
Aligning Implied Statements for Implicit Hate Speech Generalizability with
Context-Bounded Semi-hard Negative Mining

Anonymous ACL submission

Abstract001

Classifying implicit hate speech remains a chal-002
lenge, intent is often masked through insinua-003
tion and context rather than explicit slurs. Prior004
supervised contrastive approaches improve in-005
domain detection but can overfit surface cues006
and struggle to transfer across datasets. We007
propose IMPSH, a triplet-based framework008
that aligns posts with implied statements when009
available and uses context-bounded semi-hard010
negatives to focus learning on near confusions.011
We also examine AUGSH, which forms pos-012
itives via data augmentation. In controlled013
evaluations on IHC, SBIC, and DYNAHATE014
with BERT and HATEBERT, IMPSH is a vi-015
able alternative to standard supervised con-016
trastive baselines and often improves cross-017
domain performance under matched prepro-018
cessing and tuning budgets. Representation019
analysis using alignment and uniformity indi-020
cates tighter positive pairs with balanced global021
spread, and qualitative nearest-neighbor case022
studies illustrate typical false negatives under023
domain shift. These results demonstrate that024
aligning posts with their implied statements025
via context-bounded mining provides a more026
stable, bijective-like mapping to related insinu-027
ations, overcoming the volatility inherent in tra-028
ditional clustering-based representation learn-029
ing.1030

Content Warning031

The content of this paper may contain offensive,032

harmful, or distressing language, including exam-033

ples of hate speech and discriminatory expressions.034

These materials are included solely for research035

purposes and do not reflect the views of the authors.036

Reader discretion is advised.037

1 Introduction038

Classifying implicit hate remains challenging be-039

cause hateful intent is often expressed indirectly040

1Code will be released under the MIT license upon accep-
tance.

Figure 1: Posts that share similar implied targets form
tight yet fragmented clusters; small wording changes
disperse points even within the same demographic group
(ElSherief et al., 2021).

through sarcasm, euphemisms, rhetorical ques- 041

tions, and other pragmatic cues, so surface text 042

features are often insufficient (ElSherief et al., 043

2021; Sap et al., 2020; Kim et al., 2022; Zhang 044

et al., 2024). A second challenge is semantic over- 045

lap with non-hateful content: posts that target the 046

same group can share topical content despite dif- 047

ferent labels, which blurs the decision boundary 048

and weakens supervision (Sap et al., 2020; ElSh- 049

erief et al., 2021). When this boundary is weak, 050

standard training can learn dataset-specific short- 051

cuts tied to topic and group-linked surface cues, 052

reducing cross-dataset generalization and transfer 053

to related abusive-language settings (Nejadgholi 054

and Kiritchenko, 2020; Röttger et al., 2022; Sap 055

et al., 2019). 056

Figure 1 illustrates this issue for examples 057

aligned to the same target demographic. Despite 058

different labels, many instances share topic and 059

group mentions and can lie close in representa- 060
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tion space, so accurate detection requires infer-061

ring intent and implied meaning, not just match-062

ing surface wording. To address semantic over-063

lap, prior work uses supervised contrastive learn-064

ing (SCL), most notably IMPCON. IMPCON pulls065

each post toward its human-annotated implied state-066

ment as a positive pair (Khosla et al., 2020; Gunel067

et al., 2021; Kim et al., 2022). However, stan-068

dard SCL treats most other in-batch examples as069

negatives; in implicit hate datasets, many near-070

neighbors differ only slightly, so repelling them can071

introduce false negatives and hurt generalization072

(Huynh et al., 2020; Kalantidis et al., 2020; Wang073

et al., 2019). Ahn et al. (2024) propose SHARED-074

CON, which forms positives from shared seman-075

tics among same-label posts, reducing reliance on076

implied-statement annotations (Ahn et al., 2024),077

yet it still inherits the same fragile negative treat-078

ment when many examples are topically similar.079

Motivated by this remaining fragility on the080

negative side, we instead target negative selec-081

tion. Through the lens of alignment and uniformity082

(Wang and Isola, 2020), SCL-style training that083

aligns positives while repelling all other in-batch084

instances as negatives (Kim et al., 2022; Ahn et al.,085

2024) can yield tight, topic-driven clusters and086

weaker global coverage of the embedding space,087

which can hurt transfer. This effect is amplified088

by false negatives and class collisions that distort089

local neighborhoods (Chuang et al., 2020). To mit-090

igate clustering driven purely by shared topics and091

target mentions, we explicitly separate semanti-092

cally close instances with opposing labels, using a093

margin-based triplet objective with semi-hard neg-094

ative mining (Schroff et al., 2015; Hermans et al.,095

2017; Wu et al., 2017; Musgrave et al., 2020; Xuan096

et al., 2020; Robinson et al., 2021).097

In summary, we make the following contribu-098

tions:099

• We propose a triplet-based framework for im-100

plicit hate detection that uses context-bounded101

semi-hard negative mining to avoid repelling102

all in-batch negatives, while keeping a stan-103

dard cross-entropy objective for classification.104

• We introduce two variants, IMPSH and105

AUGSH. IMPSH uses post-implied-statement106

positives when available, while AUGSH uses107

augmentation-based positives for all instances108

to isolate the role of implication.109

• We evaluate on IHC, SBIC, and DYNAHATE110

Figure 2: Triplet vs. SCL. Triplet updates use a margin-
violating, confusable negative; SCL repels all non-
positives in the batch.

