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Abstract

Subjective NLP tasks such as sentiment anal-001
ysis and hate speech classification often in-002
volve inherent annotator disagreement, re-003
flecting diverse perspectives shaped by an-004
notators’ lived experiences. Although con-005
ventional approaches resolve disagreement006
through majority voting or aggregation, these007
methods risk erasing valuable nuances and008
minority viewpoints. Recent embedding-009
based/multitask models have advanced the010
modeling of annotator-specific judgments, yet011
their robustness to annotation noise remains un-012
derexplored. In this work, we systematically013
investigate how state-of-the-art multi-annotator014
learning models perform in the presence of015
noisy labels and observe a significant perfor-016
mance degradation under such conditions. To017
address this, we propose Noise Robust Anno-018
tator Embedding (NRA-Embed), which inte-019
grates Robust InfoNCE (RINCE) contrastive020
loss to enhance models’ robustness under noisy021
annotation conditions. Through extensive ex-022
periments, we demonstrate that NRA-Embed023
effectively captures subjective disagreement024
while maintaining robustness to noise, achiev-025
ing performance that matches or exceeds state-026
of-the-art methods.027

1 Introduction028

Collecting multiple annotations per instance is a029

standard practice in NLP to improve label reliabil-030

ity and mitigate individual annotator errors (Snow031

et al., 2008; Nowak and Rüger, 2010). In conven-032

tional supervised learning, disagreement among033

annotators is typically resolved through majority034

voting, averaging (Sabou et al., 2014), or expert035

adjudication (Waseem and Hovy, 2016) to produce036

a single ground-truth label. However, for subjec-037

tive NLP tasks, such as sentiment analysis, hate038

speech detection, and political stance classification,039

a single objectively correct label often does not040

exist (Alm, 2011). Enforcing consensus in these041

Figure 1: Comparison of Mean Annotator F1 scores
for different multi-annotator modeling approaches on
the HSB (Akhtar et al., 2021) Dataset under increasing
noise levels. We highlight that our embedding-based
method demonstrates greater robustness, maintaining
higher performance compared to other approaches as
noise level increases.

settings can obscure meaningful variation in human 042

judgments and suppress socially situated perspec- 043

tives (Cheplygina and Pluim, 2018). At the same 044

time, real-world annotation pipelines are inevitably 045

affected by annotation noise, arising from misun- 046

derstanding, inattention, or malicious behavior. De- 047

spite this, the joint effect of subjective disagree- 048

ment and annotation noise remains insufficiently 049

understood. 050

Annotator disagreement in subjective tasks is 051

not random but is often systematically shaped by 052

annotators’ demographic backgrounds, social iden- 053

tities, and political beliefs. For instance, feminist 054

and anti-racism activists have been shown to an- 055

notate hate speech differently from crowd workers 056

(Waseem and Hovy, 2016), while political affilia- 057

tions influence labeling behavior in stance detec- 058

tion (Luo et al., 2020). Similar effects have been 059

observed in sentiment analysis (Díaz et al., 2018) 060

and toxic language annotation (Patton et al., 2019). 061
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Collapsing such diverse judgments into a single062

