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Abstract001

Text classification models are typically trained002
via supervised fine-tuning (SFT). However,003
SFT essentially performs behavior cloning004
from instance-wise labels and thus fails to ad-005
equately capture relative preference relations006
among samples, which limits the model’s abil-007
ity to shape decision boundaries and calibrate008
predictive confidence. In this paper, we pro-009
pose ClaHF, a human feedback-inspired rein-010
forcement learning (RL) framework for text011
classification that integrates preference mod-012
eling and RL optimization into the classifica-013
tion pipeline without requiring additional hu-014
man annotations. Unlike prior work that re-015
lies solely on instance-wise supervision, ClaHF016
constructs multiple candidate predictions to-017
gether with their relative ranking relations, and018
jointly models the Top-1 preference and the or-019
dering among non-optimal candidates within020
a reward model (RM). This design converts021
conventional label supervision into preference022
signals that are directly applicable to policy023
optimization. We conduct systematic evalu-024
ations on eight classification tasks spanning025
three categories of scenarios. Results demon-026
strate that ClaHF consistently improves both027
classification performance and confidence cali-028
bration across diverse language models (LMs).029
The data and code are available at https:030
//anonymous.4open.science/r/ClaHF.031

1 Introduction032

Text classification is one of the most fundamental033

and important tasks in natural language process-034

ing (NLP), forming the basis of a wide range of035

downstream applications such as sentiment analy-036

sis, news categorization and emotion recognition037

(Li et al., 2022). In recent years, the rapid develop-038

ment of pre-trained LMs has led to remarkable im-039

provements in these domains, substantially boost-040

ing downstream performance (Sun et al., 2023).041

Nevertheless, most existing text classification mod-042

els are still trained via SFT, where model predic- 043

tions are aligned with gold labels on an instance-by- 044

instance basis (Fonseca et al., 2025; Wei and Zhu, 045

2025). From a learning paradigm perspective, SFT 046

essentially performs behavior cloning: the model is 047

trained to imitate annotators’ decisions on the train- 048

ing data in order to learn classification boundaries 049

(Chu et al., 2025). 050

Although SFT effectively activates the semantic 051

representation capacity of pre-trained models, it 052

lacks further exploration of the decision space (Fu 053

et al., 2023). When data quality is limited, when 054

class boundaries differ only in subtle semantics, 055

or when annotations themselves contain bias, SFT 056

tends to amplify these issues. As a result, the model 057

may overfit the label distribution rather than the 058

underlying semantic patterns, leading to misclassi- 059

fication and unreliable predictions (Ye et al., 2025). 060

This phenomenon shares a similar root cause with 061

the amplification of hallucinations in generative 062

tasks, but in the classification setting it manifests 063

as unstable decision boundaries and degraded gen- 064

eralization (Almeida et al., 2021). 065

As a complementary paradigm, Reinforcement 066

learning from human feedback (RLHF) (Stiennon 067

et al., 2020; Ouyang et al., 2022) has demonstrated 068

great potential in aligning LMs with human prefer- 069

ences, particularly in generative tasks such as dia- 070

logue and instruction following (Dong et al., 2024; 071

Ouyang et al., 2025; Bai et al., 2022). Instead 072

of predicting a single target, RLHF learns from 073

preference signals and optimizes outputs through 074

relative comparisons, thereby better reflecting sub- 075

jective human judgments (Jiang et al., 2025). This 076

naturally raises the question: can the principles 077

of RLHF be transferred to classification tasks to 078

overcome the inherent limitations of SFT? 079

Unfortunately, directly extending RLHF to clas- 080

sification faces fundamental challenges. First, un- 081

like the rich sequential outputs of generative mod- 082

els, the output space of classification is discrete 083
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(a) Implicit preference signals in human decisions.
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(b) Improved text classification.

Figure 1: (a) An example illustrating the implicit preference signal in the construction of the SST-5 sentiment
classification dataset. (b) The performance improvements of ClaHF on text classification tasks (e.g., higher accuracy
and F1, lower error). More results are reported in Section 4.2.

