
Optimizing the Effectiveness-Efficiency-Interpretability Trade-off in Text
Classification via Hard Instance Paraphrasing

Anonymous ACL submission

Abstract

Large Language Models (LLMs) achieve001
strong text classification performance but002
incur high training and inference costs. Small003
Language Models (SLMs) are more efficient004
yet struggle with ambiguous or low-confidence005
(“hard”) instances. We propose RAP –006
Rewrite-Assess-Predict for Hard Instances, a007
multi-stage framework that combines SLM ef-008
ficiency with zero-shot LLM adaptability. RAP009
first detects hard instances using calibrated con-010
fidence, then applies prompt-optimized LLM011
paraphrasing to make class-relevant cues more012
explicit, with the resulting paraphrases replac-013
ing the original texts for subsequent classifica-014
tion. The paraphrased texts are reassessed, and015
predictions are chosen using calibrated confi-016
dence, ensuring performance does not degrade017
when rewriting is unhelpful. Experiments018
across multiple datasets show that paraphrases019
preserve semantic content, mitigate label shifts,020
and substantially improve SLM effectiveness021
on hard cases. Qualitative analysis further022
reveals systematic textual modifications that023
enhance class salience and interpretability.024
Overall, RAP provides a more accurate, reli-025
able, interpretable, scalable, and cost-effective026
alternative to end-to-end LLM classification.027

1 Introduction028

029

Text classification (TC) is a core NLP task under-030

pinning applications such as information retrieval,031

content moderation, and digital archiving (Sebas-032

tiani, 2002; Kowsari et al., 2019). Recent advances033

in Language Models (LMs) have substantially034

improved classification effectiveness (Devlin et al.,035

2019; Raffel et al., 2020; Bommasani et al., 2021;036

Zhang et al., 2025). However, state-of-the-art per-037

formance typically relies on fine-tuning large mod-038

els (Cunha et al., 2025), which increases compu-039

tational cost and raises concerns about scalability,040

efficiency, and sustainability (Kaplan et al., 2020).041

Although fine-tuned LMs (Small or Large) are 042

highly effective, their training and inference costs 043

hinder widespread deployment. Small Language 044

Models (SLMs), such as RoBERTa (Liu et al., 045

2019), with fewer than one billion parameters 046

– commonly considered suitable for resource- 047

constrained settings (Liu et al., 2024; Wang 048

et al., 2025a) – offer substantially lower overhead. 049

Yet SLMs often underperform on ambiguous or 050

low-confidence (“hard”) documents, where class 051

boundaries are unclear (Desai and Durrett, 2020; 052

Cunha et al., 2025). LLMs typically handle such 053

cases better, but at a significantly higher cost 054

and usually only when fine-tuned; zero-shot or 055

in-context LLMs rarely surpass tuned SLMs in 056

TC (Cunha et al., 2025; Bucher and Martini, 2024). 057

This reveals a persistent effectiveness–efficiency 058

trade-off that remains insufficiently addressed. 059

Recent work suggests two complementary 060

directions to mitigate this trade-off. First, identi- 061

fying hard instances–those for which the model 062

assigns low confidence scores–enables targeted 063

allocation of computational resources (Andrade 064

et al., 2024). Second, zero-shot LLMs can generate 065

semantically consistent paraphrases1 that make 066

class-discriminative cues more explicit, improving 067

downstream classification (Li et al., 2025). These 068

insights motivate hybrid strategies that combine 069

SLM efficiency with the instruction-following 070

flexibility and semantic rewriting capabilities of 071

LLMs. In addition, paraphrasing may enhance in- 072

terpretability by explicitly surfacing class-relevant 073

information (Shwartz and Dagan, 2018). 074

Prior work has explored data augmentation for 075

TC via lexical perturbations or LLM-generated 076

rewrites, typically expanding the training set 077

with paraphrased instances (Wei and Zou, 2019; 078

Sarker et al., 2023; Ding et al., 2023; Anaby-Tavor 079

1“paraphrase” and “rewrite” are used interchangeably
throughout this text.
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et al., 2023). While sometimes effective, such ap-080

