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Abstract001

Existing Chinese toxic content detection meth-002
ods mainly target sentence-level classification003
but often fail to provide readable and con-004
tiguous toxic evidence spans. We propose005
ToxiTrace, an explainability-oriented method006
for BERT-style encoders with three compo-007
nents: (1) CuSA, which refines encoder-008
derived saliency cues into fine-grained toxic009
spans with lightweight LLM guidance; (2)010
GCLoss, a gradient-constrained objective that011
concentrates token-level saliency on toxic evi-012
dence while suppressing irrelevant activations;013
and (3) ARCL, which constructs sample-014
specific contrastive reasoning pairs to sharpen015
the semantic boundary between toxic and non-016
toxic content. Experiments show that Tox-017
iTrace improves classification accuracy and018
toxic span extraction while preserving effi-019
cient encoder-based inference and producing020
more coherent, human-readable explanations.021

Disclaimer: This paper describes violent and022

discriminatory content that maybe disturbing to023

some readers.024

1 Introduction025

In the era of pervasive digital social media, toxic026

user-generated content (UGC)—such as cyberbul-027

lying and hate speech—has become increasingly028

prevalent, posing tangible risks to online commu-029

nities and society at large. As a result, toxic con-030

tent detection has been extensively studied (Arora031

et al., 2023; Kirk et al., 2022; Azumah et al.,032

2023), with Transformer-based pre-trained lan-033

guage models (PLMs) (Vaswani et al., 2017; De-034

vlin et al., 2019; Liu et al., 2019) and, more re-035

cently, large language models (LLMs) further ad-036

vancing classification performance.037

Despite these advances, most existing work038

focuses on sentence-level toxicity classification,039

while providing little insight into which specific040
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“其他地方也能这么粗俗？一直以自己是云南人而愧疚。”
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Figure 1: Existing encoder-based detectors struggle to
reliably extract fine-grained toxic expressions within a
sentence; LLMs can better extract spans when toxic-
ity is given but are limited in direct classification and
efficiency; our method preserves classification perfor-
mance while enabling contiguous toxic span extrac-
tion.

parts of a sentence constitute the toxic content. 041

However, identifying fine-grained toxic evidence 042

is crucial for explainability, moderation trans- 043

parency, and downstream interventions. This chal- 044

lenge is particularly pronounced for Chinese. 045

Unlike English, where words serve as the basic 046

semantic units, Chinese toxic expressions are typi- 047

cally realized as multi-character phrases, while in- 048

dividual characters are often semantically ambigu- 049

ous. However, mainstream Chinese PLMs adopt 050

character-level tokenization (Cui et al., 2020; Sun 051

et al., 2021). Consequently, attribution signals 052

such as gradients or attention weights are frag- 053

mented across individual characters rather than co- 054

herent semantic spans, producing rationales that 055

are difficult for humans to interpret (Ding and 056

Koehn, 2021). 057

As a result, existing Chinese toxic con- 058
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tent detection approaches—despite achieving059