and lacks expressive structure (Casper et al., 2023).084

Second, conventional RLHF relies heavily on man-085

ually annotated preference datasets, whose con-086

struction is costly and difficult to reuse across tasks087

and label spaces (Casper et al., 2023; Lindström088

et al., 2024). These issues make existing RLHF089

techniques hard to apply to classification, and rele-090

vant studies remain scarce.091

To address these challenges, we propose ClaHF,092

a novel human feedback-inspired RL framework093

for text classification that introduces RLHF into094

classification training without requiring any ad-095

ditional human annotation. ClaHF is motivated096

by a key insight: although standard classification097

datasets do not contain explicit preference annota-098

tions, the ground-truth label of each instance im-099

plicitly encodes the preference signal underlying100

human decisions (Figure 1(a)). Based on this in-101

sight, ClaHF automatically constructs multiple can-102

didate predictions and their ranking relations from103

raw classification data, yielding preference data104

at no extra cost. These preference signals are then105

used to train a RM that evaluates the relative quality106

of different predictions. Finally, the classification107

model is optimized with a preference-aligned prox-108

imal policy optimization (PPO) (Schulman et al.,109

2017) algorithm. Notably, ClaHF is applicable to110

both binary and multi-class classification.111

Unlike conventional instance-wise supervision,112

ClaHF leverages a multi-stage collaborative pro-113

cess that enables the model not only to “predict114

correctly” but also to “align with preference sig-115

nals” embedded in the data, thereby overcoming116

the limitations of SFT in classification. We con-117

duct systematic experiments on eight benchmark118

datasets covering binary, multi-class, and code clas-119

sification tasks. The results show that ClaHF sig- 120

nificantly improves both performance and decision 121

reliability over strong SFT baselines (Figure 1(b)). 122

These findings demonstrate that ClaHF bridges the 123

gap between RLHF and classification, and intro- 124

duce a new perspective: classification models can 125

benefit from preference alignment in addition to 126

label supervision. 127

2 Related Work 128

Supervised Learning for Classification. The 129

dominant paradigm is to perform SFT on labeled 130

data using pre-trained models such as RoBERTa 131

(Liu et al., 2019) and Qwen3 (Yang et al., 2025), 132

which yields strong discriminative capability. De- 133

spite its empirical success, this training paradigm 134

inherits the limitations of instance-wise supervi- 135

sion, which often leads to overconfidence, unreli- 136

able decisions, and misclassification of ambiguous 137

samples near class boundaries. To alleviate these is- 138

sues, a number of studies have proposed improved 139

objectives. Lin et al. (2017) introduced focal loss 140

to emphasize hard and minority samples, while 141

Müller et al. (2019) proposed label smoothing to 142

improve generalization by injecting soft targets and 143

noise regularization. However, these methods still 144

treat labels as independent supervision signals and 145

fail to exploit the latent relative preferences and 146

ranking relations among samples. Consequently, 147

the training process remains essentially behavior 148

cloning, which is insufficient to provide deeper 149

guidance at the decision level. 150

Applications of RLHF. RLHF was originally de- 151

veloped to optimize agent behavior in simulated en- 152

vironments (Christiano et al., 2017), and was later 153

applied to domains such as autonomous driving 154
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(Wu et al., 2022) and robot learning (Wang et al.,155

2022). Prior work (Xu et al., 2023; Zhang et al.,156

2024; Fang et al., 2025) has also demonstrated the157

effectiveness of human feedback in image gener-158

ation. More recently, the successful application159

of RLHF to large language models (LLMs) has160

substantially advanced NLP (Stiennon et al., 2020;161

Ouyang et al., 2022; Ziegler et al., 2019). By mod-162

eling human preferences and performing policy163

updates with PPO, RLHF integrates reward-driven164

mechanisms into language modeling, fundamen-165

tally reshaping dialogue reasoning, safety align-166

ment, and long-form generation (Ji et al., 2025; Liu167

et al., 2023). However, within downstream NLP168

tasks, RLHF has so far been largely confined to169

generative scenarios, such as high-quality code test170

case generation (Steenhoek et al., 2025).171

Preference Learning. Preference learning is172

a core component of RLHF and models relations173

among samples via pairwise or listwise compar-174

isons. It has been widely adopted in ranking and175

recommendation systems (Fürnkranz and Hüller-176

meier, 2010). In NLP, preference learning is mainly177

used for generative tasks, although recent studies178

(Atapour-Abarghouei et al., 2021; Kim et al., 2023)179

have attempted to introduce preference modeling180

into classification to overcome the limitations of181

instance-wise supervision. For example, Kim et al.182

(2023) proposed the P2C method, which incor-183

porates preference relations during training to en-184

hance the model’s discrimination near class bound-185

aries. Nevertheless, existing approaches typically186

treat preference ranking as an auxiliary loss jointly187

optimized with SFT; they neither construct an inde-188

pendent RM nor perform policy optimization with189

RL, and thus remain within the supervised learning190

paradigm.191

3 Method192

In this section, we present ClaHF, a novel hu-193

man feedback-inspired framework for classifica-194

tion. Unlike conventional training paradigms that195

rely solely on instance-wise supervision, ClaHF196

borrows the core ideas of RLHF and introduces197

preference signals into text classification through198

reward modeling and RL, enabling finer calibration199

of the predictive distribution and improving both200

classification performance and decision reliability.201

3.1 Problem Definition 202

We focus on text classification tasks, including both 203

binary and multi-class settings. Given a dataset 204

D = {(xi, yi)}Ni=1, where xi denotes an input se- 205

quence (typically a sentence or a paragraph) and 206

yi is the corresponding class label, conventional 207

approaches learn a classifier fθ by minimizing 208

instance-wise losses to maximize the agreement 209

between predictions and ground-truth labels. How- 210

ever, such instance-wise supervision provides only 211

a single discriminative signal and cannot character- 212

ize the relative quality among different predictions, 213

which limits further optimization. 214

To this end, we propose ClaHF, which augments 215

standard label supervision with automatically con- 216

structed preference signals. Specifically, ClaHF 217

introduces ranking constraints among multiple can- 218

didate predictions for the same instance to capture 219

fine-grained differences in model outputs. The goal 220

of ClaHF is therefore to learn a classifier fθ that not 221

only predicts the correct label but also optimizes its 222

predictive distribution under preference constraints, 223

thereby aligning the model with implicit “human 224

feedback” embedded in the data. The overall frame- 225

work of ClaHF is illustrated in Figure 2. 226

3.2 Supervised Fine-tuning 227

The SFT stage provides a stable and performant ini- 228

tial policy model fθ for subsequent RL. In ClaHF, 229

the model fθ consists of a pre-trained LM gϕ and a 230

randomly initialized classification head Wψ. Given 231

an input text xi, we encode it into token sequences 232

and feed them into fθ to obtain hidden representa- 233

tions, followed by a softmax layer to produce the 234

class probability distribution: 235

pθ(yi |xi) = Softmax(fθ(xi)). (1) 236

We optimize the model using the standard cross- 237

entropy loss: 238

Lsft = −E(xi,yi)∼D log pθ(yi |xi). (2) 239

This stage ensures that the policy model has 240

strong baseline classification capability. However, 241

the supervision signal is purely instance-wise and 242

only enforces consistency with the ground-truth 243

label, without reflecting the relative quality among 244

alternative predictions. 245

3.3 Preference Data Construction 246

Training the RM requires data annotated with pref- 247

erence signals. In conventional RLHF, such data 248
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Figure 2: Overall framework of ClaHF. (a) SFT to provide high-quality initialization. (b) Automatic construction
of preference data from the original classification dataset. (c) Training the RM with preference data. (d) RL
optimization of the policy model using the trained RM.