label via majority voting risks marginalizing mi-063

nority viewpoints and introducing representational064

harms (Prabhakaran et al., 2021). Motivated by065

these concerns, a growing body of work has sought066

to model annotator disagreement rather than elimi-067

nate it. Benchmark datasets such as Multi-Domain068

Agreement (MDA) (Leonardelli et al., 2021) en-069

able systematic study, while probabilistic reliability070

modeling (Reidsma and Carletta, 2008), large-scale071

disagreement learning (Uma et al., 2022), and dis-072

tributional supervision (Uma et al., 2021) provide073

principled alternatives to label aggregation.074

Building on these foundations, recent methods075

have moved beyond label aggregation to explicitly076

model annotator perspectives. These include multi-077

task architectures with per-annotator classification078

heads (Davani et al., 2022a; Jinadu and Ding, 2024)079

and embedding-based approaches that represent080

annotators as learned vectors (Mokhberian et al.,081

2023; Deng et al., 2023). Embedding methods082

using contrastive learning have achieved state-of-083

the-art performance on disagreement benchmarks084

under clean supervision (Mokhberian et al., 2023).085

However, contrastive objectives like InfoNCE086

fundamentally rely on correct positive/negative pair087

construction, when labels are corrupted, the con-088

trastive signal becomes unreliable. In this work,089

we conduct the first systematic study of how state-090

of-the-art disagreement learning methods behave091

under controlled annotation noise. We show em-092

pirically in (Figure 1) that methods which account093

for multi-annotator perspectives degrade in perfor-094

mance with increasing annotation noise. These095

findings indicate that existing embedding-based096

disagreement models are not inherently robust to097

noisy supervision.098

To address this limitation, while keeping the099

benefits of contrastive loss, we argue that robust-100

ness must be incorporated directly into the con-101

trastive learning objective itself. We therefore pro-102

pose the Noise-Robust Annotator Embedding103

method (NRA-Embed), which is an annotator104

embedding-based model that replaces the conven-105

tional InfoNCE loss with Robust InfoNCE (RINCE)106

(Chuang et al., 2022). RINCE introduces a princi-107

pled robustness mechanism that reduces sensitivity108

to corrupted positive and negative pairs through109

a tunable robustness parameter. By integrating110

RINCE into the annotator embedding framework,111

NRA-Embed preserves the benefits of contrastive112

annotator modeling while substantially improving113

robustness to annotation noise. 114

We evaluate NRA-Embed across multiple subjec- 115

tive classification tasks, noise types, and annotator 116

conditions. Our contributions are: 117

• We conduct the first systematic evaluation 118

of multi-annotator models under controlled 119

noise, revealing significant vulnerabilities in 120

existing approaches. 121

• We propose NRA-Embed, achieving several 122

significant performance improvements such 123

as a 3.25% increase over AART (Mokhberian 124

et al., 2023) on the HSB (Akhtar et al., 2021) 125

dataset. 126

• We benchmark across three binary and one 127

multiclass datasets and two noise types (sym- 128

metric and renegade), establishing best prac- 129

tices for noise-robust subjective learning. 130

2 Related Works 131

2.1 Annotator Disagreement 132

Annotator disagreement is a recognized challenge 133

in NLP. Traditional approaches treat this variability 134

as noise through majority voting or label aggre- 135

gation (Pavlick and Callison-Burch, 2016; Sabou 136

et al., 2014). However, many tasks admit multiple 137

valid interpretations where no single correct label 138

exists (Plank, 2022; Passonneau et al., 2012; Nie 139

et al., 2020; Jiang and Marneffe, 2022; Jinadu and 140

Ding, 2024). In subjective settings like toxicity de- 141

tection, judgments differ due to annotators’ beliefs 142

and identities, reflecting genuine human diversity 143

rather than errors (Waseem, 2016; Al Kuwatly et al., 144

2020; Sap et al., 2021; Pavlick and Kwiatkowski, 145

2019). Recent work leverages this disagreement 146

for personalization (Plepi et al., 2022). 147

2.2 Modeling Annotator Disagreement 148

Methods for modeling disagreement have evolved 149

from treating it as noise to embracing it as sig- 150

nal. Early approaches include Dawid–Skene for 151

estimating annotator reliability (Dawid and Skene, 152

1979), uncertainty quantification via MC Dropout 153

and Deep Ensembles (Zhou et al., 2021), and full 154

label distribution modeling (Meissner et al., 2021). 155

Multitask approaches. Davani et al. (2022a) 156

proposed a multitask framework with separate clas- 157

sification heads per annotator, enabling individual- 158

ized predictions while sharing text representations. 159

Jinadu and Ding (2024) extended this with explicit 160
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noise tolerance. However, multitask methods suf-161

fer from under determination for sparse annotators162

who contribute few labels.163

Embedding-based approaches. Recent work164

represents annotators as learned embeddings inte-165

grated early in the network. Deng et al. (2023)166

jointly learn annotator and annotation embed-167

dings to capture fine-grained subjectivity signals.168

Mokhberian et al. (2023) introduced AART, which169

uses contrastive learning (InfoNCE) to align anno-170

tator embeddings with labeling patterns, demon-171

strating more equitable performance for sparse an-172

notators. However, they noted that “differentiating173

between labeling noise and natural disagreement is174

a challenge that remains unaddressed,” a gap our175

work directly targets.176

2.3 Learning from Noisy Labels177

Noise correction targets errors in labels, such as ran-178

dom flips and annotation mistakes, to improve data179

quality and robustness (Zhan et al., 2019). Cross-180

entropy easily fits noisy labels (Zhang et al., 2016),181

while bootstrapping adds prediction terms to re-182

duce this effect (Reed et al., 2014). Deep mod-183

els learn clean patterns before memorizing noise184

(Arazo et al., 2019; Liu et al., 2020; Li et al., 2020;185

Nishi et al., 2021), a property exploited by many de-186

noising methods. Effective correction must remove187

misleading labels without discarding true signal188

(Arazo et al., 2019; Jinadu and Ding, 2024).189

3 Preliminary190

We first set up the general multi-annotator learn-191

ing problem. We then discuss two high-level net-192

work architecture approaches for modeling multi-193

annotator datasets. We then propose a framework194

for optimizing the embedding-based approaches195

under conditions of label noise.196

3.1 Problem Definition197

We consider an annotated dataset D =198

{(xi, aj , yij)}, which consists of triplets formed199

from input text items X = {xi}Ni=1, annotators200

A = {aj}mj=1, and annotations Y = {1, ..., Q}. A201

pair of (i, j) can appear at most once in the dataset202

D, which means label yij is assigned to text item203

xi by the annotator aj . Y contains numerous miss-204

ing values in most annotated datasets since each205

annotator labels only a subset of the instances. The206

problem is modeled as a classification task where207

a classifier is trained to predict the label to be as- 208

signed to the text item xi. All methods explored in 209

this study utilize pre-trained transformer-based lan- 210

guage models for text encoding, specifically using 211

RoBERTa (Liu et al., 2019). For a given input text 212

xi, we obtain its text representation by extracting 213

the [CLS] token embedding from the final layer of 214

the language model, denoted as e(xi). 215

3.2 Task-based Multi-Annotator Learning 216

The most frequent approach, called single-task, 217

aims to predict the aggregate label to be assigned 218

to the text item xi through majority voting or aver- 219

aging over annotators’ labels {yij}Mj=1. 220

Multi-task approaches are seen in several previous 221

works (Fornaciari et al., 2021; Davani et al., 2022a; 222

Jinadu and Ding, 2024), and basically are a gen- 223

eralization of single-task approach. They train a 224

separate, fully connected layer for each annotator 225

to learn the annotator-specific labeling behavior. 226

3.3 Embedding-based Multi-Annotator 227

Learning 228

Another method is to embed annotators in a latent 229

space and integrate this information early in the 230

model architecture. In these approaches, a learn- 231

able matrix encodes the representations of the an- 232

notators. Given a text instance xi and an annotator 233

embedding, we compute the annotator-aware em- 234

bedding as: 235

g(xi, aj) = e(xi)⊕ f(aj), 236

Where e(xi) is the text embedding, f(aj) is the 237

embedding of annotator aj , and ⊕ is the fusion 238

operation that we treat it as a simple addition in 239

our work. This fused, annotator-aware representa- 240

tion is then fed to a classification model to make a 241

prediction. 242

A few methods utilize this approach. For exam- 243

ple, the approach proposed by (Mokhberian et al., 244

2023) directly incorporates the annotator embed- 245

dings into the text representations. We refer to this 246

method as Annotator Aware Representations for 247

Texts (AART) in this paper. Another technique is 248

(Deng et al., 2023), which additionally incorporates 249

annotation embeddings. We refer to this method as 250

MichEmbed in this paper. 251

4 Methodology: Noise Robust Annotator 252

Embedding (NRA-Embed) 253

Recent SOTA studies (Mokhberian et al., 2023), 254

Deng et al. (2023) demonstrated that embedding- 255
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based approaches have outstanding potential256