with BERT and HATEBERT under matched 111

tokenization and tuning budgets, and analyze 112

representation structure with alignment and 113

uniformity scores alongside qualitative neigh- 114

bor and embedding visualizations. 115

2 Related Work 116

Early hate speech detection relied on lexical cues 117

(Waseem and Hovy, 2016; Davidson et al., 2017), 118

which often fail for implicit hate expressed via 119

sarcasm, euphemisms, and other pragmatic cues 120

(Badjatiya et al., 2017; Golbeck et al., 2017). More 121

recent benchmarks such as IHC and SBIC, and 122

cross-domain evaluation settings like DYNAHATE, 123

shifted attention to semantic modeling, but ro- 124

bust cross-dataset generalization remains difficult 125

(Sap et al., 2020; ElSherief et al., 2021; Vidgen 126

et al., 2021; Kim et al., 2022; Ramponi and Tonelli, 127

2022). 128

To improve generalization, recent work applies 129

supervised contrastive learning (SCL) to implicit 130

hate. Kim et al. (2022) propose IMPCON, which 131

uses the human-annotated implied statement as a 132

positive and pulls post-implication pairs together. 133

Ahn et al. (2024) propose SHAREDCON, which 134

removes reliance on implied statements by mining 135

shared semantics among same-label instances (e.g., 136

clustering) and constructing positives from label- 137

consistent neighborhoods. 138

2.1 Triplet Objectives and Negative Selection 139

Triplet losses optimize relative comparisons by 140

pulling an anchor toward a positive and pushing it 141

away from a negative by a margin (Schroff et al., 142

2015; Hermans et al., 2017). In contrast, SCL pulls 143

each anchor toward all same-label examples in the 144
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Figure 3: Training overview for our triplet framework. Left: positive formation (IMPSH uses a post–implication
pair; AUGSH uses augmentation-based positives when implication is absent). Right: semi-hard negative mining
from the minibatch relative to the chosen anchor–positive pair. The encoder is updated by the triplet loss LImpSH

triplet or
LAugSH

triplet (Eqs. 5 and 6), alongside a standard classification loss LCE.

minibatch and pushes it away from different-label145

examples (Khosla et al., 2020; Gunel et al., 2021;146

Liao, 2021). In datasets with heavy topical over-147

lap, treating most in-batch items as negatives can148

create false negatives and distort local neighbor-149

hoods, which can hurt transfer (Huynh et al., 2020;150

Kalantidis et al., 2020; Wang et al., 2019; Wang151

and Isola, 2020).152

Negative selection is therefore critical. Semi-153

hard mining focuses on negatives that violate the154

margin but are not extreme outliers, concentrat-155

ing updates on realistic near-misses (Schroff et al.,156

2015; Wu et al., 2017; Musgrave et al., 2020; Xuan157

et al., 2020; Robinson et al., 2021). For implicit158

hate, where examples can share topic and target159

cues while differing in implied intent, context-160

bounded semi-hard selection helps the model sep-161

arate intent-sensitive cases without over-repelling162

broadly similar content.163

3 Methodology164

Figure 3 summarizes training. We jointly optimize165

a standard cross-entropy loss LCE and a triplet loss,166

mining semi-hard negatives within each minibatch167

(Eqs. 5-6). For each anchor-positive pair, we select168

an opposite-label negative that is farther than the 169

positive but still within the margin band, focusing 170

updates on near-confusable cases. 171

The standard cross-entropy loss is: 172

LCE = − 1

N

N∑
i=1

[yi log ŷi + (1− yi) log(1− ŷi)] .

(1) 173

We use cosine distance: 174

dcos(zi, zj) = 1− zi · zj
∥zi∥ ∥zj∥

. (2) 175

We define one positive per anchor. For hate- 176

ful xi, z+i = h(IMP(xi)); for non-hate xi, z+i = 177

h(AUG(xi)), where h(·) is the encoder, IMP(·) 178

returns the implied statement, and AUG(·) applies 179

synonym augmentation. The anchor-positive dis- 180

tance is: 181

dpos = dcos(zi, z
+
i ). (3) 182

To ensure the model separates negatives that are 183

truly close to the positive, we select a context- 184

bounded semi-hard negative from the opposite- 185

label pool N : 186

zneg = argmin
zj∈N

dpos<dcos(zi,zj)<dpos+α

dcos(zi, zj). (4) 187
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The triplet objectives specialize by the choice of188

z+:189

LImpSH
triplet =

1

N

N∑
i=1

ReLU
[
dpos − dcos(zi, zneg) + α

]
with z+ = h(IMP(xi))