Dataset Label Candidate Semantic Label

SST-5

0 Prediction: the sentence is very negative
1 Prediction: the sentence is negative
2 Prediction: the sentence is neutral
3 Prediction: the sentence is positive
4 Prediction: the sentence is very positive

Table 1: Ground-truth labels and corresponding candi-
date semantic labels for SST-5.

are manually labeled, which is expensive and task-249

specific. In contrast, classification datasets nat-250

urally contain ground-truth labels that implicitly251

encode human preferences. Based on this observa-252

tion, ClaHF introduces a fully automated method253

for constructing preference data without any addi-254

tional annotation.255

Specifically, given a standard K-class dataset256

D = {(xi, yi)}Ni=1, we first define a set of semantic257

label templates:258

Ytext = {0 : c0, 1 : c1, . . . ,K − 1 : cK−1}, (3)259

where each cj is a natural language description of260

class j, referred to as a candidate semantic label.261

Examples for SST-5 are shown in Table 1, and262

those for other datasets are provided in Appendix263

B.264

For each instance (xi, yi), we rank all candi-265

date semantic labels cj in ascending order of their266

semantic distance to the true label yi, yielding a267

candidate list:268

Ci = {ci1, ci2, . . . , ciK}, (4)269

where ci1 always corresponds to the ground-truth 270

class, and the remaining candidates are ordered 271

by increasing semantic distance. For example, in 272

SST-5, if the true label is 3, the resulting list is 273

{c3, c4, c2, c1, c0}. 274

Aggregating all instances produces the prefer- 275

ence dataset Dpre = {(xi, Ci)}Ni=1. Unlike the 276

original dataset that only contains binary correct- 277

ness information, Dpre encodes relative plausibility 278

among classes and naturally introduces a “Top-1 is 279

better than others” preference structure. 280

3.4 Reward Model Training 281

The third stage of ClaHF trains a RM to evaluate the 282

relative quality of text–candidate pairs and provide 283

reward signals for subsequent policy optimization. 284

The RM frm consists of the same pre-trained en- 285

coder gϕ as in SFT and a linear scoring head that 286

outputs a scalar reward. 287

Given Dpre = {(xi, Ci)}Ni=1, for each (xi, Ci) 288

we concatenate xi with each cij , tokenize the se- 289

quence, and feed it into frm, which is expected to 290

satisfy: 291

frm(xi, ci1) > · · · > frm(xi, ciK), (5) 292

where ci1 corresponds to the ground-truth class. 293

Since classification lacks the rich candidate struc- 294

ture of generative tasks, we design a compos- 295

ite ranking loss with two components: Ltop1 and 296

Lpairwise. The Top-1 loss enforces the ground-truth 297
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candidate to score higher than all others:298

Ltop1 = − 1

K − 1

K∑
j=2

log σ(frm(xi, ci1)

−frm(xi, cij)),

(6)299

where σ is the sigmoid function.300

The pairwise loss constrains the relative order301

among non-true candidates:302

Lpairwise = − 2

(K − 1)(K − 2)

∑
2≤j<k≤K

log σ(frm(xi, cij)− frm(xi, cik)).

