.4 33.0 33.1
Baseline 54.32 56.35 39.10 43.99 34.07 36.84 35.24 44.99 28.03 39.99 53.43 55.21 58.67 51.51 40.67 42.41 42.94 46.41
+ RISE 53.51 58.07† 41.31† 46.46† 37.12† 40.03† 43.37† 48.67† 26.46 40.44 54.94† 55.28 59.03 52.98† 42.86† 42.57 44.83† 48.06†

RoBERTabase
Hard (%) 26.1 29.2 31.2 38.3 43.3 24.2 24.3 31.2 31.0
Baseline 46.37 51.66 40.97 47.81 33.67 39.36 35.93 47.15 27.41 36.30 53.62 54.71 44.76 55.58 38.10 38.15 40.10 46.34
+ RISE 52.46† 56.61† 41.90† 50.29† 33.22 39.75 43.17† 49.99† 35.35† 38.59† 54.18 54.71 47.79† 57.86† 38.37 38.64 43.30† 48.31†

Table 2: Performance on hard-example test subsets. Hard (%) denotes the proportion of examples identified as
hard within each test set.

This issue is especially pronounced on SCOTUSRF308

and SCOTUSSteps, where substantial rhetorical over-309

lap causes baseline models to assign similar con-310

fidence scores to competing roles (Lavissière and311

Bonnard, 2024). By incorporating label semantics312

at inference time, RISE reduces this ambiguity and313

improves label selection.314

A similar pattern is observed for causal LMs315

such as Qwen-3. Although large-scale pretraining316

encodes rich semantic information, discriminative317

classification heads do not fully exploit it when318

making fine-grained rhetorical distinctions. RISE319

improves predictions without retraining, supporting320

the interpretation that semantic ambiguity—rather321

than limitations in sentence representations, is a322

dominant source of RRL errors.323

Takeaway 1. RISE shows that leveraging label
semantics at inference time is an effective, model-
agnostic way to reduce semantic ambiguity.

324

2. Does RISE effectively improve perfor- 325

mance on hard examples? Further analysis in Ta- 326

ble 2 shows that RISE produces larger gains when 327

evaluation is restricted to hard examples, i.e., pre- 328

dictions with low confidence. Because hard cases 329

are identified automatically, each model defines 330

its own subset. Across datasets, gains range from 331

+1.8 to nearly +8 mF1 points, markedly higher 332

than those observed on full test sets. This pattern 333

shows that semantic reranking is most effective 334

where label competition is strongest, while leaving 335

already confident predictions unchanged. 336

Takeaway 2. RISE concentrates improvements
on uncertain predictions, where semantic compe-
tition between labels is highest.

337

3. Does RISE generalize across legal, medical, 338

and scientific domains? RISE improves perfor- 339

mance across all evaluated domains despite their 340

differing discourse structures. In legal datasets, the 341
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SCOTUSRF LEGALEVAL DEEPRHOLE

mF1 wF1 mF1 wF1 mF1 wF1

LegalBERT
Baseline 69.95 76.84 56.43 68.66 46.75 53.36
+ RISE 71.38 77.35 59.93 70.85 47.48 54.49

SaulLM-7B
Baseline 68.90 76.57 57.93 71.29 48.29 55.17
+ RISE 70.65 77.42 61.10 72.72 46.63 53.85

Table 3: Impact of domain-specialized language models
within RISE.

SCOTUSRF LEGALEVAL DEEPRHOLE

mF1 wF1 mF1 wF1 mF1 wF1

Qwen3-0.6B
Baseline 65.02 72.54 55.07 69.75 37.15 44.86
+ RISE 67.62 75.11 58.22 72.09 41.71 47.36

Qwen3-1.7B
Baseline 66.99 74.84 57.13 70.69 28.11 39.71
+ RISE 70.07 77.12 62.52 73.36 40.82 46.99

Qwen3-8B
Baseline 69.36 75.53 58.87 71.19 45.10 51.35
+ RISE 71.75 77.81 60.25 73.06 46.04 52.55

Table 4: Experimental results of RISE using different
LM sizes from the same model family.

gains remain consistent, indicating robustness to342

complex argumentative and hierarchical patterns.343

In medical and scientific abstracts, where discourse344

is more standardized, RISE continues to identify345

hard cases and improves their predictions, comple-346

menting baseline classifiers under uncertainty.347

Takeaway 3. RISE generalizes across domains
by improving uncertain predictions despite sub-
stantial differences in discourse structure.