(5)190

LAugSH
triplet =

1

N

N∑
i=1

ReLU
[
dpos − dcos(zi, zneg) + α

]
with z+ = h(AUG(xi))

(6)191

The final training objective is:192

L = LCE+λLtriplet,Ltriplet ∈ {LImpSH
triplet ,LAugSH

triplet }.
(7)193

For ImpSH 5 method we use implied statement if194

available, otherwise we use augmentation. And for195

AugSH we use augmentation for both label.196

4 Experiments197

4.1 Dataset198

Following Kim et al. (2022); Ahn et al. (2024),199

we treat implicit hate detection as a binary classifi-200

cation task. We evaluate on three datasets shown201

in Table 1. IHC (ElSherief et al., 2021) contains202

tweets labeled for hate, with annotations for tar-203

get groups and implied hateful meanings. SBIC204

(Sap et al., 2020) contains Reddit posts annotated205

for social bias and offensiveness, and it also pro-206

vides free-text implications. DYNAHATE (Vidgen207

et al., 2021) is a dynamically generated hate speech208

dataset created through human-model-in-the-loop209

collection, with diverse and challenging hate ex-210

amples. For SBIC and DYNAHATE, we map all211

abusive categories (explicit/implicit/offensive) to212

the hate label for binary evaluation.213

Dataset Total Non-hate Hate
IHC 18,666 13,206 5,460
SBIC 44,875 21,276 23,599
DYNAHATE 33,006 17,804 15,202

Table 1: Datasets used for training and cross-dataset
evaluation, including class distribution. The hate label
covers offensive, explicit, and implicit hate.

4.2 Implementation Details214

We fine-tune BERT (Devlin et al., 2019) and Hate-215

BERT (Caselli et al., 2021) as sentence encoders.216

Following Kim et al. (2022), we fix the learning- 217

rate-to-batch-size ratio, using a batch size of 8 and a 218

learning rate of 2×10−5 with AdamW. Models are 219

trained for 6 epochs with dropout 0.1 on RTX 3050 220

GPU (4GB). For the metric-learning objective, we 221

tune λ = 0.25 and α ∈ {0.1, 0.2, 0.3, 0.4, 0.5} 222

using dev set performance. Experiments use 4 ran- 223

dom seeds {0, 1, 2, 3}. Synonym substitution is 224

applied via NLPAug2 as in Kim et al. (2022). 225

4.3 Baselines 226

We compare against four objectives: 227

• CE. Standard fine-tuning with cross-entropy 228

only. 229

• CE + SCL (Gunel et al., 2021). Cross-entropy 230

plus supervised contrastive loss. 231

• CE + ImpCon (Kim et al., 2022). Cross- 232

entropy plus implication-aware supervised 233

contrastive loss. 234

• CE + SharedCon (Ahn et al., 2024). Cross- 235

entropy plus shared-semantics supervised con- 236

trastive loss. 237

All baselines use the same backbone, preprocess- 238

ing, and optimization setup as our method. 239

5 Results and Analysis 240

5.1 F1 Score result 241

Table 2 reports macro-F1 (%) averaged over four 242

seeds described in Section 4.2 with both in-domain 243

and cross-dataset evaluation. Since the goal of 244

IMPSH is to handle semantic overlap during repre- 245

sentation learning for generalization, we compare 246

IMPSH primarily on cross-dataset transfer and we 247

use AUGSH as an ablation that keeps augmenta- 248

tion based multi-view training but removes implied- 249

statement supervision. Prior work finds that in- 250

domain and out-of-distribution performance can be 251

strongly correlated but can also become inversely 252

related on real benchmarks, so selecting models 253

only by in-domain performance can miss the best 254

cross-dataset model (Miller et al., 2021; Teney 255

et al., 2023). With BERT trained on IHC, IMPSH is 256

best for transfer to DYNAHATE but it does not sur- 257

pass the strongest baseline for transfer to SBIC and 258

it also does not surpass the strongest baseline for 259

in-domain evaluation on IHC, where SHAREDCON 260

2https://nlpaug.readthedocs.io/en/latest/
augmenter/word/synonym.html
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Model Objective IHC→SBIC IHC→DYNAHATE IHC→IHC
BERT CE 56.9% 53.3% 77.7%
BERT CE+SCL (Gunel et al., 2021) 59.8% 52.2% 77.7%
BERT CE+ImpCon (Kim et al., 2022) 60.8% 57.9% 78.0%
BERT CE+SharedCon (Ahn et al., 2024) 65.2% 59.1% 78.4%
BERT CE+AugSH 59.2% 54.8% 77.8%
BERT CE+ImpSH 61.4% 59.2% 78.3%
HateBERT CE 58.8% 54.8% 76.5%
HateBERT CE+SCL (Gunel et al., 2021) 55.9% 52.7% 76.9%
HateBERT CE+ImpCon (Kim et al., 2022) 63.9% 59.5% 77.4%
HateBERT CE+SharedCon (Ahn et al., 2024) 63.5% 57.7% 77.1%
HateBERT CE+AugSH 58.2% 54.8% 77.2%
HateBERT CE+ImpSH 65.0% 60.8% 76.4%