(7)303

The overall objective is:304

Lrm = αLtop1 + (1− α)Lpairwise, (8)305

where α ∈ (0, 1] balances Top-1 preference and306

pairwise ranking consistency.307

For binary classification, the loss simplifies to:308

Lrm = − log σ(frm(xi, ci1)− frm(xi, ci2)). (9)309

This training procedure enables the RM to cap-310

ture finer-grained preference signals than conven-311

tional supervision.312

3.5 Reinforcement Learning Optimization313

In the final stage, we further optimize the policy314

model fθ using PPO (Schulman et al., 2017) to315

improve decision quality and predictive reliability.316

A frozen reference model fref, with the same archi-317

tecture as fθ, is used to measure deviation from the318

supervised baseline.319

Given an input xi, the policy model fθ outputs a320

class distribution pθ(yi |xi), while the reference321

model fref outputs pref(yi |xi). An action ai is322

defined as a class label sampled from pθ(yi |xi),323

and its raw reward frm(xi, ai) is computed by the324

RM. To prevent the policy from drifting excessively325

from the supervised distribution, we introduce an326

adaptive KL-penalty (Ziegler et al., 2019) term into327

the reward and obtain the modified reward:328

ˆfrm(xi, ai) = frm(xi, ai)−
βiDKL(pθ(· |xi) || pref(· |xi)),

(10)329

where DKL denotes the KL divergence between the330

two distributions. The KL coefficient β is dynami-331

cally adjusted by an adaptive controller:332

βi+1 = clip(βi · (1 + η

·
DKL −Dtarget

Dtarget
), βmin, βmax),

(11)333

which keeps the KL divergence close to a target 334

value Dtarget; η is the update rate. 335

During PPO optimization, ClaHF maximizes the 336

following clipped surrogate objective for each sam- 337

ple by comparing the probability ratio between the 338

current and old policies: 339

Lpolicy = Exi∼D[−min(riAi,

clip(ri, 1− ϵ, 1 + ϵ)Ai)],
(12) 340

where ri = pθ(ai |xi)
pref(ai |xi) is the probability ratio of 341

the new and old policies, and Ai is the advantage 342

function defined as: 343

Ai = ˆfrm(xi, ai)− V (xi), (13) 344

with V denoting the output of the value function 345

network. The value function is introduced to reduce 346

training variance and stabilize policy learning. It is 347

optimized using mean squared error: 348

Lvalue = Exi∼D[(V (xi)− ˆfrm(xi, ai))
2]. (14) 349

The final optimization objective in the RL stage 350

is: 351

Lrl = Lpolicy + γLvalue, (15) 352

where γ controls the relative weight of the value 353

loss. 354

Through this design, ClaHF tightly couples 355

preference-driven reward modeling with classifi- 356

cation decisions, continuously refining decision 357

boundaries while maintaining stability with respect 358

to the policy model. 359

4 Experiments 360

4.1 Setups 361

Datasets. We select eight datasets to evaluate 362

the effectiveness of ClaHF from three perspec- 363

tives: binary classification, multi-class classifica- 364

tion, and software engineering code tasks. Specif- 365

ically, the binary classification tasks include: (1) 366

SST-2 (Socher et al., 2013), (2) CoLA (Warstadt 367

et al., 2019), and (3) MRPC (Dolan and Brock- 368

ett, 2005). The multi-class classification tasks in- 369

clude: (4) AG News (Zhang et al., 2015), (5) SST-5 370

(Socher et al., 2013), and (6) Emotion (Saravia 371

et al., 2018). The code tasks include: (7) Devign 372

(Zhou et al., 2019), and (8) BigCloneBench (Wang 373

et al., 2020). The data splits and additional details 374

are provided in Appendix A. 375

Baselines. As existing RLHF frameworks are 376

primarily designed for generative tasks and no ma- 377

ture solution is available for classification, we only 378
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Backbone Method AG News SST-5 Emotion

Acc (↑) F1 (↑) ECE (↓) Acc (↑) F1 (↑) ECE (↓) Acc (↑) F1 (↑) ECE (↓)

BERT SFT 91.91±0.0 91.90±0.0 8.35±0.3 52.49±0.1 51.28±0.1 13.44±0.7 92.25±0.2 87.71±0.5 6.51±0.4

ClaHF 92.18±0.1 92.17±0.1 6.96±0.5 54.30±0.1 51.50±0.8 11.36±0.3 92.85±0.1 88.05±0.4 5.74±0.5

RoBERTa SFT 94.44±0.0 94.44±0.0 7.47±0.3 54.35±0.7 52.71±0.9 10.39±0.5 92.55±0.1 88.40±0.4 7.23±0.1

ClaHF 94.61±0.0 94.60±0.0 5.52±0.2 55.87±0.4 54.17±0.6 8.43±0.3 92.93±0.1 88.93±0.1 6.80±0.1

T5 SFT 94.51±0.2 94.51±0.1 5.27±0.2 56.19±0.4 53.11±0.3 12.09±0.5 91.80±0.1 87.11±0.4 6.19±0.3

ClaHF 94.79±0.1 94.79±0.1 4.52±0.1 57.47±0.8 54.72±0.9 11.02±0.4 92.20±0.1 88.11±0.1 4.74±0.3

OPT SFT 93.77±0.1 93.77±0.1 9.60±0.5 52.85±0.4 49.72±0.5 10.42±0.8 92.28±0.4 87.74±0.7 6.62±0.1

ClaHF 94.00±0.1 94.01±0.1 5.76±0.2 54.34±0.3 52.43±0.2 7.71±0.8 92.92±0.1 88.46±0.2 6.27±0.2

Qwen3 SFT 93.85±0.1 93.83±0.1 7.07±0.9 51.06±0.6 48.92±0.6 8.84±0.3 92.57±0.1 88.11±0.4 6.75±0.2

ClaHF 94.17±0.1 94.16±0.1 5.22±0.5 52.67±0.1 49.55±1.0 7.61±0.4 93.62±0.1 90.18±0.1 5.06±0.2

Average +0.25 +0.25 -1.96 +1.54 +1.32 -1.78 +0.61 +0.93 -0.94

Table 2: Test performance of SFT and ClaHF on three multi-class datasets. All values are reported as the mean and
standard error over five random seeds.