348

5.2 Impact of Domain-Specialized LMs in349

RISE350

Table 3 shows that semantic reranking yields con-351

sistent gains when applied to domain-specialized352

models such as LegalBERT (Chalkidis et al., 2020)353

and SaulLM-7B (Colombo et al., 2024). This in-354

dicates that inference-time semantic refinement re-355

mains effective even when sentence representations356

are shaped by domain-specific pretraining. How-357

ever, performance drops observed for SaulLM on358

DeepRhole highlight a different limitation. As re-359

ported by Ling et al. (2025), aggressive domain360

specialization can induce catastrophic forgetting,361

reducing the semantic capacity required for down-362

stream tasks; semantic reranking then cannot fully363

compensate for degraded representations.364

Takeaway 4. RISE remains effective with
domain-specialized models, but excessive special-
ization can limit its benefits.

365

5.3 Impact of LMs Size on RISE366

Table 4 compares three Qwen3 variants (0.6B,367

1.7B, and 8B parameters) to assess the effect of368

model scale. Semantic reranking improves perfor-369

Model LEGALEVAL DEEPRHOLE CSABSTRACTS

RISE (Llama-3-8B) 74.43 54.23 72.79
✗ w/o triplets 73.79 54.18 71.60
✗ w/o fine-tune 73.20 52.87 62.34

RISE (Mistral-7B) 73.93 54.09 73.33
✗ w/o triplets 73.43 53.40 73.94
✗ w/o fine-tune 71.63 53.54 70.61

RISE (Qwen3-8B) 73.06 52.55 71.89
✗ w/o triplets 72.46 51.51 70.21
✗ w/o fine-tune 71.19 51.35 61.83

Table 5: Ablation study on label semantics learning.
✗ w/o triplets represents learning without triplet-based
ambiguity modeling; ✗ w/o fine-tune backbone used as
text–label embedder without contrastive learning.

mance for all sizes, showing that inference-time 370

refinement remains effective even with limited ca- 371

pacity. Larger models, however, reach higher ab- 372

solute scores after refinement. This suggests that 373

increased capacity yields richer semantic signals 374

that can be exploited more effectively. 375

Takeaway 5. RISE benefits models of all sizes,
while larger models achieve higher absolute per-
formance after reranking.

376

5.4 Ablation Study 377

Table 5 isolates the role of learned text–label repre- 378

sentations in the framework. When label semantics 379

are learned through contrastive alignment, rerank- 380

ing consistently improves performance on hard ex- 381

amples, even without ambiguity-aware weighting. 382

This indicates that the shared text–label embed- 383

ding space provides the signal for inference-time 384

refinement. By contrast, replacing learned label 385

representations with backbone embeddings leads 386

to sharp performance drops (e.g., −10.45 wF1 pts 387

with Llama-3 on CSAbstracts), showing that rep- 388

resentations alone do not capture the label-specific 389

distinctions required for effective refinement. 390

5.5 Qualitative Analysis: Semantic Reranking 391

on a Hard Example 392

Table 6 illustrates the effect of semantic reranking 393

on a hard example from SCOTUSRF using Qwen-3. 394

The instance is automatically identified as uncer- 395

tain, with closely competing logits for REJECTING, 396

STATING, and RECALLING. Although REJECT- 397

ING receives the highest score, the correct label 398

(RECALLING) is initially ranked lower, reflecting 399

semantic ambiguity rather than a clear decision. 400

Semantic similarity in the learned text–label em- 401

bedding space shows a stronger alignment between 402

the input sentence and RECALLING than with RE- 403

JECTING. Reranking exploits this signal to reorder 404

6



Hard Example

Even with findings adequate to support closure, the trial court’s orders
denying access to voir dire testimony failed to consider whether
alternatives were available to protect the interests of the prospective jurors
that the trial court’s orders sought to guard.