for multi-annotator classification. Additionally,257

Mokhberian et al. (2023), showed that contrastive258

loss enables learning from similarities and259

dissimilarities among annotators’ label choices,260

a capability absent in multitask approaches that261

optimize separate heads independently. However,262

our experiments (depicted in Figure 1) demonstrate263

that the performance of these methods is degraded264

in the presence of noisy annotations. The underly-265

ing reason is that conventional contrastive losses,266

such as InfoNCE (Oord et al., 2018; Chen et al.,267

2020), often fail to learn accurate embeddings268

that represent annotators’ opinions in noisy envi-269

ronments, since inconsistent or noisy annotations270

can distort the learning signals and hinder the271

model’s ability to form coherent representations.272

Therefore, we need a contrastive loss that is robust273

to annotation noise and tunable to emphasize274

confident and informative annotation signals while275

down-weighting uncertain or potentially noisy276

ones. Motivated by this, we propose utilizing277

Robust InfoNCE (RINCE) (Chuang et al., 2022)278

and adapting it to our problem setting.279

280

RINCE builds on the insight that contrastive281

learning with noisy representations can be282

interpreted as a binary classification with noisy283

labels over pairwise views (in image context),284

assigning a label of 1 if the views co-occur (joint285

distribution) and -1 if sampled independently286

(product of marginals)(Chuang et al., 2022). This287

interpretation aligns well with our setting, where288

each view corresponds to an annotator’s label on289

a given input; we treat annotator pairs as positive290

(label 1) if they agree on the label of a text instance291

and negative (label -1) if they disagree. This292

positive/negative dichotomy justifies our focus293

on binary classification datasets, enabling clear294

alignment between label agreement, disagreement,295

and contrastive objectives.Ghosh et al. (2015)296

demonstrates that symmetric loss functions offer297

robustness to label noise in binary classification298

tasks. RINCE introduces a symmetric adaptation299

of InfoNCE that satisfies the symmetry condition300

in binary classification, and thus guarantees robust-301

ness against noisy representations. Specifically, a302

symmetric contrastive learning objective should303

have the following form(Chuang et al., 2022):304

L(s) = ℓ(s+; 1)︸ ︷︷ ︸
Positive Pair

+λ
K∑
i=1

ℓ(s−i ;−1)︸ ︷︷ ︸
K Negative Pairs

(1) 305

Where the first term is the loss of the positive 306

pair, and the second term is the sum of losses of K 307

negative pairs. λ > 0 is a density weighting term 308

controlling the ratio between positive (class 1) and 309

negative (class -1) pairs. 310

Based on the idea of robust symmetric classifi- 311

cation loss, the Robust InfoNCE (RINCE) loss is 312

defined as (Chuang et al., 2022): 313

Lλ,q
RINCE(s) =

eq·s
+

q
+

(
λ ·
(
es

+
+
∑K

i=1 e
s−i

))q
q

(2) 314

Where s+ is the score (similarity measure like 315

cosine similarity) for a positive (agreement) pair 316

and s−i are scores for negative (disagreement) pairs. 317

A tunable parameter q ∈ (0, 1] is introduced to 318

interpolate between the robustness of RINCE and 319

the expressive power of InfoNCE. When q = 1, 320

RINCE becomes a contrastive loss that fully sat- 321

isfies the symmetry property in Equation (1) and 322

offers resistance to annotation noise. 323

To jointly learn task performance and annota- 324

tor embeddings, we pass combined embeddings 325

g(xi, aj) through a classification layer to predict 326

the annotator’s label for each instance. We opti- 327

mize the following composite objective function: 328

L = LCE+λ1

∑
j

∥f(aj)∥22+λ2

∑
j,j′

LRINCE(j, j
′)

(3) 329

The first term, LCE, is a standard cross-entropy 330

loss used to predict annotator aj’s label assign- 331

ment for input xi from the joint representation 332

g(xi, aj). The second term applies an ℓ2 regular- 333

ization penalty to the annotator embeddings f(aj) 334

to mitigate overfitting and promote generaliza- 335

tion. The third term incorporates the RINCE con- 336

trastive loss to structure the annotator embedding 337

space: label-concordant annotator pairs (aj , aj
′) 338

are treated as positives and encouraged to align, 339

while label-discordant pairs are repelled. This con- 340

trastive objective enforces consistency among reli- 341

able annotators while remaining robust to annota- 342

tion noise. 343

Our NRA-Embed framework adopts a similar 344
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embedding-based multi-annotator architecture to345