compare ClaHF with standard SFT, where back-379

bone models are trained on labeled data using cross-380

entropy loss. To verify the generality of ClaHF,381

we adopt nine widely used pre-trained LMs as382

backbones, including BERT (Devlin et al., 2019),383

RoBERTa (Liu et al., 2019), OPT (Zhang et al.,384

2022), T5 (Raffel et al., 2020), and Qwen3 (Yang385

et al., 2025) for natural language tasks, as well as386

CodeBERT (Feng, 2020), CodeT5 (Wang et al.,387

2021), CodeT5+ (Wang et al., 2023), and CodeGen388

(Nijkamp et al., 2022) for code-related tasks.389

Implementation details. All experiments are390

conducted on 8 NVIDIA RTX 4090 GPUs. Pre-391

trained weights are loaded via Hugging Face (Wolf392

et al., 2020). We use the AdamW optimizer393

(Loshchilov and Hutter, 2017) for all experiments394

and train each model for 10 epochs. During the395

SFT stage, the batch size is set to 16 and the learn-396

ing rate to 2e-5. For RM training, the learning rate397

is 1e-5 and the preference loss weight α is set to398

0.8. During the RL stage, the learning rate is 1e-6399

and the value loss coefficient γ is set to 0.25. Ad-400

ditional hyper-parameters and training details are401

reported in Appendix B.402

4.2 Main Results403

In this section, we systematically evaluate ClaHF404

on multi-class, binary, and code classification tasks405

and compare it with the corresponding SFT base-406

lines across a wide range of backbone models, in407

order to assess its cross-model and cross-task gen-408

eralization ability. To measure performance under409

class-imbalance scenarios, we report both Accu-410

racy (Acc) and macro-F1 (F1). For CoLA, we411

report the commonly used Matthews Correlation412

Coefficient (MCC) (Chicco et al., 2021). In ad-413

dition, we introduce Expected Calibration Error 414

(ECE) (Guo et al., 2017) to evaluate predictive reli- 415

ability. 416

4.2.1 Results on Multi-class Tasks 417

Table 2 summarizes the results of ClaHF and SFT 418

on three multi-class datasets. ClaHF consistently 419

outperforms SFT across all backbones and datasets, 420

showing simultaneous improvements in Acc, F1, 421

and ECE. This indicates that incorporating pref- 422

erence signals effectively complements instance- 423

wise supervision and enables the model to better 424

distinguish decision boundaries between different 425

classes. 426

On the fine-grained sentiment dataset SST-5, 427

where semantic differences are subtle, ClaHF 428

achieves particularly notable gains, with an aver- 429

age improvement of 1.54 percentage points in Acc 430

accompanied by a significant reduction in ECE. 431

This demonstrates that ClaHF yields stronger dis- 432

criminative ability and more reliable probability 433

calibration in complex multi-class scenarios. 434

Similar trends are observed on the Emotion 435

dataset. For example, with Qwen3, ClaHF im- 436

proves Acc from 92.57% to 93.62% while reducing 437

ECE from 6.75 to 5.06, indicating that ClaHF not 438

only boosts accuracy but also fundamentally pro- 439

motes more reliable and well-calibrated predictive 440

distributions. 441

4.2.2 Results on Binary Tasks 442

Compared with multi-class classification, binary 443

tasks are more sensitive to decision boundaries and 444

impose stricter requirements on model confidence 445

and distributional consistency. Therefore, we re- 446

port these results separately. 447
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Backbone Method SST-2 MRPC CoLA

Acc (↑) F1 (↑) ECE (↓) Acc (↑) F1 (↑) ECE (↓) MCC (↑) ECE (↓)

BERT SFT 89.46±0.24 89.43±0.24 9.99±0.14 82.18±0.27 79.44±0.96 9.84±0.46 55.07±0.34 14.30±0.48

ClaHF 90.10±0.09 90.09±0.10 9.04±0.55 83.28±0.29 80.53±0.29 8.64±0.21 56.10±0.24 12.16±0.57

RoBERTa SFT 92.57±0.12 92.57±0.12 8.24±0.47 87.25±0.18 85.57±0.05 6.25±0.29 59.73±0.62 11.77±0.29

ClaHF 93.19±0.23 93.19±0.23 6.40±0.13 87.86±0.15 86.28±0.23 5.12±0.20 61.21±0.82 8.43±0.37

T5 SFT 93.85±0.23 93.85±0.23 7.10±0.60 84.58±0.12 81.34±0.27 8.15±0.30 58.10±0.48 13.58±0.51

ClaHF 94.63±0.04 94.64±0.04 5.03±0.13 85.78±0.28 83.68±0.28 6.83±0.27 59.23±0.46 11.75±0.33

OPT SFT 90.52±0.46 90.51±0.45 8.76±0.52 83.61±0.25 80.69±0.37 7.55±0.19 56.42±0.26 13.95±0.77

ClaHF 90.99±0.23 90.99±0.23 6.24±0.31 84.69±0.22 81.88±0.85 6.44±0.26 57.64±0.35 12.90±0.43

Qwen3 SFT 90.57±0.16 90.57±0.16 8.22±0.36 84.41±0.15 81.69±0.54 6.85±0.13 56.94±0.17 13.68±0.66

ClaHF 91.47±0.29 91.47±0.29 7.09±0.20 85.02±0.18 82.97±0.26 5.58±0.36 58.30±0.27 12.44±0.34

Average +0.68±0.07 +0.69±0.07 -1.70±0.29 +0.92±0.13 +1.32±0.27 -1.21±0.04 +1.24±0.08 -1.92±0.41

Table 3: Test performance of SFT and ClaHF on three binary datasets.

Backbone Method Devign BigCloneBench

Acc (↑) F1 (↑) ECE (↓) Acc (↑) F1 (↑) ECE (↓)

CodeBERT SFT 62.15±0.19 58.77±0.50 13.48±0.81 97.12±0.14 97.11±0.14 4.01±0.43

ClaHF 63.14±0.11 59.61±0.28 9.64±0.47 97.58±0.20 97.58±0.20 2.49±0.34

CodeT5 SFT 62.99±0.18 62.35±0.20 12.02±0.48 96.80±0.17 96.79±0.17 4.93±0.83

ClaHF 63.49±0.36 62.50±0.56 9.06±0.24 97.29±0.16 97.29±0.16 2.46±0.26

CodeT5+ SFT 63.20±0.17 62.87±0.25 11.13±0.42 97.87±0.10 97.87±0.10 2.08±0.06

ClaHF 64.04±0.15 63.57±0.14 8.60±0.53 98.14±0.07 98.13±0.07 1.79±0.10

CodeGen SFT 62.38±0.29 59.29±0.24 15.11±0.44 97.60±0.14 97.60±0.14 2.43±0.27

ClaHF 63.45±0.11 61.95±0.87 11.13±0.71 97.98±0.09 97.98±0.09 1.92±0.05

Average +0.85±0.12 +1.09±0.55 -3.33±0.35 +0.40±0.05 +0.40±0.05 -1.20±0.50

Table 4: Test performance of SFT and ClaHF on code datasets.