SBIC→IHC SBIC→DYNAHATE SBIC→SBIC
BERT CE 59.7% 60.3% 83.7%
BERT CE+SCL (Gunel et al., 2021) 59.4% 60.9% 83.7%
BERT CE+ImpCon (Kim et al., 2022) 61.4% 61.2% 83.8%
BERT CE+SharedCon (Ahn et al., 2024) 62.5% 62.0% 83.8%
BERT CE+AugSH 58.4% 60.6% 82.3%
BERT CE+ImpSH 61.8% 62.0% 84.1%
HateBERT CE 59.0% 60.2% 84.1%
HateBERT CE+SCL (Gunel et al., 2021) 59.5% 59.3% 84.3%
HateBERT CE+ImpCon (Kim et al., 2022) 60.1% 60.4% 84.8%
HateBERT CE+SharedCon (Ahn et al., 2024) 59.3% 59.4% 84.5%
HateBERT CE+AugSH 60.0% 60.6% 84.4%
HateBERT CE+ImpSH 60.6% 60.4% 84.4%

Table 2: F1-scores for in-domain and cross-dataset evaluations. Models are trained on IHC or SBIC and tested on
the dataset indicated by the arrow. Bold marks the best objective within each encoder for a given source→target;
ties are both bolded. See Appendix A for details.

remains best. In both cases IMPSH still surpasses261

the next strongest baseline which is IMPCON, and it262

remains above AUGSH across all three evaluations,263

which supports that implied-statement supervision264

adds signal beyond augmentation alone. While265

SHAREDCON shows high scores in specific set-266

tings, it relies on clustering-based shared semantics267

which is often volatile and sensitive to batch com-268

position. In contrast, IMPSH maintains more con-269

sistent alignment by mining negatives specifically270

relative to the context of the implied statement,271

focusing on separating negatives that are semanti-272

cally close to the positive. With HateBERT trained273

on IHC, IMPSH is strongest on both transfer tar-274

gets but it does not surpass the strongest in-domain275

baseline, where IMPCON is best and AUGSH is sec-276

ond, and IMPSH falls below both. This suggests a277

transfer versus in-domain tension in this configura-278

tion, where objectives that best separate the source279

dataset can differ from objectives that best preserve280

meaning under cross-dataset shift, while the trans- 281

fer gap between IMPSH and AUGSH still supports 282

benefits beyond augmentation on both targets. 283

With BERT trained on SBIC, IMPSH does 284

not surpass the strongest baseline for transfer 285

to IHC, where SHAREDCON remains best, but 286

it surpasses the next strongest baseline which 287

is IMPCON and it also stays above AUGSH. 288

For transfer to DYNAHATE, IMPSH matches the 289

strongest baseline which is SHAREDCON and it 290

stays above the next strongest baseline which is IM- 291

PCON. For in-domain evaluation on SBIC, IMPSH 292

is the strongest objective and it surpasses the 293

next strongest baselines, IMPCON and SHARED- 294

CON, and it remains above AUGSH, which again 295

supports that implied-statement supervision con- 296

tributes beyond augmentation. 297

With HateBERT trained on SBIC, IMPSH is 298

best for transfer to IHC and it surpasses the next 299

strongest baseline which is IMPCON while remain- 300
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ing above AUGSH. For transfer to DYNAHATE,301