AART (Mokhberian et al., 2023), with a criti-346

cal modification: replacing the conventional In-347

foNCE objective with RINCE for contrastive learn-348

ing. This design choice enables a controlled eval-349

uation of robust contrastive learning while pre-350

serving architectural consistency and comparability351

with existing annotator embedding approaches. Im-352

portantly, the RINCE loss is architecture-agnostic353

and can be integrated into any similarity-based an-354

notator embedding framework that relies on pair-355

wise representation comparisons, without requir-356

ing changes to the underlying model structure or357

training pipeline. While our experiments focus358

on a specific instantiation of this framework, ex-359

tending RINCE to other annotator-aware architec-360

tures and tasks remains an important direction for361

future work. We provide a theoretical analysis362

of RINCE’s robustness properties—including its363

gradient dynamics and the q-parameterized explo-364

ration–exploitation trade-off—in Appendix C.365

5 Experimental Setup366

5.1 Datasets367

We use the following datasets in our evaluation.368

• The Multi-Domain Agreement Dataset369

(MDA) This dataset comprises 9,814 English370

tweets drawn from three topical domains (the371

Black Lives Matter movement, the 2020 U.S.372

election, and the COVID-19 pandemic), each373

independently annotated for offensiveness by374

five crowdworkers via Amazon Mechanical375

Turk (Leonardelli et al., 2021).376

• English Perspectivist Irony Corpus (EPIC)377

EPIC is a disaggregated dataset for irony de-378

tection consisting of 3,000 short social-media379

conversations represented as post–reply pairs380

collected from Twitter and Reddit, spanning381

five regional varieties of English (UK, US, Ire-382

land, Australia, India) (Frenda et al., 2023;383

epi). We preprocess EPIC into one instance384

per annotated post–reply pair and the assigned385

binary label to the reply. We encode each386

instance’s text item as a two-segment input387

where the post is segment A, and the reply is388

segment B using the tokenizer’s native pair389

encoding (i.e., passing text and text_pair390

to the tokenizer). Each instance is annotated391

by 5 annotators in this dataset.392

• HS-Brexit Dataset (HSB) 393

The HS-Brexit Dataset (Akhtar et al., 2021) 394

contains Brexit-related tweets annotated for 395

hate speech, aggressiveness, offensiveness, 396

and stereotypes by six annotators from diverse 397

demographic groups. The dataset captures 398

multiple perspectives on abusive language and 399

uses a polarization index to measure annotator 400

disagreement. The HS-Brexit Dataset has 6 401

crowdworkers per sample. 402

5.2 Baseline Models 403

We compare against the following baseline meth- 404

ods: 405

• Multitask: We follow the approach proposed 406

by (Davani et al., 2022b) which involves one 407

fully-connected layer for each annotator with 408

a shared RoBERTA model. 409

• AART: We evaluate the approach introduced 410

by (Mokhberian et al., 2023) which utilizes 411

an embedding for each annotator as well as a 412

contrastive loss objective and a single fully- 413

connected classification layer built off of a 414

RoBERTA backbone in our evaluations. 415

• MichEmbed: We follow the approach by 416

(Deng et al., 2023) which utilizes annota- 417

tor embeddings as well as annotation embed- 418

dings and a single fully-connected classifica- 419

tion layer built off of RoBERTA in our experi- 420

ments. 421

5.3 Noise Injection 422

For MDA, EPIC, and HSB, we inject label noise 423

by independently flipping individual annotator la- 424

bels with a specified probability. Specifically, for 425

each annotator, we assign a noise level (ranging 426

from 0% to 40% in our experiments), and then 427

independently flip each of that annotator’s labels 428

with probability equal to their assigned noise level. 429

For binary classification tasks, label flips are imple- 430

mented by inverting the label (i.e., 0 → 1 or 1 → 0). 431

This per-annotator, per-label flipping approach al- 432

lows us to model annotator-specific noise patterns 433

while maintaining the multi-annotator structure of 434

the data. Any annotators who did not contribute to 435

a given sample were excluded from the noise in- 436

jection process and thus did not affect the training 437

loss. We also evaluated on the multiclass Senti- 438

ment Analysis (SNT) (Díaz et al., 2018) dataset 439

using symmetric noise injection for completeness. 440
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Results and discussion are reported in Appendix441

B. All label noise is injected only in the training442

set. Test sets remain clean to enable fair evaluation443

and see how effective the various methods are at fil-444

tering out noise while keeping subjective opinions445

and minority voices.446

5.4 Implementation Details447

We implemented the classification models using the448

HuggingFace transformers library (version 4.39)449

(Wolf et al., 2020). Our experimental setup for the450

annotator embedding approach for subjective clas-451

sification closely resembled that of Mokhberian452

et al. (2023) where Annotator embeddings are ini-453

tialized from a standard random distribution with454

the same dimensionality as the model’s hidden lay-455

ers. For all dataset experiments, we trained the456

models for 10 epochs. We used this to train our457

baseline and the other models, and then introduced458

our noise correction method. We used the pre-459

trained Roberta-base (Liu et al., 2019) model as460

the underlying architecture. Optimization was con-461

ducted using the AdamW optimizer with a learning462

rate of 1e-5 and a weight decay of 0.01. A linear463

decay scheduler with zero warm-up steps was then464

applied. The hyperparameters λ1 = 0.1 and λ2 =465

0.1 were used for all experiments. The q parameter466

values used for each experiment are specified in467

the results tables. All reported results (unless speci-468

fied otherwise) represent means over 5 independent469

runs with different random seeds, with standard de-470

viations reported in tables.471

5.5 Evaluation Metrics472

Mean-Annotator F1 Score473

This study is driven by the need to preserve minor-474

ity annotator perspectives that are often lost when475

labels are naively aggregated. To that end, we eval-476

uate the model’s performance for each annotator477

aj on each test item xi, comparing the true labels478

yij against the model’s predictions. We then sum-479

marize these per-annotator results via the Mean-480

Annotator F1 (Mokhberian et al. (2023)), defined481

as the average macro-F1 score across all J annota-482

tors:483

Mean-Annotator F1 =
1

J

J∑
j=1

F1
(
aj
)
,484

where F1
(
aj
)

is the macro-F1 score computed for485

annotator aj over all test items xi.486

6 Results 487

We present the main results in Table 1 as mean- 488

annotator f1 scores. This metric weights all anno- 489

tators equally regardless of contribution volume, 490

ensuring sparse annotator representation. Because 491

Majority Vote produces a single item-level pre- 492

diction rather than annotator-specific outputs, we 493

evaluate it using accuracy as well as F1, while all 494

annotator-aware models are evaluated using Mean- 495

Annotator F1. We see that our method performs 496

the best or competitively in many conditions, with 497

the clearest gains at high noise levels. 498

6.1 Annotator Embedding Approach + Noise 499

Robustness Enhancements 500

We compare our NRA-Embed Approach against 501

several baselines to measure gains in embedding 502

stability under synthetic annotation noise. Ta- 503

ble 1 presents mean Annotator-Aware F1 scores 504

on three benchmark datasets, MDA, EPIC, and 505

HSB, at no noise, 20% noise, 30% noise, and 40% 506

noise. Our Noise-Robust Annotator Embedding 507

Approach consistently improves or performs com- 508

petitively to the baselines. 509

6.2 Impact of Parameter q on 510

Noise-Robustness in Annotator 511

Embedding 512

Table 2 examines the effect of the robustness pa- 513

rameter q across noise levels. The parameter q 514

controls the trade-off between learning from hard 515

samples (low q, closer to standard InfoNCE) and 516

robustness to noisy labels (high q). We observe 517

that q=1.0 consistently achieves the highest or near- 518

highest numerical performance at 40% noise across 519

all datasets. This aligns with our intuition that 520

stronger robustness helps under severe label corrup- 521

tion. At moderate noise levels (20%), the pattern is 522

less consistent, with optimal q varying by dataset. 523

However, pairwise comparisons across q values do 524

not reach statistical significance (Welch’s t-test, p 525

> 0.05 for all comparisons, n=5 runs per configura- 526

tion). This suggests that while q=1.0 offers a slight 527

numerical advantage at high noise, performance is 528

generally stable across q values. In practice, this 529

is useful, as practitioners can default to q=1.0 for 530

annotation settings they expect to be noisy without 531

requiring extensive hyperparameter tuning. 532
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Dataset Noise Level Majority Vote Multitask MichEmbed AART Ours

MDA
No Noise 0.6031 (0.5206) 0.5121 ± 0.006 0.7867 ± 0.006 0.7912 ± 0.005 0.7927 ± 0.005

20% Noise 0.6007 (0.5191) 0.4961 ± 0.018 0.7679 ± 0.018 0.7902 ± 0.0033 0.7905 ± 0.003

30% Noise 0.6127 (0.5253) 0.4740 ± 0.013 0.7124 ± 0.018 0.7814 ± 0.011 0.7839 ± 0.01

40% Noise 0.5850 (0.5114) 0.4265 ± 0.035 0.5211 ± 0.059 0.7183 ± 0.026 0.7208 ± 0.03

EPIC
No Noise 0.6222(0.5306) 0.5131 ± 0.008 0.7879 ± 0.007 0.7925 ± 0.005 0.7935 ± 0.005

20% Noise 0.6101(0.5236) 0.4938 ± 0.023 0.7728 ± 0.022 0.7881 ± 0.0015 0.7891 ± 0.003

30% Noise 0.5996(0.5177) 0.4741 ± 0.018 0.7073 ± 0.017 0.7783 ± 0.012 0.7792 ± 0.008