strong sentence-level performance through fine-060

tuning (Deng et al., 2022), knowledge distilla-061

tion (Deng et al., 2023), or glyph-aware model-062

ing (Wullach et al., 2022; Xue et al., 2025)—063

remain limited in their ability to accurately ex-064

tract the true toxic expressions within a sentence065

(Figure 1, left). In contrast, LLMs often exhibit066

stronger capabilities in explanation and span ex-067

traction (Creswell and Shanahan, 2022; Chuang068

et al., 2025), but they typically underperform on069

direct toxicity classification and incur substan-070

tially higher inference costs (Schmidhuber and Kr-071

uschwitz, 2024; Zhang et al., 2025; Sun et al.,072

2023) (Figure 1, middle).073

These limitations call for a method that pre-074

serves the classification strength and efficiency075

of encoder-based models while enabling reliable076

extraction of contiguous, human-readable toxic077

spans (Figure 1, right). To this end, we propose078

ToxiTrace, a span-extraction-oriented framework079

built on BERT-style encoders for Chinese toxic080

content detection, designed to produce coherent081

and interpretable toxic rationales without requir-082

ing fine-grained span supervision. Our main con-083

tributions are as follows:084

• We propose a cue-guided span annotation085

strategy with gradient-aware training, which086

leverages attribution signals from encoder087

models to induce consistent saliency on toxic088

tokens without requiring explicit span anno-089

tations.090

• We introduce a bidirectional cliff-based span091

extraction algorithm that identifies contigu-092

ous toxic spans based on saliency transitions,093

effectively alleviating the span fragmentation094

issue inherent in prior top-k selection meth-095

ods.096

• We develop an adversarial reasoning con-097

trastive learning objective with adaptive In-098

foNCE, which aligns sample-specific toxic099

and non-toxic reasoning representations,100

sharpening the semantic boundary and fur-101

ther enhancing span-level interpretability.102

• Extensive experiments on multiple Chinese103

toxic content benchmarks demonstrate that104

ToxiTrace consistently outperforms strong105

baselines.106

2 Related Work 107

2.1 Toxic Content Detection 108

Toxic content detection has evolved from early 109

Bag-of-Words and conventional classifiers (Kwok 110

and Wang, 2013; Waseem and Hovy, 2016; David- 111

son et al., 2017) to neural and Transformer-based 112

models that achieve strong sentence-level accu- 113

racy (Badjatiya et al., 2017; Zimmerman et al., 114

2018; Caselli et al., 2021; Sarkar et al., 2021). 115

Chinese toxic content detection follows a sim- 116

ilar trajectory, supported by datasets such as 117

COLD (Deng et al., 2022), ToxiCN (Lu et al., 118

2023), and CNTP (Yang et al., 2025), as well as 119

encoder-centric methods including character-level 120

modeling (Wullach et al., 2022), domain feature 121

fusion (Zhang et al., 2024), LLM-assisted rewrit- 122

ing (Chao et al., 2024), and distillation for robust- 123

ness (Deng et al., 2023). In contrast to prior work 124

that primarily optimizes sentence-level detection, 125

we target fine-grained toxic span extraction by 126

training an encoder to produce evidence-aligned 127

saliency and readable spans. 128

Although CNTP (Yang et al., 2025) provides 129

limited span annotations, most Chinese detection 130

pipelines still lack reliable supervision and meth- 131

ods for extracting contiguous toxic spans within 132

sentences. This gap often leaves models accurate 133

yet poorly grounded in human-readable evidence. 134

We address this by using cue-guided span signals 135

to support training under weak supervision and by 136

enforcing higher gradient responses on toxic evi- 137

dence. 138

2.2 Attribution Method 139

Attribution methods, initially developed in com- 140

puter vision, have been widely adopted for 141

NLP interpretability. Representative lines in- 142

clude perturbation-based explanations such as 143

LIME (Ribeiro et al., 2016), gradient-based ex- 144

planations (Ross et al., 2017), and task-calibrated 145

attention-saliency alignment that improves faith- 146

fulness (Chrysostomou and Aletras, 2021a,b). A 147

practical issue is that many pipelines extract expla- 148

nations by selecting top-k salient tokens, where k 149

is either fixed (Jesus et al., 2021; Bastings et al., 150

2022) or set by heuristics such as a fixed frac- 151

tion of sentence length (Krishna et al., 2025); dy- 152

namic alternatives such as peak-based top-k have 153

been proposed to improve consistency (Kamp 154

et al., 2023). Building on gradient-based attribu- 155

tion, we explicitly train the encoder to yield more 156
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Figure 2: Framework of the proposed ToxiTrace method. During training, we warm up an encoder classifier,
acquire weak span annotations with CuSA using BiCSE-extracted saliency cues, and jointly optimize GCLOSS
and ARCL to concentrate saliency on toxic evidence. During inference, the model predicts toxicity and, for toxic
inputs, extracts contiguous spans via BiCSE from the saliency map.