IMPSH does not surpass the strongest baseline,302

where AUGSH is best, and IMPSH matches the303

next strongest baseline which is IMPCON. This304

is the one setting where the ablation suggests that305

multi-view regularization accounts for most of the306

gain and implied-statement supervision adds lim-307

ited additional benefit. For in-domain evaluation308

on SBIC with HateBERT, IMPSH does not sur-309

pass the strongest baseline, where IMPCON is best,310

and it also does not surpass the next strongest311

baseline, where SHAREDCON is second, while it312

matches AUGSH, which is consistent with implied-313

statement supervision being less helpful for maxi-314

mizing in-domain fit on this source.315

5.2 Alignment and uniformity316

Following standard practice for representation eval-317

uation (Wang and Isola, 2020), we assess Align-318

ment and Uniformity on our best encoder, HATE-319

BERT (Caselli et al., 2021). We L2-normalize320

embeddings so that ∥f(x)∥2 = 1. Alignment mea-321

sures how close a positive pair lands in the embed-322

ding space, and Uniformity measures how evenly323

the full set of normalized embeddings spreads on324

the hypersphere, which helps detect representation325

collapse. Lower is better for both metrics, and for326

Uniformity this typically appears as more negative327

values (Wang and Isola, 2020). We use r = 2 for328

Alignment and report a global score by averaging329

per-class values, and we use t = 2 for Uniformity.330

This analysis supports our hypothesis because331

improved cross-domain generalization should ap-332

pear as tighter positive neighborhoods without333

sacrificing global spread. Table 3 shows that334

IMPSH achieves the best Alignment in four of335

six train→test settings, specifically IHC→IHC,336

IHC→SBIC, SBIC→SBIC, and SBIC→IHC.337

The remaining two cases are DYNAHATE evalu-338

ations, where SHAREDCON attains lower Align-339

ment, which is consistent with its clustering-340

based objective that pulls together shared seman-341

tics and can be effective under perturbation-heavy342

shifts (Ahn et al., 2024; Vidgen et al., 2021). For343

Uniformity, IMPSH is best in three of six settings,344

including both transfers to DYNAHATE, while IM-345

PCON remains strongest on several in-domain or346

near-domain evaluations. Overall, IMPSH tends347

to improve local compactness under transfer while348

maintaining a competitive global spread, and this349

trend is qualitatively consistent with our t-SNE350

inspection.351

Dataset ImpCon SharedCon ImpSH (Ours)

A
lig

n.
↓

Trained on IHC
IHC 1.925 1.785 1.741
SBIC 1.736 1.663 1.659
DYNAHATE 1.683 1.423 1.754

Trained on SBIC
SBIC 1.590 1.738 1.457
IHC 1.910 1.689 1.386
DYNAHATE 1.870 1.222 1.395

U
ni

f.
↓

Trained on IHC
IHC -3.471 -2.695 -3.373
SBIC -3.104 -2.593 -2.925
DYNAHATE -2.613 -2.322 -3.351

Trained on SBIC
SBIC -2.550 -2.803 -2.891
IHC -3.170 -2.431 -2.657
DYNAHATE -2.620 -1.766 -2.765

Table 3: Averaged Alignment and Uniformity scores
across 4 seeds comparison across methods trained on
HateBERT Encoder. Lower is better (↓). Best results in
bold.

5.3 Qualitative Representation Analysis 352

We further probe the embedding space with t-SNE 353

projections that provide a qualitative view of how 354

classes and target groups organize in the learned 355

representation. We report a class-colored view and 356

a target-colored view, where target labels serve as 357

a rough proxy for shared topical content. We train 358

on IHC as the source domain, visualize the IHC 359

in-domain test split, and then visualize transfer to 360

SBIC and DYNAHATE. On IHC, both IMPCON 361

and SHAREDCON show target-consistent clusters 362

in the target view (Fig. 4d-f). In the class view, IM- 363

PCON shows more class interleaving within these 364

clusters, while SHAREDCON and IMPSH exhibit a 365

clearer large-scale separation between HATE and 366

NON-HATE (Fig. 4a-c). IMPSH appears to pre- 367

serve target-coherent neighborhoods while reduc- 368

ing cross-class overlap in several regions of the 369

map. 370

Under transfer to SBIC, class mixing increases 371

for all methods, which is expected under a larger 372

shift, but IMPSH shows comparatively less over- 373

lap in the class view while still maintaining target- 374

coherent neighborhoods in the target view (Fig. 4g- 375

l). On DYNAHATE, all projections become more 376

fragmented and mixed, yet IMPSH retains a weak 377

but visible global class structure compared to the 378

baselines (Fig. 4m-o). These observations are qual- 379

itative and can vary with t-SNE settings, but they 380
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Class View Target View

ImpCon SharedCon ImpSH ImpCon SharedCon ImpSH
IH

C (a) (b) (c) (d) (e) (f)

S
B

IC

(g) (h) (i) (j) (k) (l)

D
Y

N
A

H
A

T
E

(m) (n) (o)

Figure 4: t-SNE visualization of test embeddings. Rows: IHC (in-domain), SBIC and DYNAHATE (cross-
domain). Left: class-colored; right: target-colored. IMPCON fragments class boundaries into target-centric clusters.
SHAREDCON shows partial separation. IMPSH maintains global Hate/Non-Hate separation across all domains.