40% Noise 0.5767(0.5074) 0.4342 ± 0.032 0.5116 ± 0.058 0.7195 ± 0.027 0.7228 ± 0.028

HSB
No Noise 0.8524 (0.7486) 0.9318 ± 0.004 0.9347 ± 0.004 0.9304 ± 0.003 0.9329 ± 0.004

20% Noise 0.7776 (0.6509) 0.9134 ± 0.008 0.9112 ± 0.011 0.9096 ± 0.008 0.9112 ± 0.011

30% Noise 0.7129 (0.5798) 0.8724 ± 0.014 0.8783 ± 0.02 0.8757 ± 0.03 0.8793 ± 0.019

40% Noise 0.6639 (0.5288) 0.7740 ± 0.03 0.7583 ± 0.05 0.7505 ± 0.08 0.7830 ± 0.082

Table 1: Mean annotator-level F1 across three datasets (MDA, HSB, and EPIC) under varying synthetic label–noise
levels. Best is bold; second best is underlined. Our method performs best or second best in most conditions,
especially under high-noise conditions (The q-value chosen varies depending on what provides the best results).
In brackets after each F1 in Majority Vote (MV), we report the baseline accuracy computed with the same
item–annotator metric: for each item xi, we collapse annotator labels {yij}j to a single consensus yMV

i =
mode({yij}j) (ties broken deterministically by the training-set class prior), predict yMV

i for all annotators, and

score |{(i,j): yMV
i =yij}|

|{(i,j)}| .

6.3 Impact of Renegade Annotators on Model533

Performance534

We analyze model robustness in realistic scenar-535

ios involving renegade annotators, individuals who536

intentionally provide malicious or random anno-537

tations. To do this, we randomly choose 10% of538

annotators to have very high noise, that is 70% of539

their annotations are perturbed. Experiments com-540

pare our proposed Noise-Robust Annotation Em-541

bedding method against the Task-Based approach.542

Results demonstrate that no method consistently543

outperforms the others under conditions of rene-544

gade annotation. This suggests that robustness to545

systematic adversarial annotators may require ex-546

plicit detection or weighting mechanisms beyond547

contrastive robustness. Detailed performance met-548

rics are provided in Table 3.549

7 Discussion550

Our results demonstrate several key trends that hold551

consistently across datasets and noise configura-552

tions, offering both theoretical and practical insight553

into designing models for subjective classification554

under noisy annotation.555

RINCE often improves model robustness556

across noise scenarios. Across most tested noise557

levels, our approach led to a notable increase in558

mean annotator F1 and reduced degradation under 559

high-noise conditions. This supports our hypothe- 560

sis that subjective NLP tasks require not only mod- 561

eling of annotator identity but also a mechanism to 562

counteract annotation noise. 563

Annotator embedding models outperform 564

multitask learning. Our results show that mod- 565

els such as MichEmbed, AART, and our approach 566

NRA-Embed, which learn annotator embeddings to 567

modulate shared representations, outperform mul- 568

titask approaches with separate prediction heads 569

per annotator. We hypothesize that this advantage 570

arises from parameter sharing and regularization 571

effects, embedding-based models can exploit com- 572

monalities across annotators while still personaliz- 573

ing behavior, whereas multitask heads may over- 574

fit when annotation coverage is sparse or imbal- 575

anced. Additionally, embedding approaches inher- 576

ently support more efficient transfer across anno- 577

tators and can generalize better when annotators 578

have limited individual data. We further analyze 579

per-annotator performance across methods on HSB 580

in Appendix B. 581

Multitask models degrade in performance 582

with sparse annotators. The multitask model 583

performed the worst with the SNT dataset (Ap- 584

pendix A). This is likely due to how many annota- 585

tors there are compared to how many samples they 586

7



No Noise 20% Noise 40% Noise

Rince_q q=0.5 q=0.75 q=1.0 q=0.5 q=0.75 q=1.0 q=0.5 q=0.75 q=1.0

MDA
0.7915 0.7906 0.7927 0.7891 0.7905 0.7901 0.7118 0.7099 0.7174
±0.005 ±0.005 ±0.004 ±0.003 ±0.003 ±0.004 ±0.043 ±0.037 ±0.027

HSB
0.9315 0.9302 0.9321 0.9112 0.9070 0.9028 0.7635 0.7678 0.7782
±0.003 ±0.005 ±0.004 ±0.011 ±0.009 ±0.016 ±0.096 ±0.100 ±0.110

EPIC
0.7926 0.7913 0.7935 0.7869 0.7891 0.7883 0.7207 0.7167 0.7228
± 0.006 ± 0.006 ± 0.005 ± 0.0022 ± 0.003 ± 0.0028 ± 0.04 ± 0.027 ± 0.028

Table 2: Mean Annotator F1 Scores (top row) with standard deviations (bottom row) showing the effect of q on
robustness across noise levels.

Model MDA EPIC HSB

Multitask 0.498 0.642 0.806
MichEmbed 0.784 0.764 0.897
AART 0.795 0.790 0.891
NRAEmbed 0.796 0.789 0.891

Table 3: Mean Annotator F1 Scores comparing model
robustness to renegade annotators (malicious/random
annotation behavior). Bolded values highlight the best-
performing approach across datasets (Results reported
are average of 2 runs).

DS #A #E/#A #CW #S #L

MDA 819 60 5 44k 2
EPIC 74 192 5 14.7k 2
HSB 6 952 6 5.7k 2
SNT 1481 41 4–12 60.4k 5

Table 4: Dataset statistics. #A is the number of anno-
tators, #E/#A is the average number of examples per
annotator, #CW is the number of annotators per exam-
ple, #S is the number of samples, and #L is the number
of labels.