proaches generally apply augmentation uniformly081

across the dataset, which increases computational082

cost and requires full model retraining. Moreover,083

they rarely aim to explicitly highlight class-relevant084

information, limiting interpretability and obscuring085

how paraphrasing benefits classification.086

By contrast, this paper proposes RAP – Rewrite-087

Assess-Predict for Hard Instances, a multi-stage088

classification framework that selectively integrates089

SLMs and zero-shot LLMs. RAP first relies on090

SLMs for confident predictions, then applies091

prompt-optimized LLM paraphrasing to hard092

instances – defined here as low-confidence texts093

identified by a calibrated SLM classifier – only,094

rewriting the original text to make class member-095

ship more explicit. Predictions from the SLM on096

the original and rewritten texts are subsequently097

reassessed and combined based on calibrated098

confidence, yielding additional effectiveness and099

reliability gains. Prompt optimization is performed100

per dataset using a validation set, enabling effective101

paraphrasing without fine-tuning the model.102

Our proposal’s novelty lies in integrating text103

difficulty detection, prompt optimization, and104

paraphrase generation from the original text into105

a single pipeline. To the best of our knowledge,106

this is the first approach that combines these three107

elements for TC, balancing effectiveness with108

efficiency and interpretability, paving the way for109

more sustainable and interpretable NLP solutions.110

Our proposal is based on the hypothesis that111

paraphrasing benefits classification by making112

class-relevant information more explicit, as long as113

semantic content, and consequently the underlying114

label, is preserved. Accordingly, our first research115

question (RQ1) evaluates whether LLM-generated116

paraphrases remain semantically similar to their117

source texts. Using established similarity metrics,118

we consistently observe high semantic alignment,119

with BERTScore values of around 0.9 across120

all datasets (Section 5). These high similarity121

scores indicate that the paraphrases remain122

meaning-preserving. We further confirmed this123

hypothesis in a manual sample evaluation (Tab. 4)124

While RQ1 shows that paraphrasing preserves125

meaning, semantic fidelity alone does not guar-126

antee effectiveness gains. Two semantically127

equivalent texts may still differ in how clearly they128

expose class-relevant evidence. This motivates129

RQ2, which asks whether paraphrasing hard130

instances not only preserves meaning but also131

enhances class salience, enabling SLMs to 132

make correct predictions. To address this, we 133

analyze prompt design and quantify the impact of 134

rewriting on SLM effectiveness, showing that para- 135

phrases that retain semantics while highlighting 136

discriminative cues yield consistent improvements. 137

When paraphrasing fails to raise confidence, 138

we use a confidence-based decision rule: with 139

the same calibrated model, we score both original 140

and rewritten texts and choose the prediction with 141

higher calibrated confidence. This motivates RQ3, 142

assessing whether confidence-guided selection 143

further improves effectiveness. Results show this 144

targeted strategy is competitive while incurring 145

lower overhead than end-to-end LLM-based TC. 146

Finally, we address interpretability. RQ4 in- 147

vestigates which textual modifications introduced 148

by the LLM make class-relevant information 149

more explicit in hard instances. We analyze these 150

modifications using an established taxonomy of 151

paraphrase phenomena (Bhagat and Hovy, 2013), 152

complemented by fine-grained linguistic analysis 153

grounded in Systemic-Functional Theory (Halliday 154

and Matthiessen, 2013) and Appraisal Theory (Mar- 155

tin and White, 2003). We provide qualitative 156

evidence showing how paraphrasing clarifies class 157

membership, complementing the quantitative 158

results by explaining how and why rewriting 159

improves classification in ambiguous cases. 160

In sum, this paper’s contributions are six-fold: 161

(1) a systematic comparison of calibration-based 162

methods for identifying hard instances in TC; (2) 163

a targeted evaluation of zero-shot LLM-based 164

paraphrasing for improving SLM performance on 165

hard instances, with explicit analysis of semantic 166

preservation; (3) a prompt optimization procedure 167

for class-revealing paraphrasing in sentiment and 168

topic classification tasks; (4) a confidence-based 169

combination strategy that leverages both the 170

original text and its corresponding paraphrase to 171

determine the final classification; (5) a qualitative 172

linguistic analysis of LLM-induced textual 173

modifications that increase class salience; and (6) 174

public dataset release with annotations of hard 175

instances, enabling further scientific advances. 176

2 Related Work 177

Recent work has explored LLM-based rewriting 178

across multiple NLP tasks. Substantial research has 179

focused on improving human readability through 180

sentence simplification in specialized domains such 181

as medicine (Yang et al., 2025) and governmental 182
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communication (Scalercio et al., 2025). These stud-183

ies typically assess semantic preservation and flu-184

ency using similarity metrics and qualitative analy-185

sis, but do not examine how rewriting affects down-186

stream confidence or classification robustness.187

Related work uses LLM paraphrasing as data188

augmentation for classification and QA. Common189

strategies generate multiple rewrites per instance190

and inject them into training data (Ding et al.,191

2023; Sarker et al., 2023; Wang et al., 2025c),192

including multi-label scenarios with paraphrases193

or label-conditioned synthetic examples (Zhao194

et al., 2024). Although effective, these approaches195

uniformly rewrite entire datasets, increase training196

cost, require model retraining, and primarily197

expand coverage rather than explicitly enhancing198

class evidence at inference time.199

More recently, rewriting has been explored as200

a means to improve interpretability by making201

implicit attributes (e.g., sentiment or stance)202

explicit (Li et al., 2025). While showing that203

LLMs can surface latent cues, these works do not204

investigate interactions with small-scale classifiers205

or selective deployment under uncertainty.206

Orthogonally, several studies reduce computa-207

tion by selectively invoking stronger models. For208

instance, Yue et al. (2024) propose weak–strong209

model cascades, querying a powerful LLM only210

when a weaker model is unreliable. Although ef-211

fective, such approaches mainly target API usage212

reduction and do not explicitly address inference ef-213

ficiency, semantic preservation, or interpretability.214

Our work differs from prior approaches along215

four key dimensions. First, instead of uniformly216

paraphrasing or augmenting data, we selectively217

rewrite only hard instances identified via calibrated218

SLM confidence, greatly reducing LLM usage.219

Second, our goal is not to improve readability220

or expand the dataset, but to explicitly surface221

class-relevant cues at inference time so that SLMs222

can resolve ambiguous inputs. Third, we present223

a unified multi-stage framework that integrates224

difficulty detection, prompt optimization, and225

zero-shot paraphrasing with explicit evaluation of226

semantic fidelity, performance, and cost. Finally,227

while most rewriting work focuses only on228

quantitative gains, we also conduct linguistically229

grounded qualitative analysis of how LLM-induced230

changes increase class salience. To our knowledge,231

this is the first work to jointly combine selective232

rewriting, efficiency awareness, and interpretable233

linguistic analysis within a single TC framework.234

3 RAP: Rewrite–Assess–Predict for Hard 235

Instances 236

One of our main contributions is RAP—Rewrite- 237

Assess-Predict for Hard Instances—a unified 238

framework that leverages LLM paraphrasing to 239

enhance Small Language Models (SLMs) while 240

jointly addressing efficiency, effectiveness, and 241

interpretability. RAP operationalizes a central 242

hypothesis: SLMs are efficient and accurate 243

on confident cases but degrade on challenging 244

instances, where correct inference cannot be 245

derived from surface features alone and instead 246

requires deeper semantic or pragmatic interpre- 247

tation, contextual integration, or domain-specific 248

knowledge, often under limited lexical alignment 249

between input and target labels. 250

LLM-based rewriting can clarify such instances 251

by making class-relevant cues more explicit, 252

but indiscriminate use is costly. RAP therefore 253

selectively targets hard instances—identified as 254

low-confidence predictions from a calibrated 255

SLM—rewrites them to emphasize discrimina- 256

tive information, and reclassifies them using a 257

max-confidence rule. This improves effectiveness 258

on difficult cases while preserving efficiency and 259

offering linguistic interpretability through explicit 260

textual transformations. 261

Proposal Framework/Classification Workflow. 262

Figure 1 overviews the RAP framework and its 263

workflow. The process begins by splitting the data 264

into training, validation, and test sets. The training 265

set fine-tunes the SLM (a), which generates 266

predictions (b), whose confidence scores are then 267

calibrated via isotonic regression (c). Instances 268

with calibrated confidence below a threshold L 269

(tuned on validation) are labeled hard (d) and 270

rewritten to make class cues explicit. After opti- 271

mizing the rewrite prompt (e), the LLM generates 272

paraphrases (f), which are reclassified and recal- 273

ibrated by the SLM (g). The original and rewritten 274

calibrated confidences (c,g) are then used to select 275

or combine predictions via a confidence-based rule 276

(h), yielding the final classification (i). 277

Confidence estimation and calibration – Fig.1(c) 278

Identifying hard instances requires reliable confi- 279

dence estimates from the SLM (i.e., RoBERTa; see 280

Section 4.2 for more details). We therefore rely on 281

predicted class probabilities and explicitly address 282

the need for calibration. A classifier is considered 283

calibrated when its predicted probabilities align 284
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Figure 1: Overview of the proposed RAP Framework.