are broadly consistent with the Alignment and Uni-381

formity trends in Table 3.382

6 Case Study383

Table 4 lists nearest neighbours from IMPSH with384

cosine similarity (lower is closer). True positives385

show that the model clusters coherent hate themes:386

on SBIC, misogynistic posts group together; on387

DYNAHATE, homophobic contexts align tightly.388

The false negatives expose three failure modes.389

First, topic bias: in SBIC the anchor is a non-390

hate “Stable Genius” joke, yet its neighbours are391

political Trump comments that match topic but392

not label, indicating target-centric proximity can393

override stance. Second, stance reversal: in DY-394

NAHATE the anchor attacks immigrants while a395

neighbour condemns slurs, so opposite polarity is396

pulled close by shared lexical cues. Third, shal-397

low lexical ties: “Rats are disgusting” is retrieved398

via short, high-overlap phrasing despite being off-399

topic. Overall, IMPSH groups most hate correctly400

at the sentence level, but residual errors arise from401

topic alignment dominating stance, brief or unequal402

contexts, and lexical shortcuts.403

7 Conclusion 404

We proposed IMPSH and AUGSH, two objectives 405

that combine semantic priors with semi-hard nega- 406

tive mining to support transfer under domain shift 407

in implicit hate detection. Across BERT and Hate- 408

BERT, IMPSH is consistently competitive on cross- 409

dataset evaluation and it is strongest in several 410

transfer settings, most clearly when training on 411

IHC with HateBERT. When training on SBIC, the 412

best objective depends on the target and encoder, 413

and clustering based baselines such as SHARED- 414

CON or the augmentation ablation AUGSH can 415

be stronger in some cases. The geometry analy- 416

sis supports this interpretation, where alignment 417

and uniformity trends and qualitative visualizations 418

suggest clearer Hate versus Non-Hate structure and 419

less target specific fragmentation compared with 420

prior contrastive objectives. Overall, our findings 421

suggest that IMPSH facilitates superior separation 422

in cross-data scenarios because it maps the input 423

post somewhat bijectively to its underlying insin- 424

uation. By carefully mining negatives within the 425

context of these implied statements, we mitigate the 426

volatility of unsupervised clustering and achieve a 427

more robust alignment of intent. 428
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Table 4: Alignment case study (k=2). Rows show true-positives (TP) and false-negatives (FN) for label hate
(Offensive in SBIC, Hate in DYNAHATE). NN-i / Sim-i give the i-th neighbour and cosine similarity (lower =
closer).

Dataset Class Outc Post NN-1 Sim-1 NN-2 Sim-2

SBIC off TP ...femcunt can’t last a
week without sex, wants
a superChad...

...Women should be
euthanized after
menopause...

0.68 ...femoids give me
disgusted looks in
public...

0.66

SBIC off FN ...’Stable Genius’ kept
Trump rent-free in NPR
cat ladies’ heads...

...Trump never lets
evidence stop his
accusations...

0.46 ...Trump didn’t give me
100 % of what I wanted
on Jan 20...

0.45

DYNAHATE Hate TP ...Comcast router 69
fags aren’t as hidden as
they think...

...Met girl via app;
angry hood, Portland
feels third-world...

0.69 ...Bearded guy at the bar
makes me wary of being
here...

0.67

DYNAHATE Hate FN ...holy sheeeeit that’s
racist, immigrant rats...

...’immigrants are
disgusting’ shouldn’t be
feed

0.51 Rats are disgusting 0.50

8 Limitations and broader impact429

Our method inherits limitations from triplet learn-430

ing with semi-hard mining. It uses a fixed margin,431

so training can be sensitive to the margin choice432

and to batch composition. Small batches can pro-433

duce too few informative triplets and larger batches434

increase compute and memory due to within-batch435

pairwise distance computation. Empirically, gains436

over strong contrastive baselines are modest and437

not consistent across all transfer directions, and438

prior objectives can remain stronger for in-domain439

fitting, so we position IMPSH as a complemen-440

tary objective rather than a replacement that dom-441

inates prior work (Kim et al., 2022; Ahn et al.,442

2024). A further limitation is dependence on impli-443

cation supervision because implied statements de-444

fine positive pairs, which limits applicability when445

implication annotations are missing or noisy (Kim446

et al., 2022). A practical extension is to replace447

the fixed margin with an adaptive margin scheme448

and to reduce reliance on implied statements by449

constructing positives through label-aware neigh-450

borhoods that cluster shared semantics within each451

label (Ahn et al., 2024), while still sampling neg-452

atives from nearby opposing clusters to keep the453

objective focused on borderline errors.454

9 Ethics statement455

This work proposes a training objective for hate456

related text classification. We evaluate on public457

datasets that contain hateful and abusive content,458

so readers may face secondary exposure. We in-459

clude a content warning and we minimize qualita-460

tive examples. When examples are necessary, we461

keep excerpts short and we redact slurs and iden-462

tity terms when this does not change the linguistic463

phenomenon under discussion. 464

Our objective uses semi-hard negative mining 465

around borderline pairs. This focuses learning on 466

difficult cases, but it can also amplify the impact 467

of annotation noise and spurious cues such as iden- 468

tity markers that correlate with labels. For this 469

reason, we emphasize cross-dataset evaluation and 470

we recommend targeted error analysis that checks 471

false positives for benign identity mentions and 472

false negatives for implicit hate. Where metadata 473

permits, we recommend reporting group-wise er- 474

ror rates and documenting dataset populations and 475

labeling choices. 476

We do not present trained checkpoints as a ready 477

to deploy moderation tool. Hate detection models 478

can be misused for surveillance or censorship and 479

they can produce harmful errors in deployment. If 480

models or code are released, we recommend doc- 481

umenting intended use, failure modes, and evalua- 482

tion conditions using established responsible NLP 483

guidance and model documentation practices. 484
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A Seed Report663