evidence-aligned gradients, rather than only post-157

hoc selecting salient tokens.158

Despite progress, top-k selection often pro-159

duces fragmented highlights and fails to recover160

contiguous, human-readable spans—an issue that161

is especially pronounced under character-level to-162

kenization. We therefore propose a bidirectional163

scanning algorithm that identifies consecutive lo-164

cally high-saliency spans, enabling stable contigu-165

ous toxic span extraction beyond discrete token se-166

lection.167

3 Methodology168

As shown in Figure 2, our ToxiTrace frame-169

work contains following four steps: (1) We first170

warm up the encoder with standard classifica-171

tion training to obtain robust sentence-level dis-172

crimination. (2) After warming-up, we compute173

saliency maps and apply a Bidirectional Cliff-174

based Span Extraction algorithm (BiCSE) to ob-175

tain initial high-saliency spans, which are used176

as cues to prompt an LLM to refine boundaries177

and recover coherent toxic spans, yielding refined178

toxic spans as weak span annotations. (3) We then179

introduce Gradient Constraint Loss (GCLOSS)180

to explicitly increase gradient responses on toxic181

evidence while suppressing spurious activations182

on non-toxic tokens, shaping a more concen-183

trated and extractable saliency. (4) In paral-184

lel, we adopt Adversarial Reasoning Contrastive 185

Learning (ARCL) with adaptive InfoNCE to align 186

each input with sample-specific reasoning of op- 187

posing stances, sharpening the toxic/non-toxic se- 188

mantic boundary. 189

At inference time, the model first predicts toxi- 190

city; if toxic, the saliency map will be calculated, 191

and toxic spans will be extracted using BiCSE. 192

3.1 Cue-guided Span Annotation 193

Exist toxic content datasets only have coarse- 194

grained labels (toxic/non-toxic) and cannot accu- 195

rately locate toxic spans. CuSA constructs span- 196

level signals by using the model’s attribution map 197

as cues and letting an LLM refine span boundaries. 198

It consists of two steps: (1) warm-up fine-tuning 199

to obtain a reliable sentence-level classifier; and 200

(2) cue-guided span refinement, where we feed the 201

toxic text together with initially extracted salient 202

spans as cues to an LLM for span annotation. 203

Warm-up training. We train the encoder with 204

binary cross-entropy. Given an input text se- 205

quence X = {x1, . . . , xn}, the embedding layer 206

maps tokens to E = [e1, . . . , en], the model ϕ gen- 207

erate its contextual representation H = ϕ(E) = 208

[hcls,h1,h2, ...hn]. This representation is then 209

fed into a classification head ψ to yield the pre- 210

dicted probability P (y|X ) = ψ(hcls). 211
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Saliency cues for span annotation. After212