with empirical correctness frequencies within corre-285

sponding probability bins (Guo et al., 2017). To jus-286

tify using SLM confidence as a decision signal, we287

show that softmax probabilities provide sufficient288

discriminative power, consistent with prior findings289

(Wolfe et al., 2017). We further improve reliabil-290

ity through post-hoc calibration. Table 7 in Ap-291

pendix B reports Brier Scores (i.e., the closer to 1,292

the better) for the original softmax outputs and for293

calibrated probabilities obtained via isotonic regres-294

sion. As we can see, across all datasets, isotonic295

regression yields the best calibration performance;296

consequently, we adopt it to obtain the final confi-297

dence estimates used throughout the framework.298

Hard instance threshold selection. Fig.1(d)299

A key framework parameter is the confidence300

threshold (denoted as L), which determines301

whether an instance is considered hard. After302

splitting the data into training, validation, and303

test sets, we generate LLM-based paraphrases for304

hard instances in the validation set and evaluate305

a range of candidate values for L, starting at 0.10306

and increasing at 0.05 steps. The optimal threshold307

is selected as the value that maximizes the target308

effectiveness metric (in this case, MacroF1) on309

the validation set. This validation-driven selection310

ensures that rewriting is applied only when it311

yields measurable gains, directly supporting the312

framework’s efficiency objective. The selected313

threshold is then fixed and applied to the test set.314

Prompt optimization. Fig.1(e) The process be-315

gins with an initial prompt designed to rewrite in-316

stances in a class-revealing manner, with the goal317

of improving classification performance through318

the use of these paraphrases. Prompt optimization319

proceeds iteratively: at each step, the effective-320

ness score of the current prompt is computed and321

compared against the best score observed so far.322

The prompt achieving the highest validation perfor-323

mance is selected as the final prompt. This dataset-324

specific optimization step is crucial to ensure325

that rewriting consistently enhances class salience 326

while preserving semantic similarity. Once the fi- 327

nal prompt is fixed, hard instances in the test set are 328

rewritten and forwarded to the classification stage. 329

Re-write Hard Instance by LLM and predict 330

by SLM. Fig.1(f-g) After identifying the hard 331

instances, we prompt the LLM to paraphrase the 332

original text to make its class membership more ex- 333

plicit (f). The instance is reclassified using the SLM 334

(g), now operating on the rewritten text, thereby 335

producing a new prediction and its corresponding 336

confidence score. As in step (c), the confidence of 337

the paraphrased text is subsequently calibrated (c’), 338

enabling a direct comparison with the confidence 339

obtained from the original text, which is going to 340

be considered in the next step (h). 341

Choosing the most suitable prediction. Fig.1(h-i) 342

Two complementary variants are instantiated to 343

yield the final classification, both operating on 344

the subset of documents identified as hard by the 345

calibrated SLM. (i) SLM Reclassification: hard 346

documents are rewritten using the optimized LLM 347

prompt, and the SLM reclassifies the rewritten texts. 348

This variant isolates the effect of rewriting on SLM 349

performance and directly evaluates whether making 350

class-relevant cues explicit suffices to correct low- 351

confidence predictions. (ii) Confidence-Guided 352

Decision Rule: after identifying hard instances and 353

generating their paraphrases, we compute SLM 354

confidence scores for both the original and rewrit- 355

ten texts, calibrating them with the same model to 356

ensure comparability. The final prediction is then 357

selected based on the higher calibrated confidence. 358

This selective fallback mechanism acts as a safety 359

control, preventing performance degradation 360

by automatically reverting to the original text 361

whenever rewriting decreases model confidence. 362

4 Experimental Methodology and Setup 363

4.1 Datasets 364

Our study draws on 14 datasets covering sentiment 365

analysis and topic classification. Sentiment 366
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datasets correspond to binary classification. We in-367