annotated on average, which is very few, creating587

sparse annotators (see Table 4). This aligns with588

Mokhberian et al. (2023) , who showed through sta-589

tistical parity analysis that multitask models exhibit590

the highest performance disparity for sparse anno-591

tators compared to embedding-based approaches,592

with more balanced and fair results. On the other593

hand, the multitask model performed very well on594

HSB which had a much smaller amount of annota-595

tors who each labeled many samples.596

Binary classification aligns with contrastive597

objectives. Our main experiments focus on bi-598

nary tasks where contrastive agree/disagree signals599

match the label structure. Supplementary experi- 600

ments on the multiclass Likert-scale SNT dataset 601

(Appendix A) show that contrastive methods under- 602

perform annotation-embedding approaches, sug- 603

gesting ordinal settings require class-sensitive mod- 604

ifications. 605

These findings reinforce the need to view sub- 606

jective learning as a two-fold challenge: embrac- 607

ing disagreement while resisting noise. Annotator- 608

aware models alone are not sufficient if they as- 609

sume all disagreement is meaningful; conversely, 610

noise-robust objectives without subjectivity mod- 611

eling may conflate diverse opinions with error. 612

Our work shows that integrating both perspectives 613

yields the most reliable performance, and that sim- 614

ple but principled interventions, like swapping In- 615

foNCE for RINCE, can offer significant gains in 616

real-world annotation environments. 617

8 Conclusion 618

We explored the distinction between label noise 619

and subjective disagreement in subjective learn- 620

ing tasks. Most prior works only consider one or 621

the other; however, these factors are intertwined. 622

Disagreement is core to many human-centered ac- 623

tivities and should be accounted for when build- 624

ing datasets. We address this issue by separating 625

label disagreement and label noise through our 626

NRA-Embed approach. Our benchmarking of ex- 627

isting multi-annotator models provides a strong 628

baseline for developing advanced models that can 629

tolerate unique noise patterns. Our results suggest 630

that embedding-based approaches are the superior 631

methodology for training in multi-annotator cases. 632

Furthermore, we recommend that raw labels should 633

be released, however noisy, so that issues with label 634

noise can be directly addressed by model. 635

8



9 Limitations636

Our evaluation relies on synthetic noise injection637

(label flipping, random perturbations), which may638

not fully capture the complexity of real-world an-639

notation errors. Future work should explore noise640

models that better reflect actual annotator behav-641

ior, such as systematic biases, attention lapses, or642

task-specific confusion patterns.643

Per-annotator modeling becomes computation-644

ally expensive in datasets with many annotators.645

For large-scale applications, future work should646

investigate annotator grouping strategies or approx-647

imation methods to reduce computational overhead648

while preserving perspective diversity.649

Our approach depends on existing datasets with650

multiple annotations per sample. Like any crowd-651

sourced dataset, these have inherent limitations in652

representing population diversity due to cost con-653

straints (typically 3-5 annotators per sample), an-654

notator recruitment biases, and geographic skew.655

While our method robustly models available per-656

spectives, it cannot capture viewpoints absent from657

the annotation pool. Future work should explore658

methods to incorporate high-quality minority per-659

spectives, such as targeted recruitment or active660

learning strategies that identify underrepresented661

groups.662

10 Ethics Statement663

In data annotation, capturing the full spectrum of664

annotator perspectives is crucial for producing fair665

and representative models. However, factors like666

annotator fatigue and shifting judgments over time667

can conceal the true range of opinions present in668

large datasets.669

To address this, we propose drawing on insights670

from the entire annotator pool—including those671

who contribute less frequently—rather than focus-672

ing solely on the most active contributors. Incor-673

porating these “sparser” judgments broadens the674

diversity of viewpoints the model sees, yielding675

predictions that are both more robust and more676

nuanced.677

That said, this inclusive approach carries its own678

risks. A small, coordinated subgroup of annota-679

tors might exert undue influence, and any biases680

embedded within our large language model infras-681

tructure could further distort individual annotations.682

Even so, we argue that the benefits of embracing a683

wider array of voices—enhancing both inclusivity684

and resilience in AI systems—far outweigh these685

potential drawbacks. 686

In addition, we utilized the assistance of AI 687

(LLMs) in some research, coding, and writing. 688
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Dataset Noise MV Multitask MichEmbed AART Ours

SNT

0% 0.245 0.267±.007 0.517±.009 0.521±.006 0.494
10% 0.242 0.268±.002 0.492±.002 0.500±.008 0.489
20% 0.251 0.259±.008 0.483±.012 0.475±.016 0.471
30% 0.235 0.248±.013 0.446±.001 0.439±.010 0.441
40% 0.236 0.225±.000 0.418±.001 0.403±.021 0.406

Table 5: Mean annotator-level F1 on the multiclass SNT
dataset under varying noise levels. Best is bold; second
best is underlined. Unlike binary datasets, contrastive
methods (AART, NRA-Embed) do not consistently out-
perform MichEmbed. MV = Majority Vote baseline.

A Supplementary Results on Multiclass904

Data905

To assess generalization beyond binary classifi-906

cation, we evaluated on the Sentiment Analysis907

Dataset (SNT), introduced by Díaz et al. (2018).908

SNT is a sentiment classification resource aimed at909

addressing age-related biases in sentiment models,910

leveraging text from older adults’ blog posts con-911

taining age-related terms such as “old” and “young.”912

The dataset uses a 5-class Likert scale and contains913

1,481 annotators averaging 41 examples each, with914

4–12 annotators per sample (see Table 4).915

A.1 Noise Injection for Multiclass Labels916

For SNT, we applied symmetric noise injection917

following a similar procedure to the binary datasets.918

Each annotators labels were flipped independently919

according to the noise percentage, to one of the920

four other classes. As with our binary experiments,921

all noise was injected only in the training set; test922

labels remained clean.923

A.2 Main Results on SNT924

A.3 Effect of Parameter q on SNT925

No Noise 20% Noise 40% Noise

q 0.5 0.75 1.0 0.5 0.75 1.0 0.5 0.75 1.0

SNT 0.494 0.495 0.502 0.471 0.463 0.464 0.400 0.396 0.400
±.003 ±.005 ±.005 ±.013 ±.020 ±.011 ±.012 ±.019 ±.017

Table 6: Effect of robustness parameter q on SNT. Un-
like binary datasets, the pattern is inconsistent: q = 0.5
performs best at 20% noise, while q = 1.0 is marginally
better at 0% and 40% noise.