warm-up, following exists attribution meth-213

ods (Chrysostomou and Aletras, 2021a; Sikdar214

et al., 2021), we compute a token-level saliency215

score for each token and form a saliency map,216

which serves as cues for span extraction. The217

saliency si of each token xi can be calculated via218

Eq. (1):219

si =

∥∥∥∥ei ⊙ ∂ logP (y|X )
∂ei

∥∥∥∥
2

. (1)220

Exist attribution methods select the top-k most221

salient tokens (Kamp et al., 2023); however, these222

selected tokens tend to be scattered. To address223

this limitation, we propose BiCSE (detailed in Ap-224

pendix A), a bidirectional cliff-based scanning al-225

gorithm that tracks saliency transitions to identify226

the optimal start and end boundaries of contigu-227

ous spans. Moreover, we capture longer and more228

continuous toxic spans by taking the union of re-229

sults from two sequential scans (left-to-right and230

right-to-left).231

To help the LLM to find more potential toxic232

spans, both the raw text and the initially extracted233

spans (cues) Tcue are fed into the LLM. In our ex-234

periments, we use Gemini 2.5 Pro (Team, 2025)235

as an expert annotator to integrate and refine these236

cues. The refined toxic spans are formulated as:237

Trefined = LLM(x, Tcue). By leveraging the238

LLM’s superior interpretability, we can achieve239

more accurate annotation of toxic spans.240

3.2 Gradient Constraint Loss241

The fine-tuned model attains satisfactory classi-242

fication performance overall; yet, its token-level243

toxicity discrimination remains imprecise (Ap-244

pendix B shows the saliency maps before an after245

applying our ToxiTrace method). CuSA provides246

refined toxic spans as annotations, which allow us247

to explicitly shape the model’s token-level attri-248

bution for span extraction. Concretely, GCLOSS249

consists of two complementary components: (i)250

a Pairwise Gradient Ranking (PGR) term that251

enforces a margin between toxic and non-toxic to-252

kens, and (ii) a Push–Pull Threshold (PPT) term253

that regularizes their gradient ranges within each254

sample. During training, both terms operate on255

the gradient norm of the log-predicted probability256

with respect to the input embeddings ei:257

gi =

∥∥∥∥∂ logP (y|X )
∂ei

∥∥∥∥
2

(2)258

as the training signal to increase responses on 259

toxic spans and suppress spurious activations on 260

non-toxic tokens, thereby shaping more concen- 261

trated and extractable attribution. 262

PGR Loss. The objective of this loss is to pe- 263

nalize cases where, within a single sentence, the 264

gradient of a toxic token exceeds that of a non- 265

toxic token by a margin smaller than the prede- 266

fined threshold m. The specific formula is given 267

as follows: 268

LPGR =
1

|P| · |N |
∑
i∈P

∑
j∈N

max(0, gj − gi +m),

(3) 269

where P and N denote the sets of toxic and non- 270

toxic tokens, respectively; gi, gj is calculated ac- 271

cording to Eq. (2); and m is set to 1 in this study. 272

PPT Loss. The PGR Loss introduced above cap- 273

tures the relative gradient relationship between 274

toxic and non-toxic tokens, yet it cannot con- 275

strain the gradient value ranges of either token 276

type. Given the substantial discrepancies in gra- 277

dient scores across different sentences, employing 278

a fixed range to regulate the gradients of toxic and 279

non-toxic tokens is inherently flawed. To address 280

this dual limitation, we propose the intra-sentence 281

PPT Loss that leverages gradient information of 282

tokens within each single sample to separately 283

guide the gradient learning of toxic and non-toxic 284

tokens. Specifically, we first calculate the 15th 285

percentile of the gradient values of all tokens in a 286

single sample as the threshold τ , which serves to 287

constrain the gradient values of non-toxic tokens 288

to stay below this threshold. The detailed formula 289

is given as follows: 290

Lneg =
1

|N |
∑
j∈N

[max(0, gj − τ)]. (4) 291

For toxic tokens, we expect their gradient val- 292

ues to fall within a relatively high range. Thus, 293

we adopt the maximum gradient gmax as the refer- 294

ence and set α · gmax as the lower bound, where 295

α denotes a positive target coefficient. Our goal is 296

to push the gradient values of toxic tokens above 297

this threshold. However, given the possibility of 298

an excessively large gmax, we further introduce 299

a gradient cap τcap to prevent gradient explosion 300

caused by overly high gradient values of toxic to- 301