clude IMDB2 , PangMovie from Rotten Tomatoes3 ,368

SemEval17 (Twitter posts), the Stanford Sentiment369

Treebank (SST and SST-2), and Yelp Reviews.370

Because large LLM training corpora raise concerns371

about benchmark contamination, we further curate372

two post-LLM datasets: RottenT2024 (Jan–Nov373

2024) and IMDB2024 (Jan–May 2024), ensuring374

that evaluation instances were not seen during375

training. Together, these datasets provide a diverse,376

contemporary benchmark. For topic classification,377

we use AGNews (four topical categories), ACM378

Digital Library and DBLP (academic titles and ab-379

stracts), Reddit (10,000 sampled subreddit posts),380

and Twitter Topic with six topic labels. Table 6 in381

Appendix A summarizes dataset statistics.382

4.2 SLM and LLM Selection383

We adopt RoBERTa as the SLM and LLaMA 3.1384

as the LLM due to their open-source availability,385

popularity, and strong empirical performance in386

TC (Wang et al., 2025b). RoBERTa is extensively387

validated for sentiment and topic classification,388

while LLaMA-based models achieve competitive389

results across multiple benchmarks (Cunha et al.,390

2025; Bai et al., 2023; Fonseca et al., 2025).391

4.3 Prompt Optimization392

We perform prompt optimization 1(e) on the393

validation set. We start from an initial rewriting394

prompt generated by ChatGPT 4.0 and refine it395

using optimization strategies inspired by (Chen396

et al., 2024; França et al., 2025). The prompt397

optimizer comprises two stages: (i) a meta-prompt398

that instructs the model to generate alternative399

prompts that differ from the provided examples400

and make the target label more explicit; and (ii)401

a set of candidate prompts, each one associated402

with an effectiveness score. Table 1 presents an403

example of the meta-prompt used for the sentiment404

classification task, where the LLM is expected to405

generate and complete a new prompt.406

Figure 2 illustrates the optimization process,407

showing how rewriting prompt quality evolves408

across iterations. The x-axis indicates the prompt409

iteration (iteration 0 is the initial ChatGPT-410

generated prompt), and the y-axis reports the411

Macro-F1 obtained by the SLM when classifying412

validation hard instances rewritten with each413

prompt. The highest effectiveness is achieved at414

2https://www.imdb.com/
3https://www.rottentomatoes.com/

Table 1: Prompt optimization example.
Your task is to create a single new prompt, distinct from the examples
below, which paraphrases texts more directly with respect to their label.
The prompts provided below serve as examples along with their corre-
sponding achieved scores.
example:
<start prompt>
Paraphrase the following text more directly and concisely regarding the
positive and negative labels:
<end prompt>
score: 0.43
<start prompt>
{Response from LLM}

iteration 3, with Macro-F1 of 0.67. This prompt is 415

selected as final and used for test-set classification. 416

Figure 2: Prompt Optimization of SemEval 2017.

4.4 Experimental Protocol and Tuning 417

All datasets are partitioned using stratified 5-fold 418

cross-validation. In each fold, the data are split into 419

training, validation, and test sets while preserving 420

the original class distribution, and the roles of these 421

partitions rotate across iterations. The validation 422

set is exclusively used for method-specific parame- 423

ter tuning. For SLMs, we follow the hyperparame- 424

ter configuration proposed by (Cunha et al., 2023), 425

fixing the learning rate at 2× 10−5, using a batch 426

size of 64 documents, fine-tuning the model for five 427

epochs, and setting the maximum input length to 428

256 tokens. For the LLM, we adopt a LLaMA 3.1 429

zero-shot and few-shot setting and retain all default 430

model hyperparameters, except the temperature, 431

which is fixed at 0 to improve reproducibility across 432

runs and facilitate comparison in future work. Un- 433

der this configuration, the LLM is provided with the 434

original text together with the optimized prompt. 435

4.5 Metrics and Experimental Protocol 436

The SLM runs on a 4-core CPU with 32 GB of 437

RAM and an NVIDIA Tesla P100 GPU, while 438

LLM inference is performed via AWS Bedrock. 439

Classification effectiveness is measured using 440

Macro-F1 (Equation 1, Appendix C), appropriate 441

given class imbalance in several datasets. To ensure 442

statistical validity and robustness, we also report 443

95% confidence intervals computed from five test 444

scores. For pairwise method comparisons, we 445

use the Wilcoxon signed-rank test, which avoids 446
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normality assumptions and is widely recommended447

for classification evaluation (Demšar, 2006).448

We evaluate cost-effectiveness by measuring449

the end-to-end runtime of each method, from450

SLM fine-tuning to test-time inference. We first451

report the computational cost of the RoBERTa452

SLM baseline, including fine-tuning and inference453

(Equation 2, Appendix C), which is shared454

across all variants since the SLM is always used455

for confidence estimation and hard-instance456

detection. Equation 3 (Appendix C) captures the457

cost of threshold estimation followed by direct458

LLM inference without rewriting. Equation 4459

(Appendix C) adds the cost of LLM rewriting460

plus SLM reclassification of hard instances.461

Finally, Equation 5 (Appendix C) incorporates the462

additional cost of calibrating the confidence of the463

rewritten text and selecting between the prediction464

of the original text and its rewritten version.465

To understand why paraphrasing improves effec-466

tiveness, we conducted a post-classification qualita-467

tive analysis on a randomly selected set of original-468

paraphrase pairs. All paraphrases were manually469

verified as semantically equivalent, and the SLM470

correctly predicted the target label after rewriting.471

Each pair was analyzed using (i) the paraphrase472

taxonomy of (Bhagat and Hovy, 2013): lexical473

substitution, syntactic restructuring, and discourse-474

level reformulation; and (ii) Systemic-Functional475

Theory (Halliday and Matthiessen, 2013) and476

Appraisal Theory (Martin and White, 2003),477

focusing on evaluative stance (Affect, Judgement,478

Appreciation), polarity, and explicitness. We paid479

attention to interpersonal re-realizations, such as480

ironic texts becoming non-ironic or the removal of481

stance-marking prefaces. In some cases, the LLM482

added contextual details that did not change the483

proposition but made implicit evaluations clearer.484

Overall, these transformations explain gains: para-485

phrases make evaluative cues, discourse structure,486

and topical markers more surface-accessible,487

reducing high-inference demands and improving488

classification through increased explicitness.489

5 Experimental Results and Analyses490

5.1 RQ1:Do paraphrases preserve semantics?491

To assess whether LLM-generated paraphrases492

preserve the underlying semantics of the original493

texts, enabling their use as surrogate instances for494

hard cases, we first compute BERTScore (Zhang495

et al., 2020), which compares contextualized496

representations rather than surface forms. Table 2497

Table 2: BertScore and BLEU metrics.

Dataset BERTScore BLEU
IMDB 0.87 0.04
PangMovie 0.92 0.26
SemEval2017 0.90 0.15
SST 0.92 0.28
SST2 0.88 0.09
Yelp2L 0.89 0.04
IMDB2024 0.88 0.06
RottenT2024 0.89 0.09
ACM 0.90 0.25
AGNews 0.95 0.59
DBLP 0.98 0.89
Reddit 0.92 0.38
Twitter 0.92 0.38

shows consistently high values across datasets, 498

indicating strong semantic fidelity between 499

originals and paraphrases. As a complementary 500

view, we also report BLEU (Papineni et al., 501

2002). Lower BLEU scores are expected, since 502

it is sensitive to lexical overlap and paraphrases 503

naturally introduce lexical and structural variation. 504

Together, high BERTScore and low BLEU indicate 505

that paraphrases preserve meaning while allowing 506

substantial surface diversity, creating opportunities 507

to make class-relevant cues more explicit. 508

5.2 RQ2: Does paraphrasing hard instances 509

improve SLM effectiveness? 510

Table 3: Average Macro-F1; boldface marks statisti-
cally superior results with Wilcoxon tests relative to
RoBERTa. Table version with 95% CIs in Appendix G.