Top-3 Logits ↓ Semantic Distance Reranked Logits ↓

Rejecting: 3.6837 ✗ Recalling: 0.6776 Recalling: 1.6380 ✓

Stating: 3.4986 Stating: 0.4200 Stating: 1.4696
Recalling: 2.4172 Rejecting: 0.2696 Rejecting: 0.9932

Table 6: Case study from SCOTUSRF. Due to space con-
straints, only the Top-3 logits are shown. Incorrect roles
are marked in red, and correct roles in green.

LEGALEVAL PUBMED CS-ABSTRACTS

mF1 wF1 mF1 wF1 mF1 wF1

Similarity-based 55.87 67.02 79.91 85.87 63.59 70.78
Discriminative 60.01 73.20 82.51 87.63 67.39 74.59

Table 7: Discriminative vs. Similarity-based classifica-
tion (full test sets).

the logits, promoting the correct label while demot-405

ing the semantically weaker alternative.406

5.6 Further Discussion: Design Rationale of407

the RISE Framework408

Discriminative vs. Similarity-based Classifica-409

tion. A natural question is why not rely solely410

on similarity-based classification for RRL. Results411

reported in Table 7 show that similarity-based clas-412

sification consistently underperforms the discrimi-413

native approach on full test sets across all datasets.414

This performance gap becomes even more pro-415

nounced on easy instances, as shown in Table 8,416

where the discriminative classifier achieves sub-417

stantially higher mF1 and wF1 scores.418

Effects of Automatic Hard-Example Detection.419

We analyze the trade-off between performance420

and inference-time cost by varying the variance421

threshold for hard-example detection. As shown422

in Figure 3, increasing the threshold selects more423

instances for reranking, initially improving per-424

formance but eventually causing saturation and425

degradation as confident cases are unnecessarily426

reranked. The automatically selected threshold427

(green dashed line) lies near the point of maximal428

benefit, achieving near-peak performance while429

limiting inference-time cost.430

LLM-based Reranking as an Alternative Design.431

Inspired by the LLM-as-a-judge paradigm (Gu432

et al., 2025), a natural alternative is to use large433

language models as semantic rerankers under un-434

certainty. We explore this design in Appendix C,435

LEGALEVAL PUBMED CS-ABSTRACTS

mF1 wF1 mF1 wF1 mF1 wF1

Similarity-based 64.47 75.26 84.38 88.42 71.29 82.64
Discriminative 76.11 82.27 86.56 90.11 74.82 85.30

Table 8: Discriminative vs. Similarity-based classifica-
tion (easy instances).
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Figure 3: Marginal effect of automatic hard-example de-
tection on SCOTUSSteps with LLaMA-3-8B. The orange
curve shows wF1, the red curve indicates the number of
detected hard examples (inference-time cost), and the
green dashed line marks the selected variance threshold.

where LLMs are applied only to hard examples and 436

restricted to a filtered set of candidate labels. While 437

this constrained setting improves over global LLM- 438

based classification, it remains consistently inferior 439

to the proposed approach. LLM-based reranking 440

exhibits higher variance and sensitivity to candi- 441

date selection, and introduces substantial inference- 442

time cost. These findings suggest that lightweight, 443

similarity-driven reranking provides a more robust 444

and efficient solution for resolving semantic ambi- 445

guity, motivating the design choices behind RISE. 446

6 Hardness from a Human Perspective: 447

An Empirical Analysis 448

To complement model-centric analyses of predic- 449

tion difficulty, we examine hardness from a hu- 450

man perspective through an annotation study on 451

SCOTUSRF, which features strong semantic over- 452

lap between labels and is well suited to study- 453

ing ambiguity and disagreement. We annotate the 454

test set (2, 480 instances) with the help of a legal 455

expert, enabling a comparison between human- 456

perceived difficulty and model-defined uncertainty. 457

6.1 Human- and Model-Centered Hardness 458

Definitions 459

Human Annotation. We define human- 460

perceived hardness in terms of the cognitive 461

effort required to assign a label. Each instance is 462

rated on a four-level ordered Likert scale (from 463

easy to difficult), and the annotator identifies the 464

7



Instance Model Human Sources of difficulty

This satisfied the jurisdictional
requirements of 42 U. S. C.

rather easy rather easy Discourse cohesion

and (3) if so, whether the spe-
cific discriminatory provisions
in 1395o (2) are constitutional.

easy difficult Taxonomy ambiguity

We have little difficulty with Es-
pinosa’s failure to file an applica-
tion with the Secretary until after
he was joined in the action.

rather difficult rather easy Writing style

After hearing argument last
Term, we set the case for rear-
gument.

difficult rather easy Taxonomy ambiguity

Table 9: Examples of Human- and Model-rated instance
hardness.