As shown in Table 3, ClaHF consistently outper-448

forms SFT on SST-2, MRPC, and CoLA across all449

backbones, with particularly large gains in ECE.450

On SST-2, ClaHF achieves simultaneous improve-451

ments in Acc and F1, demonstrating that preference452

signals help the model better capture the relative453

ordering between positive and negative samples.454

The advantage of ClaHF is even more pro-455

nounced on MRPC, which requires fine-grained456

judgments of semantic equivalence and is highly457

sensitive to boundary cases. Compared with SFT,458

ClaHF substantially improves performance and re-459

duces ECE by about 1.21, indicating enhanced de-460

cision stability near hard examples. On CoLA,461

ClaHF improves MCC by approximately 1.24462

while reducing ECE by about 1.92, further confirm-463

ing its dual benefits in refining decision boundaries464

and improving confidence calibration.465

4.2.3 Results on Code Tasks466

Compared with natural language, source code is a467

structured and formal language with strict syntac-468

tic and semantic constraints, which places higher469

demands on model discrimination and stability.470

Table 4 presents the results on Devign and471

BigCloneBench. Overall, ClaHF achieves con- 472

sistent improvements across all code backbones. 473

On Devign, ClaHF reduces ECE by an average 474

of 3.33 while also yielding small but consistent 475

gains in Acc and F1, demonstrating its effective- 476

ness on structured code data. On BigCloneBench, 477

ClaHF again shows stable advantages, especially 478

in terms of ECE, indicating that it maintains reli- 479

able confidence calibration even in high-accuracy 480

regimes—an essential property for practical soft- 481

ware engineering applications. 482

4.3 Ablation Study 483

To further investigate the contribution of each stage 484

in ClaHF, we conduct ablation studies from two 485

perspectives. Unless otherwise specified, all exper- 486

iments in this section are conducted on the Emotion 487

dataset (Saravia et al., 2018) with the Qwen3 (Yang 488

et al., 2025) backbone, and all other settings are 489

kept identical. 490

4.3.1 Effect of RM Training Objectives 491

Table 5 reports the impact of different RM training 492

objectives on the final classification performance. 493

In this group of experiments, we only vary the 494
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Method Lsft Ltop1 Lpairwise Acc (↑) F1 (↑) ECE (↓)

SFT ✓ – – 92.57±0.14 88.11±0.40 6.75±0.22

ClaHF-Pair ✓ – ✓ 92.78±0.14 88.88±0.12 6.44±0.21

ClaHF-Top1 ✓ ✓ – 93.15±0.20 89.28±0.40 5.98±0.15

ClaHF (Full) ✓ ✓ ✓ 93.62±0.10 90.18±0.12 5.06±0.21

Table 5: Effect of RM training objectives on classification performance.
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Figure 3: Performance heatmaps of ClaHF in terms of Acc, F1, and ECE over a continuous α× γ grid.