Dataset Ro-
BERTa

LLM
Pre-
dict

SLM
Re-
clas-
sifica-
tion

Confidence-
Guided
Decision
Rule

LLM
Zero-
Shot
(Full
Test)

LLM
Few-
Shot
(Full
Test)

Oracle

IMDB 93.0 94.4 94.6 94.6 94.3 92.1 96.0
Pang Movie 88.7 86.4 90.3 90.6 91.0 86.8 97.1
SemEval2017 91.2 91.2 91.5 91.5 89.7 84.8 92.5
SST 87.3 87.9 88.2 88.2 89.4 83.8 91.6
SST2 94.6 95.1 94.9 94.9 93.0 90.0 96.5
Yelp2L 97.9 97.0 98.7 98.7 99.3 99.0 99.3
IMDB2024 97.6 94.0 98.4 98.5 97.7 93.4 99.5
RottenT2024 93.7 94.2 94.2 94.3 95.8 91.0 95.3
ACM 70.7 67.2 70.8 71.1 29.5 71.8 78.0
AGNews 92.2 91.7 92.2 92.4 84.2 92.1 95.5
DBLP 81.9 74.4 81.9 81.9 41.8 58.4 82.8
Reddit 96.0 96.1 96.7 96.8 91.4 95.7 98.8
Twitter 77.5 77.6 78.5 79.0 65.6 79.6 90.9

Table 3 reports full test set effectiveness. The 511

first column shows the RoBERTa baseline. For all 512

other methods, but LLM Zero-shot/instruction 513

learning, predictions for hard instances are 514

replaced and Macro-F1 is recomputed. LLM 515

Predict classifies hard instances directly with the 516

LLM. SLM Reclassification paraphrases hard 517

instances and reclassifies them with the SLM. The 518

fourth column presents the confidence-based vari- 519

ant. The Oracle column represents the upper bound 520

if all hard instances were correctly classified; it 521

does not reach 100% because it only concerns the 522

hard subset. Finally, LLM zero-shot/instruction 523

learning evaluates the LLM on the full test set 524
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Table 4: Original text, paraphrase, label (0 = neg, 1 = pos; topic), BLEU, BERTScore, and confidence scores for both texts.

ID Original Text Paraphrase Label BLEU BERT
Score

Original con-
fidence

Paraphrase
confidence

1 if sh*t was a movie, it would be this. This is the worst movie ever. 0 0.02 0.87 0.56 1
2 if the message seems more facile than the earlier films,

the images have such a terrible beauty you may not
care.

The message may be less profound than in earlier films,
but the images are so stunningly beautiful that you may
not notice.

1 0.08 0.94 0.56 0.98

3 The movie generates plot points with a degree of ran-
domness usually achieved only by lottery drawing.

The movie’s plot is ridiculously random. 0 0.01 0.89 0.63 0.9

4 Don’t let the subtitles fool you; the movie only proves
that Hollywood no longer has a monopoly on mindless
action.

The movie is a mindless action film that proves Holly-
wood is no longer the only place to find such movies.

0 0.03 0.9 0.63 0.96

5 I just took a few hours break from the internet and now
I am missing a lot of stuff I didnt even know jk went
live Ahhh {@BTS_twt@} army struggles

I just took a break from social media and now I’m
feeling out of the loop on all the latest pop culture
news - I had no idea JK went live Ahhh, the struggles
of being a part of the BTS ARMY are real!

Pop Culture 0.10 0.88 0.38 1.00

6 The halting problem for turning machines d m wilson The halting problem for turing machines d m wilson Computation
Theory

0.597 0.973 0.399 0.618

7 What is a solution of an ode? robert m. corless What is a solution of an ordinary differential equation?
robert m. corless