Figure 4: Human vs. Model Hardness: Level-wise
correspondence.

main source(s) of difficulty (e.g., lexico-semantic,465

discourse-cohesion, or taxonomy-related). This466

protocol provides an interpretable signal of467

perceived difficulty.468

Cross-Model Agreement. We define a model-469

centered notion of hardness that mirrors the human470

scale while remaining fully automatic and model-471

agnostic. For each instance, hardness is deter-472

mined by the # of models exhibiting uncertainty:473

instances associated with a small number of un-474

certain models are considered easy, whereas those475

triggering uncertainty across many models are la-476

beled as harder. This count-based signal is mapped477

to the same four-level Likert scale, enabling direct478

comparison with human-perceived difficulty.479

Table 9 presents annotation examples; full details480

of the protocol are provided in Appendix A.481

6.2 Human–Model Alignment Analysis482

Figure 4 shows a moderate alignment between483

human- and model-defined hardness (Cohen’s κ =484

0.40; Spearman’s ρ = 0.46), indicating partial485

overlap between perceived difficulty and model486

uncertainty. Agreement is strongest on low-effort487

cases, where instances are clearly unambiguous.488

As difficulty increases, model assessments become489

more dispersed, reflecting greater sensitivity to490

competing labels. For instances rated as non-easy491

Model Annotation Difficulty (Likert Scale)

Easy Rather easy Rather difficult Difficult

Baseline 88.76 63.13 35.38 39.16
RISE 90.27 66.89 38.10 44.27

Table 10: Performance (wF1) across Human-Annotated
Difficulty Levels (Qwen-3).

by humans, taxonomy ambiguity is the dominant 492

source of difficulty (27.9%), exceeding surface- 493

level linguistic factors. This suggests that per- 494

ceived hardness primarily stems from uncertainty 495

between overlapping roles rather than lexical or 496

syntactic complexity. Discourse-level coherence 497

follows (13.2%), highlighting the role of broader 498

contextual integration (see Appendix B). 499

6.3 Implications for our RISE Framework 500

Table 10 compares baseline performance and RISE 501

across instances grouped by human-perceived dif- 502

ficulty. On Easy instances, both systems perform 503

well; a modest gain is still observed (+1.5 wF1 pts) 504

without degrading confident predictions. Gains in- 505

crease with difficulty, indicating that the method 506

is most effective on cognitively demanding cases 507

and aligning with the hard-example analysis, where 508

model uncertainty signals challenging instances. 509

Takeaway 6. Hardness assessed by humans only
partially overlaps with model-defined uncertainty,
and higher human-perceived difficulty consis-
tently correlates with larger gains from RISE.

510

7 Conclusion 511

We propose RISE, an inference-time semantic 512

reranking framework for RRL that refines low- 513

confidence predictions by leveraging label seman- 514

tics, yielding consistent improvements across do- 515

mains and model architectures without retraining 516

or architectural modification. Analysis based on 517

human-annotated difficulty shows that model uncer- 518

tainty only partially aligns with human-perceived 519

hardness, with taxonomy-level ambiguity emerging 520

as the primary source of challenging cases. This 521

gap underscores the limitations of purely discrim- 522

inative decision functions when label boundaries 523

are semantically overlapping. Beyond RRL, this 524

framework provides a principled direction for ana- 525

lyzing limitations in human–model alignment for 526

difficulty assessment, with implications for evalua- 527

tion protocols, annotation practices, and benchmark 528

design. 529
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8 Limitations530