Table 5 reports macro-F1 across four random seeds664

for in-domain and cross-domain evaluation. When665

trained on IHC, BERT (α=0.3) achieves an in-666

domain mean macro-F1 of 0.783 (std 0.0025).667

Cross-domain evaluation yields 0.614 (std 0.0119)668

on SBIC and 0.592 (std 0.0036) on DYNAHATE. 669

Under the same training set, HATEBERT (α=0.4) 670

achieves 0.764 (std 0.0049) in-domain, and 0.650 671

(std 0.0148) on SBIC and 0.608 (std 0.0035) 672

on DYNAHATE in cross-domain evaluation.When 673

trained on SBIC, BERT (α=0.4) achieves an in- 674

domain mean macro-F1 of 0.841 (std 0.0022), with 675

cross-domain results of 0.618 (std 0.0195) on IHC 676

and 0.620 (std 0.0024) on DYNAHATE. HATE- 677

BERT (α=0.2) achieves 0.844 (std 0.0035) in- 678

domain, with cross-domain results of 0.606 (std 679

0.0243) on IHC and 0.604 (std 0.0180) on DYNA- 680

HATE. Overall, the results are stable across seeds. 681

The largest variance appears in the SBIC→IHC 682

transfer setting, suggesting higher sensitivity to ini- 683

tialization in that direction. 684

B Sampling Strategies Ablation 685

To determine the optimal mining strategy for our 686

triplet objective, we evaluate four sampling rules. 687

These rules govern how negative examples are se- 688

lected for each anchor-positive pair. 689

Random Select a same-class post at random. This 690

ignores the implied statement for defining neg- 691

atives. 692

Hard Margin Use the implied statement as pos- 693

itive. Always pick the hardest negative that 694

violates the margin. 695

Semi-Hard Use the implied statement as positive. 696

Choose a negative inside the margin but far- 697

ther from the anchor than the positive. 698

Semi-Hard + Fallback Attempt semi-hard first. 699

If no suitable negative is found in the batch, 700

fall back to the hard margin rule. 701

Our initial hypothesis was that the Hard Margin 702

strategy would be most effective. By forcing the 703

model to contend with the most confusing negative 704

samples relative to a post’s implied meaning, we 705

expected it to learn to separate similar insinuations 706

effectively. 707

However, the results in Table 6 point decisively 708

to the superiority of Semi-Hard sampling for gen- 709

eralization. When trained on IHC, it achieves the 710

highest F1 score on both cross-domain datasets. 711

This strength is mirrored when training on SBIC, 712

where Semi-Hard again secures the best perfor- 713

mance on the IHC cross-domain task plus ties 714

for the best score on DYNAHATE. Its robust per- 715

formance, including tying for the best in-domain 716
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Table 5: Macro-F1 across four seeds on IMPSH. Seed/Mean are shown in %, while Std is reported in raw F1 (0-1).

Model α Train Test Seed 0 Seed 1 Seed 2 Seed 3 Mean Std

BERT 0.3 IHC
IHC 78.7% 78.3% 78.1% 78.3% 78.3% 0.0025
SBIC 62.5% 61.3% 62.0% 59.7% 61.4% 0.0119
DYNAHATE 59.5% 59.2% 58.7% 59.4% 59.2% 0.0036

HateBERT 0.4 IHC
IHC 76.0% 76.2% 77.1% 76.2% 76.4% 0.0049
SBIC 64.9% 63.0% 66.5% 65.5% 65.0% 0.0148
DYNAHATE 60.9% 60.5% 61.2% 60.5% 60.8% 0.0035

BERT 0.4 SBIC
SBIC 84.0% 84.4% 83.8% 84.0% 84.1% 0.0022
IHC 63.6% 59.2% 61.7% 62.9% 61.8% 0.0195
DYNAHATE 62.2% 61.8% 62.2% 61.9% 62.0% 0.0024

HateBERT 0.2 SBIC
SBIC 84.7% 84.5% 84.5% 83.9% 84.4% 0.0035
IHC 62.7% 58.4% 58.6% 62.8% 60.6% 0.0243
DYNAHATE 62.9% 59.0% 59.2% 60.5% 60.4% 0.0180

score, contrasts sharply with the volatility of other717

methods. Random sampling may perform well in-718

domain but fails on transfer, while Hard Margin is719

inconsistent across different setups.720

This empirical outcome is consistent with the721

original analysis of triplet loss by (Schroff et al.,722

2015). They argue that focusing exclusively on723

the hardest negatives can yield unstable gradients724

plus lead to poor local minima early in training.725

The semi-hard approach provides more stable learn-726

ing signals, balancing model improvement without727

risking collapse. Given its superior and consistent728

performance on cross-domain evaluation, we adopt729

the Semi-Hard sampling strategy for all main ex-730

periments.731

Table 6: Macro F1 for each mining rule. Best score in
each column is bold.