Computing
Math

0.616 0.955 0.315 0.896

using the same optimized instruction prompt as525

RAP, but without examples (zero-shot mode), en-526

suring fair comparison. LLM Few-Shot (Full Test)527

classifies the entire test set using 30 in-context528

examples per prompt, according to (Prenassi et al.,529

2025). For each test instance, these examples are530

selected as the most similar training instances to531

the test input, aiming to improve effectiveness.532

For sentiment datasets, paraphrasing consis-533

tently helps by making polarity cues more explicit.534

As a result, SLM Reclassification yields statis-535

tically significant gains across all datasets, with536

improvements up to 1.8% on PangMovie. These537

gains are highly meaningful given RoBERTa’s538

already strong performance (Macro-F1 > 87%)539

and the fact that improvements occur precisely540

on the hardest cases. SLM Reclassification also541

surpasses LLM Predict on several datasets—IMDB542

2024, PangMovie, Yelp2L, and SST—achieving543

up to 4.7% improvement on IMDB 2024.544

Topic classification is more challenging due to545

variation in label granularity and domain vocab-546

ulary. In ACM, AGNews, and DBLP, paraphrasing547

yields performance statistically comparable to548

RoBERTa. In contrast, for Twitter and Reddit,549

paraphrasing provides clearer gains, indicating ex-550

panded and clarified topical content (Section 5.4).551

5.3 RQ3: Does RAP’s confidence-based rule552

further improve model effectiveness?553

We analyze Table 3, focusing on the Confidence-554

Guided decision rule, which combines predictions555

from the original and paraphrased texts. Both con-556

fidence scores are calibrated with the same model557

to ensure comparability, and the final output is558

selected based on the higher-calibrated confidence.559

This strategy is statistically superior to RoBERTa560

across all datasets except DBLP, whose short titles561

limit paraphrasing benefits. Compared with SLM562

Paraphrasing, it generally achieves higher mean563

effectiveness and narrower confidence intervals, 564

delivering statistically significant gains on ACM 565

and AGNews, where no prior improvements were 566

observed. Indeed, Confidence Rule consistently 567

outperforms LLM Predict across all sentiment 568

and topic datasets, where there is a tie, achieving 569

substantial gains of up to 5.8% in ACM. RAP also 570

outperforms or ties LLM Zero-Shot and Few-Shot 571

on all sentiment and topic datasets except Yelp2L, 572

with substantial gains over Zero-Shot on topic 573

tasks. LLM Zero-Shot underperforms on topics 574

due to task difficulty and class imbalance, while in- 575

curring higher costs. Providing examples improves 576

LLM Few-Shot on topic datasets but degrades 577

effectiveness on most sentiment datasets, as seman- 578

tic proximity is ineffective for sentiment (Prenassi 579

et al., 2025). Indeed, LLM Few-Shot never 580

statistically outperforms RAP—except on Yelp2L 581

by a negligible margin (0.3%)—while incurring 582

significantly higher costs, as we shall see. 583

Finally, while datasets such as PangMovie, 584

ACM, and Twitter still show a clear gap to 585

the Oracle—indicating remaining untapped 586

potential—others present a different picture. In 587

SemEval2017, Yelp2L, IMDB 2024, and Reddit, 588

RAP attains performance remarkably close to the 589

Oracle, effectively capturing nearly all the benefit 590

obtainable from focusing on the hardest instances. 591

These results strongly reinforce the robustness and 592

practical relevance of the proposed approach. 593

5.4 RQ4: How do LLM rewrites clarify 594

class-relevant cues in hard instances? 595

In Table 4, the analysis of hard instances reveals 596

that the LLM performs targeted textual modifica- 597

tions that make class-relevant information more 598

explicit, enabling the SLM to make the correct 599

class assignment after rewriting. Modifications 600

manually categorized revealed recurrent patterns. 601

These are: (i) item typo correction, as in: "turning", 602
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"turing" (Table 5, line 6); (ii) acronym expansion,603

as in: "ode", "ordinary differential equation" (line604

7); (iii) synonym substitution, as in the following605

pairs: "sh*t" -> "worst movie ever" (line 1);606

"facile" -> "less profound" (line 2); "terrible" ->607

"stunningly" (line 2); "care" -> "notice" (line 2);608

"seems" -> "may be" (line 2); "has a monopoly" ->609

"is the only place" (line 4); (iv) changes in clausal610

mood and logical relation, as in conditional "if"611

clauses rewritten as single affirmative clauses:612

"if sh*t was a movie, it would be this", "This613

is the worst movie ever" (line 1); (v) ironical614

into non-ironical wording, as in: "a degree of615

randomness usually achieved only by lottery616

drawing", "ridiculously random" (line 3); (vi)617

metaphorical into non-metaphorical wording, as in:618

"sh*t", "worst movie ever" (line 1); (vii) removal619

of discourse-level, stance-markers, as in: "don’t620

let subtitles fool you" (line 4); (viii) addition621

of external knowledge, which clarifies cultural622

references, as in: "a lot of stuff", "all the latest623

pop culture news", "Ahhh {@BTS_twt@} army624

struggles", "Ahhh, the struggles of being a part of625

the BTS ARMY are real!", which interprets "jk"626

as Jungkook, a BTS member (line 5).627

In particular, these removals do not affect overall628

sentiment assignment. For instance, in “don’t let629

subtitles fool you,” the clause matters to humans630

because “subtitles” evokes a cultural inference631

(e.g., foreign films as artistic and high quality ver-632

sus mainstream Hollywood). However, removing it633

has little impact on sentiment, since the remaining634

text still strongly signals negativity by emphasizing635

that the film is a “mindless action film.” It is also636

worth noting that additions do not introduce contex-637

tual hallucinations, as this was explicitly controlled638

in our prompt. Overall, patterns (i)–(viii) illustrate639

how LLM paraphrases make class-relevant640

information more explicit in hard instances.641

5.5 Efficiency Analysis642

Table 5 reports the total runtime of each method643

under a fixed machine configuration. RoBERTa644

corresponds to full training and inference, whose645

calibrated confidence identifies hard instances.646

LLM Predict adds the cost of directly classifying647

these instances with the LLM. SLM Reclassifica-648

tion rewrites them and reclassifies with the SLM,649

and the Confidence-Guided variant further selects650

between original and rewritten predictions. As651

expected, all strategies are more expensive than652

RoBERTa alone, as they require LLM inference.653

However, compared to LLM Predict, RAP intro- 654

duces only a modest overhead while delivering 655

substantially higher effectiveness by up to 5.8% 656

gains on topic datasets (ACM) with improved 657

transparency and interpretability. Importantly, the 658

Confidence-Guided variant, which yields the best 659

results, achieves a runtime comparable to SLM 660

Reclassification while adding negligible calibration 661

and lightweight selection steps. RAP is faster than 662

LLM Zero-Shot across all datasets and delivers 663

substantially higher effectiveness on most of them, 664

particularly on topic classification tasks. Finally, 665

LLM Few-Shot is the most expensive option, up 666

to 3x-13x slower than RAP, while never surpassing 667

it in effectiveness. Overall, RAP delivers the 668

best effectiveness-cost-interpretability trade-off 669

among all methods. 670

Table 5: Average total time (in seconds).
Dataset RoBERTa LLM

Pre-
dict

SLM
Re-
clas-
sifica-
tion

Confidence-
Guided
Decision
Rule

LLM
Zero-
Shot
(Full
Test)

LLM
Few-
Shot
(Full
Test)

IMDB 2615 2709 3906 3906 14028 16480
Pang Movie 934 1441 1746 1746 6032 7395
SemEval2017 2416 2508 2604 2604 14179 19438
SST 1027 1214 1335 1335 6712 7733
SST2 5817 6272 6677 6678 37461 45453
Yelp2L 510 557 730 730 3013 9578
IMDB2024 681 859 1755 1755 3671 15814
RottenT2024 789 835 915 916 4566 6312
ACM 2665 3660 5010 5010 13829 21901
AGNews 1083 1735 2113 2114 7272 9061
DBLP 4140 4474 4939 4939 22455 27122
Reddit 986 1643 1761 1762 5606 22533
Twitter 651 1196 1521 1521 3818 4905