While RISE consistently improves performance on531

uncertain predictions across models and domains,532

some limitations should be considered to properly533

contextualize its contributions and inform future534

research directions:535

• RISE operates at the sentence level and re-536

lies on sentence representations produced by537

the underlying classifier. Although effec-538

tive for resolving semantic competition be-539

tween labels, this formulation does not explic-540

itly model finer-grained discourse phenomena541

such as clause-level rhetorical cues or long-542

range inter-sentence dependencies, which may543

be critical for certain rhetorical distinctions.544

• The framework assumes that label semantics,545

as encoded through contrastive text–label rep-546

resentations, are sufficiently informative to547

resolve ambiguity. In settings where label548

names are underspecified, highly abstract, or549

weakly aligned with their functional defini-550

tions, the benefits of semantic reranking may551

be limited.552

• All experiments are conducted on English553

datasets. Extending RISE to multilingual554

RRL settings introduces additional challenges,555

including cross-lingual alignment of label se-556

mantics, variation in rhetorical conventions,557

and the robustness of semantic similarity mea-558

sures across languages.559

9 Ethics Statement560

This work relies on pretrained language models561

whose representations may encode societal, cul-562

tural, or domain-specific biases. Although RISE563

operates exclusively at inference time and does not564

introduce generative components or additional su-565

pervision, it may nonetheless inherit or propagate566

biases present in the underlying models through se-567

mantic similarity and reranking mechanisms. Our568

experiments did not reveal systematic harmful be-569

haviors; however, the reliance on label semantics570

may disproportionately affect roles that are abstract,571

underrepresented, or ambiguously defined.572
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A Human Annotation of Instance812