A.4 Discussion: Limitations of Contrastive926

Loss for Likert-Scale Data927

Our main experiments focus on binary clas-928

sification tasks, where the contrastive loss’s929

agree/disagree signal naturally aligns with the label930

structure. The SNT results reveal important limi- 931

tations when extending contrastive approaches to 932

multiclass ordinal data. 933

Likert scales degrade contrastive loss perfor- 934

mance. On SNT, which uses Likert scale clas- 935

sification, we find that previously strong con- 936

trastive approaches like AART and our NRA- 937

Embed method degrade in performance relative to 938

MichEmbed. We hypothesize this is due to the fun- 939

damental mismatch between contrastive objectives 940

and ordinal label structure. A contrastive loss treats 941

labels “Strongly Agree” and “Moderately Agree” 942

as a negative pair in exactly the same way it treats 943

“Strongly Agree” and “Strongly Disagree”—both 944

are simply instances of disagreement. This binary 945

treatment discards the semantic similarity between 946

adjacent ordinal categories, leading to suboptimal 947

representation learning. 948

In contrast, MichEmbed, which relies on a com- 949

bination of Annotator and Annotation Embeddings 950

rather than contrastive loss, performs strongly on 951

SNT. The annotation embeddings can implicitly 952

capture relationships between label values, making 953

this approach better suited for ordinal classifica- 954

tion. 955

Multitask models struggle with sparse annota- 956

tors. The multitask model performed particularly 957

poorly on SNT (Table 5). This is likely due to 958

the large number of annotators (1,481) relative to 959

their average annotation count (41 samples each), 960

creating extremely sparse per-annotator training 961

data (see Table 4). In contrast, multitask performed 962

well on HSB, which has only 6 annotators who 963

each labeled approximately 952 samples. This pat- 964

tern aligns with findings from Mokhberian et al. 965

(2023), who demonstrated that embedding-based 966

approaches provide more equitable performance 967

for sparse annotators. 968

Implications for future work. These findings 969

suggest that extending noise-robust contrastive 970

learning to multiclass ordinal settings requires 971

class-sensitive modifications. Future work should 972

explore ordinal-aware contrastive objectives that 973

weight negative pairs by label distance, for in- 974

stance, penalizing “Strongly Agree” vs. “Strongly 975

Disagree” more heavily than “Strongly Agree” vs. 976

“Moderately Agree.” 977
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B Per-Annotator Analysis978

To examine how different models capture individ-979

ual annotator perspectives, we conduct a detailed980

analysis on the HSB dataset, which contains anno-981

tations from six crowdworkers (A1–A6) with di-982

verse labeling patterns. Table 7 presents F1 scores983

for each annotator across all methods and noise984

conditions.985

B.1 Annotator Heterogeneity986

Even under clean conditions, substantial perfor-987

mance variation exists across annotators. We ob-988

serve two distinct groups: high-agreement annota-989

tors (A1, A2, A3) who achieve F1 scores above990

0.95 with embedding-based methods, and low-991

agreement annotators (A4, A5, A6) who score be-992

low 0.93. Notably, A5 consistently exhibits the993

lowest F1 across all methods (0.79–0.89 at 0%994

noise), suggesting this annotator’s labeling patterns995

diverge most from learnable representations. This996

heterogeneity reflects genuine differences in anno-997

tator behavior rather than random variation, as the998

ranking remains stable across methods.999

B.2 Cross-Annotator Equity1000

The Gap metric (Max − Min F1) measures how1001

equitably a model performs across annotators. At1002

0% noise, NRA-Embed achieves the smallest Gap1003

(0.07), followed by AART (0.08), indicating that1004

contrastive embedding approaches produce more1005

balanced representations than Multitask (0.09) or1006

MichEmbed (0.10). This advantage persists at 20%1007

noise, where NRA-Embed maintains a Gap of 0.081008

while Multitask’s Gap increases sharply to 0.15.1009

The widening disparity for Multitask suggests that1010

per-annotator classification heads are more suscep-1011

tible to noise-induced overfitting for low-agreement1012

annotators.1013

B.3 Performance Under Noise1014

At 40% noise, the pattern shifts. While NRA-1015

Embed achieves the second-highest Mean F1 (0.78)1016

among all methods, outperforming AART (0.76)1017

and MichEmbed (0.75), its Gap increases to 0.16.1018

Examining individual annotators reveals why: A5,1019

the hardest annotator, degrades from 0.89 to 0.691020

for NRA-Embed (∆ = −0.20), whereas Multitask1021

shows smaller degradation for A5 (∆ = −0.15).1022

However, NRA-Embed shows the smallest degra-1023

dation for A3 (∆ = −0.11), the annotator where1024

it achieves the best 40%-noise performance (0.85).1025

This suggests that robust contrastive learning helps 1026

preserve representations for annotators whose pat- 1027

terns align well with the learned embedding space, 1028

but provides less protection for outlier annotators 1029

under extreme noise. 1030

B.4 Summary 1031

This analysis reveals that: (1) annotator difficulty is 1032

consistent across methods, with A5 being hardest 1033

and A1–A3 being easiest; (2) NRA-Embed pro- 1034

vides the most equitable cross-annotator perfor- 1035

mance at low-to-moderate noise levels; and (3) at 1036

extreme noise, a trade-off emerges between over- 1037

all performance and cross-annotator equity. The 1038

performance of multitask at 40% noise may be 1039

attributed to the lack of sparse annotators that is 1040

unique to HSB (Akhtar et al., 2021). 1041

C Theoretical Analysis of Robustness in 1042

RINCE 1043

In this appendix, we provide the theoretical justifi- 1044

cation for utilizing the Robust InfoNCE (RINCE) 1045

loss (Chuang et al., 2022) in the context of sub- 1046

jective NLP tasks. We analyze and contrast the 1047

gradient dynamics of RINCE against the standard 1048

InfoNCE loss to demonstrate how the hyperparam- 1049

eter q controls the trade-off between learning from 1050

hard samples (exploration) and robustness to label 1051

noise (exploitation), and discuss why it’s a perfect 1052

fit for our problem requirements. For more details 1053

and the theoretical proofs, we refer to the RINCE’s 1054

original paper. 1055

C.1 Formulation 1056

Let s+ denote the similarity score of a positive pair 1057

and {s−i }Ki=1 denote the set of K negative similarity 1058

scores. We define the partition function Z = es
+
+ 1059∑K

i=1 e
s−i . 1060

The standard InfoNCE loss is defined as: 1061

LInfoNCE(s) = − log

(
es

+

Z

)
= −s++logZ (4) 1062

The RINCE loss utilizes a generalized Box-Cox 1063

transformation. For parameters q ∈ (0, 1] and λ > 1064

0, the loss is defined as: 1065

Lλ,q
RINCE(s) = −eqs

+

q
+

λ

q
Zq (5) 1066

Note that as q → 0, Eq. (5) asymptotically recovers 1067

the behavior of the InfoNCE loss (up to a scaling 1068

factor). 1069
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Table 7: Per-annotator F1 scores on the HSB dataset (3 runs). Bold indicates best performance per annotator at each
noise level. Mean averages across annotators; Gap = Max − Min F1 (lower indicates more equitable performance).