6 Conclusion 671

We introduced RAP, Rewrite-Assess-Predict for 672

Hard Instances, a hybrid framework that combines 673

SLM efficiency with zero-shot LLM adaptability. 674

By identifying low-confidence documents, gener- 675

ating semantically faithful paraphrases that surface 676

class-relevant information, and selecting predic- 677

tions via calibrated confidence, RAP achieves 678

substantial gains on hard cases while controlling 679

computational cost. Results show that paraphrasing 680

preserves semantics, enhances class salience, and 681

improves SLM effectiveness without sacrificing 682

reliability. Beyond quantitative gains, qualitative 683

analysis demonstrates how rewriting clarifies 684

decision evidence, improving interpretability. 685

RAP offers a scalable, reliable, and interpretable 686

alternative to end-to-end LLM classification, 687

supporting sustainable hybrid NLP pipelines that 688

allocate computation where it matters most. Future 689

work includes extending RAP to multi-label and 690

hierarchical classification, exploring alternative 691

hard-instance criteria, and investigating more 692

explanation-driven paraphrasing strategies. 693
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Limitations694

Although RAP significantly reduces cost relative695

to LLM-based pipelines, it still requires selective696

LLM inference, meaning its efficiency benefits697

arise from strategic usage rather than complete698

elimination of LLM computation. This implies that699

environments with extremely restrictive compute700

budgets may still prefer SLM solutions purely.701

Likewise, RAP relies on calibrated confidence to702

identify hard instances; while our results show703

that this strategy is effective and robust, any704

confidence-based method is ultimately bounded705

by calibration quality, and further advances in706

calibration could unlock even stronger gains.707

Our evaluation focuses on sentiment and708

topic classification, which provide a clear and709

well-controlled setting for investigating the710

trade-off between efficiency, effectiveness, and711

interpretability. Extending RAP to more complex712

scenarios—such as multilingual settings, multi-713

label or hierarchical classification, or domains with714

higher subjectivity—remains promising future715

work rather than a limitation of current evidence.716

Finally, while our interpretability analysis reveals717

systematic and linguistically grounded rewriting718

behaviors, it is naturally shaped by the datasets719

studied. Broader validation across additional720

domains and user-centered interpretability assess-721

ments represent valuable next steps to strengthen722

RAP’s explanatory potential further.723
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A Dataset Statistics952

Table 6 summarizes the datasets used in our study.953

For sentiment analysis, we include eight binary954

datasets spanning movie reviews, social media955

posts, and user-generated content, with varying doc-956

ument lengths and degrees of class balance. To mit-957

igate benchmark contamination from large LLM958

training corpora, we additionally curate two recent959

post-LLM datasets (IMDB2024 and RottenT2024),960

ensuring temporal separation from pretraining data.961

For topic classification, we rely on five datasets962

with diverse textual characteristics, ranging from963

short Twitter posts and news articles to longer aca-964

demic titles and abstracts. Class distributions vary965

across datasets, with some exhibiting moderate966

imbalance, providing a realistic and challenging 967

evaluation scenario. 968

Dataset Domain Number
Docs

Avg
Words

Classes Minor
Class

Major
Class

Se
nt

im
en

t

IMDB Movie 24904 234 2 12432 12472
PangMovie Movie 10662 21.02 2 5331 5331
SemEval17 Twitter 27413 19.85 2 7745 19668
SST Movie 11841 19.18 2 5905 5936
SST2 Movie 66973 10.45 2 29643 37330
Yelp2L Place 4995 131.8 2 2495 2500
IMDB2024 Movie 6572 163.02 2 2057 4515
RottenT2024 Movie 7948 46.13 2 3315 4633

To
pi

c

ACM Article 24897 63.52 11 63 6562
AGNews News 12760 37.52 4 3190 3190
DBLP Article 38128 141.43 10 1414 9746
Reddit Reddit 10000 96.28 11 339 2346
Twitter Twitter 6997 28.68 6 152 2738

Table 6: Datasets Statistics.

B Model’s Brier Score with softmax and 969

isotonic 970

Table 7 reports Brier Scores for the SLM under 971

raw softmax probabilities and after post-hoc 972

calibration with isotonic regression. Across all 973

sentiment and topic datasets, isotonic regression 974

consistently improves probability reliability, 975

yielding higher Brier Scores in every case. These 976

results confirm that calibrated confidence provides 977

a more dependable signal for identifying hard 978

instances and supports our decision to adopt 979

isotonic regression throughout RAP. 980

Dataset Softmax Isotonic
IMDB 0.953 0.957
PangMovie 0.800 0.840
SemEval17 0.887 0.901
SST 0.790 0.820
SST2 0.911 0.920
Yelp2L 0.968 0.977
IMDB2024 0.959 0.963
RottenT2024 0.910 0.916
ACM 0.662 0.680
AGNews 0.875 0.886
DBLP 0.747 0.761
Reddit 0.955 0.956
Twitter 0.828 0.833

Table 7: Model’s Brier Score with softmax and isotonic.

C Metrics Equations 981

Table 8 summarizes the metrics and runtime formu- 982

lations used in our evaluation. Equation 1 defines 983

the F1 score averaged over all classes (Macro-F1). 984

For cost-effectiveness, we model the total runtime 985

T of each strategy as the sum of its constituent 986

stages. Equation 2 represents the SLM baseline, in- 987

cluding fine-tuning and inference. Equation 3 adds 988

threshold estimation and direct LLM inference. 989

Equation 4 incorporates the cost of generating 990

paraphrases for hard instances followed by SLM 991

reclassification, while Equation 5 further accounts 992
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for calibration and confidence-based selection993

between original and rewritten predictions. Finally,994

Equation 6 represents the total time required to995

classify the entire test set using the Zero-shot996

LLM, while Equation 7 also reports the time to997

classify the whole test set, including the extra cost998

of retrieving similar examples to be incorporated999

into the prompt for the Few-Shot LLM version.1000

Equations
Macro-F1 = 1

C

∑C
i=1 F1,i (1)

T = TuSLM + PSLM (2)
T = TuSLM + PSLM + FL + PLLM (3)
T = TuSLM + PSLM + FL + GLLM + PSLM (4)
T = TuSLM + PSLM + FL + GLLM + PSLM + CSLM (5)
T = PLLMZeroShot(FullTest) (6)
T = PLLMFewShot(FullTest) (7)

Table 8: Metric equations. Time (T), Tuning (Tu),
Find(F), Generate (G), Prediction (P), and C (Calibra-
tion).