kens. The formula for toxic tokens is given as fol- 302

lows: 303
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Lpos =
1

|P|
∑
i∈P

[max(0, tn − gi)], (5)304

where the target value tn = min(α · gmax, τcap).305

The overall form of the PPT Loss is:306

LPPT =
1

2
(Lpos + Lneg) (6)307

Remark. GCLOSS constrains gradients during308

training (Eq. (2)), because gradients directly cap-309

ture the model’s sensitivity to token-level evi-310

dence. For span extraction at inference time,311

we compute a saliency score with the same312

embedding-level gradients.313

This formulation reflects both sensitivity and314

contribution, and BiCSE is applied to the saliency315

sequence {si}ni=1 to produce contiguous spans.316

3.3 Adversarial Reasoning Contrastive317

Learning318

While the aforementioned loss functions address319

token-level gradient constraints, they are confined320

to individual sentences and cannot capture the se-321

mantic boundary differentiating toxic from non-322

toxic sentences. Inspired by the work of (Rusak323

et al., 2025), we adopt an adaptive InfoNCE loss324

to implement semantic contrastive learning. Exist-325

ing data augmentation methods (Zhou et al., 2021;326

Hu et al., 2023; Fang et al., 2024) primarily rely327

on substituting, modifying or add noise to certain328

words in a sentence. Such operations lack a thor-329

ough understanding of the sentence’s inherent se-330

mantics. To address this limitation, we propose331

leveraging the LLM debate mechanism (Moniri332

et al., 2025) to generate adversarial reasoning as333

augmented samples. This approach enables the334

model to better explore the intrinsic semantic in-335

formation of sentences and learn to distinguish the336

differences between toxic and non-toxic texts and337

sharpening the semantic boundary.338

Specifically, we first use two opposing reason-339

ing prompts: "Assuming the text is {toxic, normal},340

generate explanations to support this judgment"1,341

and feed them to the LLM (Gemini 2.5 Flash) to342

obtain semantically augmented positive and neg-343

ative samples. This way, the model can produce344

targeted reasoning content, instead of generating345

generic descriptions such as "This sentence is just346

an exaggerated joke and does not intend to attack347

any group".348

1Detailed prompt templates are provided in Appendix C.

Using the two opposing reasoning prompts ob- 349

tained above, we adopt the following contrastive 350

loss to facilitate sentence-level semantic learning: 351

L{tox,nor} = − log exp(ht·h{p,n}/τ)

exp(ht·h{p,n}/τ)+
∑

hk
{n,p}∈B exp(ht·hk

{n,p}/τ)
,

(7) 352

where ht, hp and hn denote the semantic embed- 353

dings of the target text, its positive reasoning ex- 354

planation and its negative reasoning explanation, 355

respectively; hk
p and hk

n denote the final-layer 356

[CLS] token embeddings of the positive and nega- 357

tive reasoning explanations corresponding to other 358

toxic and non-toxic sentences within the training 359

batch B. τ denotes the temperature parameter, 360

which is set to 0.05 in our experiments. 361

The overall semantic contrastive loss is defined 362

as the average of these two loss components: 363

Lcon =
1

2
(Ltox + Lnor) (8) 364

3.4 Joint Training Objective 365

In the joint training phase, we simultaneously op- 366

timize three loss components: the gradient-based 367

binary classification loss, the gradient constraint 368

losses, and the contrastive learning loss. The over- 369

all training objective is formulated as: 370

L = LCE + λgrad(LPGR + LPPT ) + λsemLcon,
(9) 371

where λgrad and λsem are hyperparameters that 372

balance the contributions of the gradient con- 373

straint losses and the semantic contrastive loss, re- 374

spectively. 375

The overall training pipeline is designed as fol- 376

lows: 1. First, perform a warm-up training us- 377

ing the cross-entropy loss to equip the model with 378

basic toxicity classification capability. 2. Sub- 379

sequently, the GCLOSS is introduced to enforce 380

the model to generate higher gradient values for 381

toxic tokens and lower gradient values for non- 382

toxic tokens. 3. Meanwhile, ARCL is adopted 383

to sharpen the semantic boundary between toxic 384

and non-toxic texts. 385

4 Experiments 386

4.1 Experimental Setup 387

Dataset. For the binary toxicity classification 388

task, we evaluate our model on two Chinese 389
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Models COLD ToxiCN