Hardness813

A.1 Motivation and Objectives814

While model-defined uncertainty provides an op-815

erational signal for identifying hard instances, it816

does not fully capture the cognitive effort required817

by humans to interpret a sentence and assign its818

rhetorical role. We therefore introduce a human an-819

notation of instance difficulty on the SCOTUSRF820

dataset (2480 instances) to complement model-821

centered analyses. This annotation aims to identify822

instances perceived as difficult by experts, char-823

acterize the linguistic and taxonomic sources of824

this difficulty, and enable a systematic compari-825

son between human-perceived hardness and model-826

defined uncertainty.827

A.2 Human Definition of Instance Difficulty828

Instance difficulty is defined as the level of cogni-829

tive effort and uncertainty required to understand a830

sentence and assign it to an appropriate rhetorical831

role. This notion reflects the joint effect of two832

closely related components: the linguistic complex-833

ity of the sentence and the difficulty of mapping834

the interpreted content to a unique label within the835

rhetorical role taxonomy. Difficulty is treated as an836

intrinsic property of the instance, independent of837

the correctness of the gold label or the annotator’s838

expertise.839

A.3 Model Definition of Instance Difficulty840

To derive a model-centered notion of instance hard-841

ness that mirrors human judgments while remain-842

ing fully automatic and model-agnostic, we rely on843

cross-model agreement under uncertainty. We con-844

sider a set of M = 7 independently trained models.845

For each instance, model uncertainty is first deter-846

mined using the variance-based criterion described847

in Section 3.2. A model is considered uncertain848

if the variance of its output logits falls below its849

model-specific threshold. For a given instance, we850

compute a hardness score k ∈ {0, . . . , 7}, defined851

as the number of models exhibiting uncertainty on852

that instance. Higher values of k indicate stronger853

cross-model consensus that the instance is ambigu-854

ous. We define the following difficulty levels:855

• Easy: k = 0856

• Rather easy: k ∈ {1, 2}857

• Rather difficult: k ∈ {3, 4}858

• Difficult: k ∈ {5, 6, 7}859

A.4 Annotation Protocol 860

To operationalize the notion of instance difficulty, 861

we define a structured annotation protocol that 862

guides expert judgments in a consistent and re- 863

producible manner. The protocol specifies a cog- 864

nitively grounded difficulty scale, a step-by-step 865

annotation procedure, and a set of explanatory fac- 866

tors used to justify difficulty assessments. Anno- 867

tations are performed at the sentence level while 868

considering the surrounding document context. 869

Difficulty Scale. Instance difficulty is annotated 870

using a four-level ordinal Likert scale reflecting 871

increasing levels of cognitive effort required to un- 872

derstand a sentence and assign its rhetorical role. 873

Each level is defined through observable behaviors 874

during reading and decision-making, rather than 875

subjective impressions. 876

• Easy corresponds to cases where comprehen- 877

sion is immediate and the rhetorical role is 878

assigned without hesitation. 879

• Rather easy refers to sentences that remain 880

fluent to read and whose role is determined 881

with little or no doubt. 882

• Rather difficult describes instances where 883

comprehension is slowed or where hesitation 884

arises between two semantically close roles, 885

often requiring rereading. 886

• Difficult denotes cases involving high cogni- 887

tive cost, such as complex structures or strong 888

contextual dependence, where multiple reread- 889

ings are needed before a decision can be made. 890

Explanatory Factors of Difficulty. After assign- 891

ing a global difficulty level, the annotator identifies 892

the factors contributing to the perceived difficulty. 893

These factors are not mutually exclusive, as diffi- 894

culty may arise from multiple interacting sources. 895

• Lexico-semantic factors capture difficulties re- 896

lated to specialized, rare, abstract, or context- 897

dependent vocabulary. 898

• Syntactic complexity refers to long or unusual 899

grammatical constructions, including embed- 900

ded clauses or passive structures. 901

• Discourse cohesion concerns difficulties in re- 902

solving references or interpreting logical con- 903

nectors linking the sentence to its neighbors. 904

• Discourse coherence reflects cases where the 905

sentence lacks sufficient information to be in- 906
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Figure 5: Distribution of instance difficulty levels ac-
cording to human annotations and model-defined uncer-
tainty on SCOTUSRF.

Figure 6: Distribution of human-identified explanatory
factors for non-easy instances on SCOTUSRF.

terpreted independently and relies heavily on907

broader context.908

• Writing style includes stylistic features such909

as archaic formulations, impersonal construc-910

tions, or reported speech that slow comprehen-911

sion.912

• Taxonomy-related ambiguity captures uncer-913

tainty arising from semantic overlap between914

rhetorical roles rather than from the sentence915

content itself.916

An additional Other category is available to917

record factors not covered by the predefined list.918

This structured factor annotation enables subse-919

quent qualitative analyses and supports quantitative920

comparisons between human-perceived difficulty921

and model-defined uncertainty.922

B Human–Model Alignment Analysis923

Figure 5 presents the distribution of instance dif-924

ficulty levels as assessed by the human annotator925

and as identified by the model on the SCOTUSRF926

dataset. Human annotations are dominated by in-927

stances labeled as Easy, which account for the928

majority of sentences, followed by a gradual de-929

crease across higher difficulty levels. In contrast,930

the model assigns a lower proportion of instances 931

to the Easy category and identifies a larger share 932

of instances as Rather difficult and Difficult. This 933

shift indicates that model-defined uncertainty tends 934

to spread difficulty across higher levels compared 935

to human judgments, suggesting systematic differ- 936

ences in how difficulty is perceived by humans and 937

inferred from model confidence. 938

Figure 6 reports the distribution of explanatory 939

factors selected by the human annotator for in- 940

stances rated as non-easy. Taxonomy-related ambi- 941

guity emerges as the dominant source of difficulty, 942

accounting for 27.9% of the annotated cases. This 943

is followed by discourse coherence issues (13.2%), 944

indicating that difficulty often arises from uncer- 945

tainty in mapping a sentence to a rhetorical role or 946

from insufficient contextual information rather than 947

from surface-level linguistic complexity. Factors 948

such as commentary style, writing style, and syn- 949

tactic complexity contribute more modestly, while 950

lexico-semantic factors and discourse cohesion are 951

comparatively less frequent. These distributions 952

suggest that human-perceived difficulty in rhetor- 953

ical role labeling is primarily driven by semantic 954

overlap between labels and broader contextual de- 955

pendencies, rather than by lexical or syntactic prop- 956

erties alone. 957

C LLM-as-a-Reranker with Candidate 958

Filtering 959

C.1 Motivation and Design Rationale 960

This experiment examines whether a large language 961

model can be used as a semantic reranker to re- 962

solve ambiguous predictions in rhetorical role la- 963

beling. Using an LLM as a global classifier is 964

ill-suited to RRL, as the task involves large and 965

fine-grained label spaces in which semantic over- 966

lap amplifies decision noise rather than reducing 967

uncertainty (Belfathi et al., 2023). To address this 968

limitation, we adopt a two-stage reranking strat- 969

egy. First, a restricted set of candidate labels is 970

generated using a discriminative classifier, option- 971

ally complemented by a similarity-based signal. 972

Second, the LLM is applied only to hard exam- 973

ples—where classifier confidence is low—to rerank 974

these candidates. This design constrains inference- 975

time cost and places the LLM in a local decision 976

setting, where focused semantic comparison among 977

a small set of competing labels is more effective 978

than global classification. 979
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Persona: Expert legal analyst specialized in judicial
reasoning.