Mining Strategy IHC SBIC DYNAHATE

Trained on IHC

Hard Margin 0.785 0.584 0.565
Random 0.789 0.593 0.545
Semi-Hard 0.787 0.625 0.595
Semi-Hard + Fallback 0.777 0.619 0.585

Trained on SBIC

Mining Strategy SBIC IHC DYNAHATE

Hard Margin 0.840 0.618 0.602
Random 0.814 0.610 0.602
Semi-Hard 0.847 0.627 0.629
Semi-Hard + Fallback 0.841 0.598 0.618

Implementation Details of Ablation We evalu- 732

ate both BERT and HateBERT encoders on models 733

trained with either IHC or SBIC. For the semi-hard 734

triplet mining strategy, we swept the margin param- 735

eter α ∈ {0.1, 0.2, 0.3, 0.4, 0.5} and selected the 736

best-performing configuration per model-dataset 737

pair based on validation performance. The optimal 738

margins were: α = 0.3 for BERT trained on IHC, 739

α = 0.4 for HateBERT trained on IHC, α = 0.4 740

for BERT trained on SBIC, and α = 0.2 for Hate- 741

BERT trained on SBIC. we replicate only on seed 742

0. 743

C Alpha Study 744

We conducted an α hyperparameter study using the 745

same training setup and optimization settings de- 746

scribed in Section 4.2. Each configuration was eval- 747

uated by sweeping α ∈ {0.1, 0.2, 0.3, 0.4, 0.5}, 748

and performance was measured using macro-F1 749

averaged over multiple random seeds. The results 750

for both in-domain and cross-domain evaluations 751

are reported in Table 7. For each training setup, 752

we select the α value that yields the best overall 753

performance, which is highlighted in bold. 754

D Representation quality through class 755

alignment and uniformity 756

To quantitatively evaluate the structure of the 757

learned embedding space, we use the Alignment 758

and Uniformity metrics proposed by Wang and 759

Isola (2020). These metrics provide a formal way 760

to measure two desirable properties of a represen- 761

tation: that similar samples should be mapped 762
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Table 7: Alpha study on IMPSH: macro-F1 (mean over seeds) for in-domain and cross-domain evaluation across
different α values. Bold indicates the selected α per training setup (BERT+IHC: α=0.3, HateBERT+IHC: α=0.4,
BERT+SBIC: α=0.4, HateBERT+SBIC: α=0.2).

Model Train Test α

0.1 0.2 0.3 0.4 0.5

BERT IHC
IHC (in) 0.774 0.778 0.783 0.779 0.780
SBIC 0.580 0.609 0.614 0.598 0.618
DYNAHATE 0.563 0.577 0.592 0.586 0.584

HateBERT IHC
IHC (in) 0.767 0.762 0.761 0.764 0.769
SBIC 0.611 0.634 0.637 0.650 0.645
DYNAHATE 0.566 0.589 0.606 0.608 0.606

BERT SBIC
SBIC (in) 0.839 0.835 0.839 0.841 0.839
IHC 0.602 0.609 0.612 0.618 0.613
DYNAHATE 0.611 0.609 0.610 0.620 0.613

HateBERT SBIC
SBIC (in) 0.842 0.844 0.844 0.845 0.842
IHC 0.600 0.606 0.604 0.603 0.594
DYNAHATE 0.605 0.604 0.605 0.600 0.600

to nearby embeddings (intra-class compactness)763

and that dissimilar samples should be spread out764

evenly (inter-class separation). Embeddings are765

L2-normalized before computing distances.766

Alignment767

Alignment measures the expected distance between768

embeddings of positive pairs. In our context, a769

positive pair consists of two samples belonging to770

the same class. A lower alignment score indicates771

that samples within the same class are more tightly772

clustered. It is defined as:773

Lalign(f ; r) ≜ E
(x,y)∼ppos

[∥f(x)− f(y)∥r2] (8)774

where f is the encoder, (x, y) ∼ ppos denotes a775

pair of samples drawn from the positive pair dis-776

tribution (i.e., having the same class label), and777

α > 0 is a parameter (typically set to 2).778

Uniformity779

Uniformity measures how well the embeddings of780

negative pairs are distributed across the embedding781

space. A lower uniformity score indicates that dis-782

similar samples are spread further apart and more783

evenly, maximizing the entropy of the representa-784

tion. It is defined as:785

Luniform(f ; t) ≜ log E
(x,y)∼pneg

[e−t∥f(x)−f(y)∥22 ]

(9) 786

where (x, y) ∼ pneg denotes a pair of samples 787

drawn from the negative pair distribution (i.e., hav- 788

ing different class labels), and t > 0 is a parameter 789

(typically set to 2). 790

Together, these two metrics provide a compre- 791

hensive evaluation of the global structure of the 792

embedding space, quantifying both the cohesion 793

within classes and the separation between them. 794
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