Acc R P F1 Macro-F1 Acc R P F1 Macro-F1

Qwen3-8B 74.03 59.90 70.15 64.62 72.33 71.44 82.94 69.13 75.41 71.51
LLaMA3.1-8B 73.91 51.46 74.58 60.90 72.00 65.18 44.29 81.61 57.42 68.25
DeepSeek-V3.2 74.23 59.23 70.91 64.55 72.51 60.66 36.19 77.35 49.30 64.14
GPT-4o 74.49 67.79 66.98 67.38 73.22 73.20 65.66 66.98 67.38 73.22

RoBERTa 82.75 86.43 74.24 79.87 82.76 82.70 84.38 83.40 83.89 82.81
Qwen3-8B (SFT) 82.25 82.68 75.02 78.66 81.87 82.08 83.52 82.74 83.12 82.02
LLaMA2-7B (SFT) 82.43 86.28 73.78 79.54 82.46 81.25 84.62 80.81 82.67 81.18
LLaMA3.1-8B (SFT) 83.00 87.13 74.37 80.19 82.19 83.02 86.08 82.52 84.26 82.96

LLaMA3.1-8B + ours 82.15 88.42 72.52 79.68 81.89 82.33 84.93 82.22 83.55 82.23
Qwen3-8B + ours 82.96 82.53 76.34 79.32 82.41 82.91 83.44 84.10 83.77 82.86
RoBERTa + ours 83.84 86.19 76.14 80.85 83.68 83.62 87.05 82.82 84.88 83.56
MacBERT + ours 83.22 86.19 75.10 80.27 83.13 83.87 87.99 82.61 85.21 83.83

Table 1: The average classification results of different models on COLD and Toxicn datasets(%) across 3 indepen-
dent runs.