Task: Assign a rhetorical role to a sentence from a court
decision.

Roles Definitions:
A) Granting certiorari: Assigned to sentences where the Court
explicitly signals that it has agreed to review the case...
B) Presenting jurisdiction: Covers sentences that neutrally
present elements of the case background...
C) Rejecting arguments/a reasoning: Indicates disagreement or
refutation of a prior argument...

Sentence:
He then brought collateral relief proceedings in the ...

Candidate choices:
A) Granting certiorari
B) Presenting jurisdiction
C) Rejecting arguments/a reasoning

Answer: (B)

Figure 7: Prompt design for LLM-based rhetorical role
reranking with candidate filtering.

Method Setting mF1 wF1

Baseline – 40.72 49.89

RiSE – 47.12 55.02

LLM-as-a-Reranker

All choices 21.68 28.44
Selection 32.04 36.62
Pairwise 44.10 52.31
Pairwise + Selection 30.62 39.48

Table 11: Comparison between RiSE and LLM-as-a-
Reranker strategies on SCOTUSRF using LLaMA-3,
with GPT-4.1 employed for LLM-based reranking.

C.2 Results Discussion980

Figure 7 illustrates the prompt design used for981

LLM-based reranking with candidate filtering,982

where the LLM operates under a constrained, local983

decision setting. Table 11 reports a comparison be-984

tween RISE and several LLM-as-a-Reranker vari-985

ants on SCOTUSRF using LLaMA-3, with GPT-4.1986

employed for LLM-based reranking, and focuses987

on performance on hard examples. RISE consis-988

tently outperforms both the discriminative base-989

line and all LLM-based reranking strategies, yield-990

ing the highest Macro-F1 and Weighted-F1 scores.991

This result indicates that lightweight, similarity-992

based reranking is effective at resolving semantic993

ambiguity under uncertainty without introducing994

additional noise.995

In contrast, LLM-based reranking exhibits se-996

vere performance degradation when applied to997

global label selection or unrestricted candidate sets998

(“All choices” and “Selection” settings), as shown999

by the sharp drop in both Macro-F1 and Weighted-1000

F1. Reformulating the task as pairwise compar-1001

isons between competing labels substantially im-1002

proves performance, particularly in terms of Macro-1003

F1, suggesting that LLMs are more reliable when1004

restricted to fine-grained semantic comparisons1005
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Figure 8: Financial and time cost comparison. LLM-RR
denotes the LLM-as-a-Reranker strategy.