loss components used in the RM stage. To isolate495

the effect of preference signals, we construct two496

variants of ClaHF: (1) ClaHF-Pair: applies equal497

constraints to all candidates. (2) ClaHF-Top1: only498

enforces the margin between the Top-1 candidate499

and the remaining candidates.500

As shown in the table, all three ClaHF variants501

outperform SFT, confirming that preference signals502

effectively complement single-label supervision.503

However, ClaHF-Pair yields only limited improve-504

ments, indicating that enforcing pairwise ranking505

consistency alone is insufficient to provide strong506

discriminative signals and behaves similarly to con-507

ventional learning-to-rank methods.508

When both Top-1 and pairwise constraints are509

combined, the model achieves the best performance510

across Acc, F1, and ECE, which significantly ex-511

ceeds SFT and the two variants. This result indi-512

cates that the two types of preference signals are513

complementary: the Top-1 constraint emphasizes514

discriminability of the optimal decision, while the515

pairwise constraint preserves the global ranking516

structure. Additional studies are reported in Ap-517

pendix C.518

4.3.2 Stability Analysis519

We further analyze the joint effect of the preference520

weight α and the value coefficient γ over a contin-521

uous hyperparameter space to assess the stability522

of ClaHF and the structure of its optimal region.523

Figure 3 presents heatmaps of Acc, F1, and ECE524

over a continuous α×γ grid. The performance sur-525

faces vary smoothly rather than exhibiting abrupt 526

oscillations, indicating that ClaHF is robust to hy- 527

perparameter perturbations and that small changes 528

within reasonable ranges do not lead to dramatic 529

performance drops. 530

Moreover, the optimal performance does not 531

concentrate at a single point but spans a coher- 532

ent region. Specifically, when α ∈ [0.7, 0.9] and 533

γ ∈ [0.2, 0.3], the model achieves near-optimal 534

Acc and F1 while maintaining low ECE. The ex- 535

istence of this structured optimal region demon- 536

strates that the improvements brought by ClaHF 537

are not the result of accidental tuning, but remain 538

stable across a range of reasonable configurations. 539

5 Conclusion 540

We propose ClaHF, a human-feedback-inspired RL 541

framework for text classification, which for the 542

first time systematically introduces the complete 543

RLHF pipeline into classification tasks. ClaHF is 544

tailored to the decision structure of classification 545

and incorporates dedicated designs for preference 546

data construction, reward modeling, and policy op- 547

timization, enabling RL to effectively optimize dis- 548

criminative prediction objectives. Compared with 549

SFT, ClaHF achieves stable and consistent improve- 550

ments in both performance and calibration across 551

a wide range of natural language and code classifi- 552

cation tasks, demonstrating that preference-driven 553

RL is also a powerful paradigm for enhancing the 554

effectiveness and reliability of classification mod- 555

els. 556
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Limitations557

Despite the promising results of ClaHF on multi-558

ple text classification benchmarks, it has two main559

limitations. (1) ClaHF relies on automatically con-560

structed preference data derived from original la-561

bels. Although this avoids additional human anno-562

tation costs, the quality of RM training is inevitably563

constrained by the noise and bias in the original564

datasets. Integrating ClaHF with real human feed-565

back is a promising direction to further improve566

performance and robustness. (2) Our experiments567

focus on single-label text classification. The appli-568

cability of ClaHF to more complex discriminative569

settings, such as multi-label and hierarchical classi-570

fication, remains unexplored and is left for future571

work.572
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A Datasets 858

As described in Section 4.1, we evaluate ClaHF 859

on eight representative text classification bench- 860

marks. For all datasets, we set the maximum input 861

length to 400 tokens for tokenization. The detailed 862

descriptions are as follows. 863

SST-2 (Socher et al., 2013) is a single-sentence 864

binary classification dataset consisting of sentences 865

from movie reviews annotated with sentiment la- 866

bels. The labels are 0 and 1, where 0 denotes 867

negative and 1 denotes positive. The dataset con- 868

tains 67,350 training samples, 873 validation sam- 869

ples, and 1,821 test samples. As part of the 870

GLUE benchmark (Wang et al., 2018), the offi- 871

cial dataset is available at https://huggingface. 872

co/datasets/nyu-mll/glue/viewer/sst2. 873

CoLA (Warstadt et al., 2019) is a single-sentence 874

binary classification dataset for linguistic accept- 875

ability. The corpus is collected from books and 876

journals in linguistic theory. Each sentence is an- 877

notated as to whether it is grammatically accept- 878

able, with labels 0 and 1, where 0 indicates un- 879

grammatical and 1 indicates grammatical. The 880

dataset contains 8,551 training samples, 1,043 val- 881

idation samples, and 1,063 test samples. It is 882

also part of the GLUE benchmark (Wang et al., 883
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2018) and is available at https://huggingface.884

co/datasets/nyu-mll/glue/viewer/cola.885

MRPC (Dolan and Brockett, 2005) is a binary886

classification dataset consisting of sentence pairs887

extracted from online news sources, manually an-888

notated to indicate whether the two sentences are889

semantically equivalent. The labels are 0 and 1,890

where 0 denotes not paraphrase and 1 denotes891

paraphrase. The dataset contains 3,668 training892

samples, 408 validation samples, and 1,725 test893

samples. It is also part of GLUE (Wang et al.,894

2018) and is available at https://huggingface.895

co/datasets/nyu-mll/glue/viewer/mrpc.896

AG News (Zhang et al., 2015) is a single-897

sentence four-class news topic classification dataset898

collected from global news articles. The dataset899

covers four major categories: World (label 0),900

Sports (label 1), Business (label 2), and Sci-901

ence/Technology (label 3). It contains 120,000902

training samples and 7,600 test samples. Since no903

validation split is provided, we randomly sample904

20% of the training set as the validation set. The905

dataset is available at https://huggingface.co/906

datasets/fancyzhx/ag_news.907

SST-5 (Socher et al., 2013) is a fine-grained908

single-sentence five-class sentiment classification909

dataset for movie reviews. The labels range910

from 0 to 4, representing very negative, nega-911

tive, neutral, positive, and very positive, respec-912

tively. The dataset contains 8,544 training sam-913

ples, 1,101 validation samples, and 2,210 test sam-914

ples. It is available at https://huggingface.co/915

datasets/SetFit/sst5.916

Emotion (Saravia et al., 2018) is a single-917

sentence six-class emotion classification dataset918

built from English Twitter messages. It covers six919

emotion categories: sadness (label 0), joy (label 1),920

love (label 2), anger (label 3), fear (label 4), and sur-921

prise (label 5). The dataset contains 16,000 training922

samples, 2,000 validation samples, and 2,000 test923

samples. It is available at https://huggingface.924

co/datasets/dair-ai/emotion.925

Devign (Zhou et al., 2019) is a code defect926

detection dataset designed to identify whether927

a code snippet is potentially vulnerable to soft-928

ware attacks. The labels are 0 and 1, where929

0 denotes safe code and 1 denotes vulnerable930

code. Following the CodeXGLUE (Lu et al.,931

2021), we split the dataset into training, valida-932

tion, and test sets with an 8:1:1 ratio, resulting933

in 21,854 training samples and 2,732 samples for934

both validation and test sets. The dataset is avail-935

able at https://huggingface.co/datasets/ 936

google/code_x_glue_cc_defect_detection. 937

BigCloneBench (Wang et al., 2020) is a 938

manually annotated Java code clone detection 939

benchmark for code clone detection and semantic 940

similarity learning. The labels are 0 and 1, where 941

1 indicates that the code pair is semantically 942

equivalent and 0 indicates non-equivalence. 943

Since the original dataset is very large, we 944

follow the CodeXGLUE (Lu et al., 2021) setting 945

and use only 10% of the data for training and 946

validation. The dataset is available at https: 947

//huggingface.co/datasets/google/code_x_ 948

glue_cc_clone_detection_big_clone_bench. 949

B Additional Implementation Details 950

In the preference data construction stage, for each 951

ground-truth class in the eight datasets, we define 952

a natural-language candidate semantic label, as 953

shown in Table 6. The core motivation is to map 954

the original discrete class label yi into a semantic 955

description cj that can be directly interpreted by 956

LMs. 957

In addition, during RM training, we concatenate 958

each input sample with its candidate semantic label. 959

Different datasets use different prefixes to explicitly 960

distinguish task contexts and align the inputs with 961

their semantic labels. The unified input format 962

for the RM is Prefix : xi || cij , the prefixes for 963

different datasets are defined as follows: 964

• AG News: News 965

• SST-5 / SST-2 / CoLA / MRPC: Sentence 966

• Emotion: Text 967

• Devign / BigCloneBench: Code 968

C Additional Ablation Studies 969

This section further investigates ablation studies 970

of ClaHF. Following Section 4.3, all experiments 971

are conducted on the Emotion dataset with Qwen3 972

as the backbone model. All reported values are 973

the mean and standard error over five runs with 974

different random seeds. 975

Effect of the Value Function Loss in RL. Ta- 976

ble 7 analyzes the influence of the value loss weight 977

in the RL stage. In these experiments, all RM set- 978

tings are fixed and α is set to 0.8, while only the 979

value loss coefficient γ is varied. 980

Without the value loss (ClaHF-NoValue), the 981

model still outperforms SFT, showing that 982
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Dataset D True Label yi Candidate Semantic Label cj