datasets: COLD (Deng et al., 2022) (32,480 in-390

stances in total, with 5,323 test instances) and Tox-391

iCN (Lu et al., 2023) (12,011 instances in total,392

with 2,411 test instances).393

For toxic span extraction, we use the span an-394

notations provided in CNTP (Yang et al., 2025)395

as gold labels, which include 2,533 samples anno-396

tated with toxic spans, to assess the model’s abil-397

ity to extract fine-grained toxic expressions within398

toxic sentences.399

Models. To verify the effectiveness of our pro-400

posed method in both binary classification and401

span-level extraction, we applied our training402

strategy across different BERT-based models:403

Chinese-RoBERTa-wwm-ext (RoBERTa) and404

Chinese-MacBERT-base (MacBERT) (Cui et al.,405

2020). Concurrently, a set of LLMs were chosen406

to conduct comparative analysis: LLaMA2-7B,407

LLaMA3.1-8B, Qwen3-8B, DeepSeek-V3 and408

GPT-4o.409

Implement. Corresponding models fine-tuned410

solely on binary classification labels were set as411

baselines. For open-source LLMs, both their di-412

rect inference capabilities and their performance413

after fine-tuning on the respective datasets (de-414

noted as SFT) were evaluated. Fine-tuning415

of LLMs was conducted using the open-source416

toolkit LLaMA-Factory2 to implement LoRA (Hu417

et al., 2022). Closed-source LLMs were evalu-418

ated in a zero-shot setting; the prompt templates419

used were detailed in Appendix C. Models de-420

noted with "(ours)" were trained using the method421

2https://github.com/hiyouga/LLaMA-Factory

proposed in this paper. DeepSeek and GPT-4o 422

were accessed via official APIs, while all other 423

experiments were conducted using four NVIDIA 424

A800 80GB GPUs. 425

Evaluation metrics. To evaluate toxic con- 426

tent detection performance, we used five widely 427

adopted metrics: Accuracy (Acc), Recall (R), Pre- 428

cision (P ), F1 and Macro-F1 Score. 429

4.2 Overall Classification Performance 430

The classification performance of ToxiTrace and 431

competing methods is summarized in Table 1. 432

Overall, ToxiTrace achieves the best results across 433

all five metrics on both COLD and ToxiCN. In the 434

zero-shot setting, both open- and closed-source 435

LLMs perform poorly on Chinese toxicity clas- 436

sification (and LLaMA2-7B fails to complete the 437

task due to strict safety alignment), whereas fine- 438

tuning brings LLMs to a level comparable with 439

encoder-based models. In terms of efficiency, en- 440

coder models finish inference within 20 seconds 441

on both datasets, while LLMs require 2–9 minutes, 442

reflecting differences in model scale, architecture, 443

and the use of LoRA adapters. 444

4.3 Applicability to LLMs 445

Since LLMs are also Transformer-based, we 446

conduct an exploratory study on transferring 447

ToxiTrace to decoder-only LLMs. Due to resource 448

constraints, LoRA was applied for parameter- 449

efficient adaptation; we then replaced the decod- 450

ing head with a binary classification head and op- 451

timized the same ToxiTrace objectives. As shown 452
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Models R P F1 Inference Time

Llama3.2-3B 41.03 71.02 52.01 08m 06s
Qwen3-0.6B 73.68 67.10 70.23 09m 20s
Qwen3-1.7B 77.53 71.48 74.38 09m 28s
Llama-3.1-8B 81.32 69.21 74.78 12m 56s
Qwen3-8B 84.83 71.97 77.87 14m 33s

RoBERTa 42.37 68.42 52.34 01m 58s
RoBERTa* 71.27 59.87 65.08 01m 58s
RoBERTa + ours* 86.36 70.95 77.90 01m 58s

Table 2: Toxic span extraction performance on CNTP.
Results without * correspond to extracting the top-15%
most salient tokens, while results with * use our pro-
posed bidirectional algorithm to extract high-saliency
spans.

in Table 1, ToxiTrace achieves performance com-453

parable to instruction fine-tuning on LLM, yet454

still falls short of encoder-based models trained455

with ToxiTrace. One possible reason is that456

LoRA updates only a tiny fraction of parame-457

ters (typically ≤ 0.5%), limiting its ability to re-458

shape embedding-level gradients distributions re-459

quired by our gradient-oriented training. We leave460

a systematic study of more effective parameter-461

efficient gradient shaping for future work.462

4.4 Toxic Span Extraction Performance463

We evaluate toxic span extraction on CNTP, where464

a prediction is counted as correct if its overlap465

with the gold span exceeds 50% (e.g., ground-466

truth toxic span: "河南人", pred: "河南" is cor-467

rect, while "南" is incorrect). As shown in Table 2,468

replacing top-15% token selection with BiCSE469

yields a large gain for RoBERTa (RoBERTa →470

RoBERTa*), confirming the benefit of extract-471

ing contiguous spans. Training with ToxiTrace472

further improves RoBERTa* to RoBERTa+ours*473

achieves an additional 12.82% F1-score im-474

provement, indicating that CuSA and gradient-475

shaping objectives (GCLOSS/ARCL) produce476

more evidence-aligned saliency for extraction.477

Across LLMs, extraction generally improves with478

model size, but RoBERTa+ours* achieves com-479

parable or better F1 than the best LLM (Qwen3-480

8B) while requiring only about 1/7 of its infer-481

ence time, demonstrating a substantially better482

accuracy–efficiency trade-off, the detailed prompt483

template is provided in Appendix C.484

4.5 Ablation Study485

We investigate the contributions of the key compo-486

nents in ToxiTrace through an ablation study with487

three variants, as shown in Table 3. Specifically,488

Figure 3: Final Accuracy with different Warm-up
Epochs. The models achieve optimal classification per-
formance when the warm-up steps are set to 3.