rather than multi-class decision making. However, 1006

even under this constrained setting, pairwise LLM- 1007

based reranking remains inferior to RISE, indicat- 1008

ing lower robustness and higher variance in deci- 1009

sion outcomes. 1010

Figure 8 further highlights the practical implica- 1011

tions of these results by comparing financial and 1012

time costs. While RISE incurs negligible addi- 1013

tional cost at inference time, LLM-based reranking 1014

introduces a substantial increase in both latency 1015

and monetary cost. Taken together, these findings 1016

show that although LLMs can partially recover per- 1017

formance when tightly constrained to local compar- 1018

isons, RISE offers a more robust, efficient, and con- 1019

sistent inference-time reranking strategy for rhetor- 1020

ical role labeling. 1021

D Dataset Details 1022

We evaluate our RISE framework on eight RRL 1023

benchmarks spanning the legal, medical, and sci- 1024

entific domains. We use the original dataset splits. 1025

Dataset statistics are reported in Table 12. 1026

SCOTUS-LAW (Lavissière and Bonnard, 2024) is 1027

a corpus of U.S. Supreme Court (SCOTUS) deci- 1028

sions collected from CourtListener. It annotated at 1029

the sentence level using a hierarchical annotation 1030

scheme with three levels of granularity. It includes 1031

three subsets: SCOTUSCategory (5 labels) captur- 1032

ing high-level discourse structure, SCOTUSRF 1033

(13 labels) focusing on rhetorical functions, and 1034

SCOTUSSteps (35 labels), which combines cate- 1035

gories and rhetorical functions with optional fine- 1036

grained reasoning attributes (type, author, target). 1037

LegalEval (Kalamkar et al., 2022) consists of judg- 1038

ments from the Indian Supreme Court, High Courts, 1039

and District Courts. It provides public training and 1040

validation splits with 214 documents, respectively, 1041

totaling 31,865 sentences (an average of 115 per 1042

document), annotated with 13 rhetorical role labels. 1043

DeepRhole (Bhattacharya et al., 2023) includes 50 1044

judgments from the Indian Supreme Court across 1045
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Dataset Source Domain Language # Docs # Sents Labels

SCOTUSCategory Lavissière and Bonnard (2024) Legal (U.S.) English 180 26,328 5
SCOTUSRF Lavissière and Bonnard (2024) Legal (U.S.) English 180 26,327 13
SCOTUSSteps Lavissière and Bonnard (2024) Legal (U.S.) English 180 26,327 35
LEGALEVAL Kalamkar et al. (2022) Legal (India) English 214 31,865 13
DEEPRHOLE Bhattacharya et al. (2023) Legal (India) English 50 9,380 7
PubMed Dernoncourt and Lee (2017) Medical English 20,000 227,000 5
BIORC Lan et al. (2024) Medical English 800 7,911 6
CS-ABSTRACTS Gonçalves et al. (2020) Scientific English 654 7,385 5

Table 12: Evaluation datasets used in our experiments.

five legal domains, annotated with 7 rhetorical roles.1046

It comprises 9,380 sentences (an average of 1881047

sentences per document).1048

PubMed (Dernoncourt and Lee, 2017) contains1049

20,000 structured medical abstracts from random-1050

ized controlled trials. Sentences are automatically1051

labeled by the authors into five rhetorical roles:1052

Background, Objective, Methods, Results, and Con-1053

clusions.1054

BIORC (Lan et al., 2024) is a manually annotated1055

biomedical abstract corpus designed for sequential1056

sentence classification. It contains 800 PubMed1057

abstracts (700 unstructured and 100 structured),1058

totaling 7,911 sentences, with an average of ap-1059

proximately 9.9 sentences per abstract. Sentences1060

are annotated at the sentence level using a multi-1061

label schema with six rhetorical roles: Background,1062

Objective, Methods, Results, Conclusions, and an1063

additional Other class for sentences that do not fit1064

standard rhetorical categories.1065

CS-Abstracts (Gonçalves et al., 2020) includes1066

654 abstracts from the computer science literature,1067

annotated via crowdsourcing into the same five1068

rhetorical roles as PubMed. It is currently the most1069

recent dataset for rhetorical structure classification1070

in the scientific domain.1071

E Implementation Details1072

We conduct experiments with four autoencoding1073

encoders: ALBERT, BERT, RoBERTa, and De-1074

BERTa. Following the standard architecture of1075

(Devlin et al., 2019), we adopt a simple model de-1076

sign to focus on evaluating the effectiveness of our1077

approach. Each model encodes the input text using1078

a pretrained backbone and extracts the final hidden1079

representation of the [CLS] token. This represen-1080

tation is passed through a Dropout layer to reduce1081

overfitting, followed by an MLP classifier.1082

For causal language models, we evaluate three ar-1083

chitectures: Mistral-7B, LLaMA-3-8B, and Qwen- 1084

3-8B. All models are trained with a learning rate of 1085

1e−5, weight decay of 0.001, and a dropout rate of 1086

0.1. Gradient norms are clipped to 1.0, and training 1087

is performed for 5 epochs with a batch size of 64. 1088

We apply LoRA for parameter-efficient fine-tuning, 1089

setting the rank r = 8 and scaling factor α = 32. 1090

A warmup ratio of 1.0 is used, linearly increasing 1091

the learning rate during the first epoch to stabilize 1092

training while maintaining efficient convergence. 1093
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