AG News

0 Prediction: the news topic is World
1 Prediction: the news topic is Sports
2 Prediction: the news topic is Business
3 Prediction: the news topic is Science/Technology

SST-5

0 Prediction: the sentence is very negative
1 Prediction: the sentence is negative
2 Prediction: the sentence is neutral
3 Prediction: the sentence is positive
4 Prediction: the sentence is very positive

Emotion

0 Prediction: the emotion in the text is sadness
1 Prediction: the emotion in the text is joy
2 Prediction: the emotion in the text is love
3 Prediction: the emotion in the text is anger
4 Prediction: the emotion in the text is fear
5 Prediction: the emotion in the text is surprise

SST-2
0 Prediction: the sentence is negative
1 Prediction: the sentence is positive

CoLA
0 Prediction: the sentence is grammatically unacceptable
1 Prediction: the sentence is grammatically acceptable

MRPC
0 Prediction: the two sentences are not semantically equivalent
1 Prediction: the two sentences are semantically equivalent

Devign
0 Prediction: the code is non-vulnerable
1 Prediction: the code is vulnerable

MRPC
0 Prediction: the two code snippets are not semantically similar
1 Prediction: the two code snippets are semantically similar

Table 6: Ground-truth labels and their corresponding candidate semantic labels for the eight datasets.
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Method Lvalue Acc (↑) F1 (↑) ECE (↓)

NoValue – 93.20±0.15 89.59±0.45 5.67±0.12

ClaHF γ = 0.25 93.62±0.10 90.18±0.12 5.06±0.21

ClaHF γ = 0.5 93.42±0.13 89.36±0.26 5.44±0.12

ClaHF γ = 1.0 92.87±0.17 88.79±0.34 6.27±0.34

Table 7: Effect of the value loss weight during RL.

preference-driven policy optimization is effective983

by itself. However, its performance is clearly infe-984

rior to the full ClaHF, indicating that RL without985

value function regularization is more susceptible to986

high-variance reward signals.987

When a moderate value loss is introduced, the988

model achieves the best results on Acc, F1, and989

ECE, validating the crucial role of the value func-990

tion in stabilizing training and smoothing policy991

updates. As γ further increases, performance starts992

to degrade, suggesting that overly strong value con-993

straints hinder effective preference-driven updates994

and thus weaken the benefits of ClaHF.995

Table 8 reports a comparison between ClaHF-996

Pair with different value function loss weights γ997

and the SFT baseline. In this experiment, we keep998

the RM and all other PPO hyperparameters fixed999

and only vary the weight of the value function loss1000

to analyze the model behavior in the absence of1001

the Top-1 constraint, i.e., when equal constraints1002

are imposed on all candidates without explicitly1003

emphasizing the optimal candidate and the model1004

is trained only to learn the relative ordering among1005

candidates.1006

From the results, we observe that when the value1007

function loss is not introduced and without the Top-1008

1 constraint, the model can hardly outperform the1009

SFT baseline on Acc, F1, and ECE, and even ex-1010

hibits slight degradation on the calibration metric1011

ECE. This indicates that relying solely on pair-1012

wise preference signals for policy updates makes1013

it difficult for the model to stably learn effective1014

discriminative boundaries.1015

After introducing a moderate value function loss,1016

ClaHF-Pair achieves modest improvements over1017

SFT, which further verifies that the value function1018

can alleviate the instability caused by high-variance1019

rewards in preference-based policy optimization.1020

However, as γ increases further, the model perfor-1021

mance drops and even falls below that of SFT, sug-1022

gesting that an excessively large value loss weight1023

overly suppresses policy updates when the Top-11024

constraint is absent.1025

Method Lvalue Acc (↑) F1 (↑) ECE (↓)

SFT – 92.57±0.14 88.11±0.40 6.75±0.22

ClaHF-Pair – 92.53±0.13 88.26±0.23 6.92±0.38

ClaHF-Pair γ = 0.25 92.78±0.14 88.88±0.12 6.44±0.21

ClaHF-Pair γ = 0.5 92.60±0.10 88.57±0.09 6.69±0.28

ClaHF-Pair γ = 1.0 92.28±0.14 87.27±0.18 6.97±0.22

Table 8: Effect of the value loss weight on ClaHF-Pair.

In summary, these results demonstrate that in 1026

ClaHF-Pair, although the value function loss can 1027

improve training stability, its effective range is 1028

clearly limited and requires careful tuning. This 1029

finding also provides additional evidence for our 1030

main conclusion that Top-1 and pairwise prefer- 1031

ence signals play complementary roles in ClaHF, 1032

and that their joint modeling is crucial for stable 1033

and efficient optimization of classification policies. 1034

Further explanation of Figure 3. Further anal- 1035

ysis of the interaction between α and γ reveals 1036

a clear synergistic effect. When α is small (i.e., 1037

the RM mainly relies on relative ranking signals), 1038

varying γ yields limited gains. In contrast, when 1039

α lies in the medium range, changes in γ have 1040

a more pronounced impact on both performance 1041

and calibration, suggesting that explicit preference 1042

signals facilitate the stabilizing role of the value 1043

function. However, when α = 1, an excessively 1044

large γ suppresses the policy’s responsiveness to 1045

preference signals and leads to performance degra- 1046

dation. This reveals a critical balance in ClaHF: 1047

preference guidance must be sufficiently strong to 1048

steer policy updates, while value constraints should 1049

stabilize training without over-regularization. 1050

Finally, we observe that the distribution of ECE 1051

does not simply trade off with Acc and F1, but 1052

reaches its minimum near the same optimal region. 1053

This indicates that ClaHF simultaneously enhances 1054

discriminative performance and confidence calibra- 1055

tion, rather than sacrificing one for the other. 1056
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