0% Noise 20% Noise 40% Noise
Multi MichE AART NRA Multi MichE AART NRA Multi MichE AART NRA

A1 .97 .98 .96 .96 .97 .95 .94 .93 .84 .81 .79 .80
A2 .97 .96 .95 .95 .96 .95 .94 .93 .82 .78 .77 .80
A3 .97 .97 .96 .96 .97 .96 .94 .94 .82 .81 .82 .85
A4 .89 .90 .89 .89 .86 .86 .87 .86 .76 .69 .75 .77
A5 .88 .88 .89 .89 .82 .85 .85 .85 .73 .67 .66 .69
A6 .92 .93 .92 .93 .89 .91 .90 .90 .76 .70 .75 .77

Mean .93 .94 .93 .93 .91 .91 .91 .90 .79 .75 .76 .78
Gap .09 .10 .08 .07 .15 .11 .10 .08 .11 .14 .16 .16

C.2 Gradient Analysis and Noise Robustness1070

To understand the robustness mechanism, we ana-1071

lyze the gradient of the loss with respect to the pos-1072

itive score s+. This gradient dictates how strongly1073

the model pushes positive pairs together.1074

InfoNCE Dynamics (q → 0). The gradient of1075

the standard InfoNCE loss with respect to s+ is:1076

∂LInfoNCE

∂s+
= −(1− p), where p =

es
+

Z
(6)1077

Here, the gradient magnitude is |1−p|. This creates1078

a “hard-positive mining” effect:1079

• When the model is confident (p ≈ 1), the1080

gradient is near 0.1081

• When the model is incorrect (p ≈ 0), the gra-1082

dient magnitude is maximized (≈ 1).1083

While beneficial for clean data, this dynamic is1084

detrimental for noisy or subjective NLP tasks. If a1085

sample is mislabeled or highly subjective (a “noisy1086

positive”), p will be small. InfoNCE will generate1087

a large gradient, forcing the model to overfit this1088

noise.1089

RINCE Dynamics (q > 0). Differentiating1090

Eq. (5) with respect to s+ yields:1091

∂LRINCE

∂s+
= −eqs

+
+ λZq−1es

+

= −eqs
+

1− λ

(
es

+

Z

)1−q


= − eqs
+︸︷︷︸

Weighting Term

· (1− λp1−q)︸ ︷︷ ︸
Error Term

(7)1092

The critical innovation in RINCE is the weighting1093

term eqs
+

. Unlike InfoNCE, the gradient magni-1094

tude in RINCE is dependent on the absolute value1095

of the similarity score s+:1096

• If s+ is large (high confidence), eqs
+

is large, 1097

maintaining the learning signal. 1098

• If s+ is small (low confidence/noisy sample), 1099

eqs
+ → 0. 1100

Consequently, RINCE applies a “soft clipping” to 1101

the gradients. If a sample is too difficult (implying 1102

potential noise or extreme subjectivity), the eqs
+

1103

term suppresses the gradient, effectively ignoring 1104

the outlier rather than corrupting the representation 1105

space. 1106

C.3 The Exploration-Exploitation Trade-off 1107

The parameter q governs a fundamental trade-off 1108

between exploration and exploitation, which is par- 1109

ticularly relevant for subjective NLP: 1110

1. Exploration (q → 0, InfoNCE): The loss 1111

focuses on “hard” samples (tail of the distri- 1112

bution). This pushes the model to explore 1113

boundaries and learn fine-grained distinctions. 1114

In subjective tasks, hard samples often arise 1115

from annotator disagreement or label noise. 1116

Excessive exploration here can lead to overfit- 1117

ting to the noise. 1118

2. Exploitation (q → 1, Robustness): As q 1119

increases, the weighting term eqs
+

dominates. 1120

The model focuses on “easy” samples where it 1121

is already confident (head of the distribution). 1122

This represents exploitation of clear, agreed- 1123

upon signals while discarding ambiguous data 1124

points. 1125

For subjective sentiment analysis, where ground 1126

truth is often a distribution rather than a single fact, 1127

the pure exploration of InfoNCE is dangerous. By 1128

selecting a moderate q (e.g., q = 0.5), RINCE en- 1129

forces a necessary degree of exploitation, ensuring 1130

the model learns from high-consensus data while 1131
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remaining robust to the inherent noise of subjective1132

annotation.1133

C.4 Suitability for Noisy, Subjective NLP1134

Our problem setting involves inherently noisy,1135

subjective NLP labels (e.g., sentiment, emotion,1136

stance), where annotators frequently disagree and1137

supervision is inconsistent. Contrastive pairs de-1138

rived from such data are plagued by three distinct1139

types of noise: (1) False Positives (semantically1140

distinct examples labeled as similar), (2) False Neg-1141

atives (semantically identical examples labeled as1142

different), and (3) Subjective Variance. RINCE1143

addresses these specific challenges through the fol-1144

lowing mechanisms:1145

• Robustness to Noisy Positives via Exploita-1146

tion.1147

Subjective datasets naturally produce weak1148

or contradictory positives. As shown in the1149

gradient analysis, the term eqs
+

acts as an au-1150

tomated confidence gate. When the model1151

encounters a “noisy positive” (a pair labeled1152

similar but with low semantic alignment s+),1153

the gradient is down-weighted. This implicit1154

easy-positive mining prevents the model from1155

overfitting to specific annotator errors.1156

• Bounded Penalty for False Negatives.1157

In standard InfoNCE, a False Negative (a pos-1158

itive pair mislabeled as negative) is treated as1159

a “hard negative,” generating a gradient that1160

grows without bound as the model tries to cor-1161

rect the “error” by pushing the pair apart. This1162

can destroy the semantic structure. RINCE,1163

via the power function transformation (xq),1164

bounds the penalty for hard negatives. This1165

ensures that while the model separates distinct1166

classes, it remains stable in the presence of1167

contradictory negative labels.1168

• Geometric Robustness via Wasserstein Dis-1169

tance.1170

Theoretically, RINCE optimizes a lower1171

bound on the Wasserstein Distance Maximiza-1172

tion (WDM). This formulation ensures that1173

the learning objective is focused on the global1174

distributional alignment between representa-1175

tions and labels, rather than sample-wise exact1176

matching. In subjective tasks, where individ-1177

ual labels are noisy samples from a latent sen-1178

timent distribution, this geometric robustness1179

is crucial for capturing the underlying data 1180

manifold. 1181

• Implicit soft reweighting vs. explicit noise 1182

estimation. 1183

Unlike methods that require estimating a noise 1184

transition matrix or setting a hard “forget 1185

rate” based on a known noise ratio (e.g., Co- 1186

teaching), RINCE handles noise implicitly via 1187

gradient suppression. While the hyperparam- 1188

eter q controls the degree of robustness, it 1189

modulates the curvature of the loss rather than 1190

setting a hard threshold, allowing the model 1191

to dynamically down-weight samples based 1192

on their individual learning difficulty (s+, s−) 1193

rather than a global noise statistic. 1194
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