D Prompt Optimization1001

This section describes the prompt optimization pro-1002

cess. Figure 3 illustrates this procedure: an initial1003

prompt generated by ChatGPT-4.0 is first evaluated1004

to obtain a score. A meta-prompt, which includes1005

both the current prompt and its score, is then used1006

to generate a refined prompt aimed at improving1007

effectiveness. This iterative process is repeated,1008

and the prompt achieving the highest stored score1009

(S) is selected as the final prompt.1010

Figure 3: Overview of the prompt optimization workflow.

E Calibration1011

Figure 4: Overview of the calibration workflow.

This section describes the calibration procedure1012

applied to the model. Figure 4 illustrates the overall1013

process. First, we obtain the original class proba-1014

bilities produced by the SLM via the softmax layer.1015

Using the validation set probabilities, we train an 1016

isotonic regression calibrator, which is then applied 1017

to the test set probabilities to more reliably identify 1018

hard test instances. Table 7 shows that isotonic cali- 1019

bration consistently improves the Brier score across 1020

datasets, indicating better probability calibration. 1021

In addition to quantitative results, we provide a vi- 1022

sual analysis for the SST dataset: Figure 5 shows 1023

the softmax outputs, while Figure 6 presents the 1024

isotonic-calibrated probabilities. The latter exhibits 1025

a stronger alignment between predicted confidence 1026

(x-axis) and empirical accuracy, confirming the ef- 1027

fectiveness of the calibration process. 1028

Figure 5: Softmax for SST dataset.

Figure 6: Isotonic for SST dataset.

Table 9: Emission CO2. Calculation based on the work
of Lacoste et al. (2019).

Dataset RoBERTa LLM
Pre-
dict

SLM
Re-
clas-
sifica-
tion

Confidence-
Guided
Decision
Rule

LLM
Zero-
Shot
(Full
Test)

LLM
Few-
Shot
(Full
Test)

IMDB 0.1 0.11 0.15 0.15 0.55 0.67
Pang Movie 0.04 0.06 0.07 0.07 0.23 0.29
SemEval2017 0.09 0.1 0.1 0.1 0.55 0.76
SST 0.04 0.05 0.05 0.05 0.26 0.3
SST2 0.23 0.24 0.26 0.26 1.46 1.77
Yelp2L 0.02 0.02 0.03 0.03 0.12 0.37
IMDB2024 0.03 0.03 0.07 0.07 0.14 0.62
RottenT2024 0.03 0.03 0.04 0.04 0.18 0.25
ACM 0.1 0.14 0.19 0.19 0.54 0.85
AGNews 0.04 0.07 0.08 0.08 0.28 0.35
DBLP 0.16 0.17 0.19 0.19 0.87 1.02
Reddit 0.04 0.06 0.07 0.07 0.22 0.91
Twitter 0.03 0.05 0.06 0.06 0.15 0.19
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Table 10: Average Macro-F1 (95% CI); boldface marks statistically superior results with Wilcoxon tests relative to
the RoBERTa model.

Dataset RoBERTa LLM Pre-
dict

SLM
Reclassifi-
cation

Confidence-
Guided
Decision
Rule

LLM Zero-
Shot (Full
Test)

LLM In-
Context

Oracle

IMDB 93.0 (0.5) 94.4 (0.8) 94.6 (0.8) 94.6 (0.7) 94.3 (0.6) 92.1 (0.4) 96.0 (0.8)
Pang Movie 88.7 (0.9) 86.4 (3.2) 90.3 (0.5) 90.6 (0.7) 91.0 (0.5) 86.8 (1.1) 97.1 (0.8)
SemEval2017 91.2 (0.7) 91.2 (0.7) 91.5 (0.8) 91.5 (0.8) 89.7 (0.8) 84.8 (0.8) 92.5 (1.3)
SST 87.3 (1.0) 87.9 (1.1) 88.2 (1.2) 88.2 (1.1) 89.4 (0.4) 83.8 (0.8) 91.6 (1.1)
SST2 94.6 (0.2) 95.1 (0.1) 94.9 (0.2) 94.9 (0.2) 93.0 (0.5) 90.0 (0.9) 96.5 (0.1)
Yelp2L 97.9 (0.5) 97.0 (1.6) 98.7 (0.4) 98.7 (0.3) 99.3 (0.5) 99.0 (0.3) 99.3 (0.2)
IMDB2024 97.6 (1.0) 94.0 (3.8) 98.4 (1.0) 98.5 (0.8) 97.7 (0.9) 93.4 (0.5) 99.5 (0.5)
RottenT2024 93.7 (1.1) 94.2 (1.3) 94.2 (0.9) 94.3 (1.1) 95.8 (0.8) 91.0 (1.2) 95.3 (1.9)
ACM 70.7 (1.5) 67.2 (3.8) 70.8 (1.5) 71.1 (1.6) 29.5 (0.5) 71.8 (2.2) 78.0 (1.9)
AGNews 92.2 (0.4) 91.7 (0.6) 92.2 (0.4) 92.4 (0.5) 84.2 (0.8) 92.1 (0.4) 95.5 (0.9)
DBLP 81.9 (0.7) 74.4 (0.6) 81.9 (0.6) 81.9 (0.6) 41.8 (0.6) 58.4 (0.8) 82.8 (0.8)
Reddit 96.0 (0.5) 96.1 (0.9) 96.7 (0.6) 96.8 (0.7) 91.4 (0.6) 95.7 (0.7) 98.8 (0.4)
Twitter 77.5 (2.7) 77.6 (1.9) 78.5 (2.4) 79.0 (2.7) 65.6 (2.4) 79.6 (3.5) 90.9 (2.1)

F Carbon Cost (CO2)1029

We additionally estimate the CO2 emissions asso-1030

ciated with model inference following the method-1031

ology of Lacoste et al. (2019). For this, we use1032

a reference emission rate of approximately 0.141033

kg CO2 per GPU hour for hardware comparable1034

to that used in our experiments4. As reported in1035

Table 9, all solutions generate similar CO2 emis-1036

sions, with the alternatives that exploit the LLM,1037

either for rewriting or for classification, having1038

a slightly higher emission rate, especially for the1039

topic datasets.1040

G Complete Result Table1041

Due to space limitations in the papers‘ main body,1042

we omit the confidence intervals from Table 3. In1043

this section, we report them in detail in Table 10.1044

4https://mlco2.github.io/impact/#co2eq
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