Full denotes the complete model that jointly opti- 489

mizes GCLOSS and ARCL, while w/o ARCL and 490

w/o GCLOSS remove the adversarial reasoning 491

contrastive objective and the gradient constraint 492

loss, respectively. We further include the vanilla 493

RoBERTa as the baseline. 494

Since the ablation trends are consistent across 495

COLD and ToxiCN, we only report results on 496

COLD due to space constraints. Overall, remov- 497

ing either module leads to performance degrada- 498

tion in both classification and extraction. For clas- 499

sification, removing ARCL reduces Macro-F1 by 500

0.56% (and slightly lowers F1), indicating that 501

ARCL provides a consistent gain via semantic reg- 502

ularization. Removing GCLOSS yields a smaller 503

but noticeable drop in Macro-F1 (0.32%), while 504

increasing recall and decreasing precision, sug- 505

gesting that without gradient shaping the model 506

becomes more prone to over-predict toxic in- 507

stances and thus sacrifices precision. 508

For toxic span extraction, GCLOSS has a sub- 509

stantially larger impact than ARCL. Removing 510

ARCL causes a moderate degradation (extraction 511

F1 drops by 2.74%, with decreases in both recall 512

and precision), whereas removing GCLOSS leads 513

to a sharp decline (extraction F1 drops by 12.75%, 514

accompanied by large drops in recall and preci- 515

sion). Finally, compared with the RoBERTa base- 516

line, the full model improves classification Macro- 517

F1 by 0.92% and boosts extraction F1 by 12.82%, 518

demonstrating the effectiveness of our joint train- 519

ing strategy. 520
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Models Classification Extraction

Acc R P F1 Macro-F1 R P F1

Full 83.84 86.19 76.14 80.85 83.68 86.36 70.95 77.90
w/o ARCL 83.13 86.71 74.72 80.27 83.12 82.55 68.99 75.16
w/o GCLOSS 83.20 88.04 74.29 80.58 83.36 75.89 57.07 65.15
RoBERTa 82.75 86.43 74.24 79.87 82.76 71.27 59.87 65.08

Table 3: Ablation study results. "Classification" denotes results for the binary classification task on the COLD
dataset; "Extraction" denotes results using the toxic span annotations in CNTP (Yang et al., 2025) as ground truth
labels.

4.6 Effect of Warm-up Steps521

Since our training pipeline requires warming up522

the foundation model for several epochs, this sec-523

tion analyzes the impact of the number of warm-524

up steps on the final classification and extraction525

results.526

The number of warm-up steps determines the527

extent to which the model learns toxicity classifi-528

cation solely from binary labels. As shown in Fig-529

ure 3, both too few and too many warm-up steps530

lead to a decrease in the final classification accu-531

racy.532

4.7 Gradient Attribution Faithfulness533

In NLP, the faithfulness of explanations concerns534

whether the highlighted evidence truly reflects the535

causal decision process, rather than merely cor-536

relating with its prediction. Recent work argues537

that faithful explanations should be grounded in538

counterfactual reasoning and formalizes this in-539

tuition via order-faithfulness, showing that non-540

causal feature-importance methods can mis-rank541

evidence under confounding effects (Gat et al.,542

2024). Motivated by this view, we evaluate our543

gradient-based toxic span explanations from a544

causal perspective: if the extracted spans con-545

stitute genuine decision evidence, masking them546

should substantially reduce the model’s predicted547

toxicity confidence.548

We extract toxic spans on the COLD dataset549

using two RoBERTa models, both localized by550

BiCSE: (1) a baseline RoBERTa trained with551

binary cross-entropy loss, and (2) a RoBERTa552

trained with our full objective in Eq. (9).553

Figures 4 and 5 report the confidence drop, de-554

fined as the decrease in the predicted toxicity prob-555

ability after masking the extracted spans. Com-556

pared with the BCE-only baseline, the ToxiTrace-557

trained model exhibits a consistently larger con-558

fidence reduction when its predicted spans are559

masked, indicating that the extracted spans are560

Figure 4: Confidence drop after masking BiCSE-
extracted toxic spans for the RoBERTa baseline.

Figure 5: Confidence drop after masking BiCSE-
extracted toxic spans for RoBERTa trained with
ToxiTrace.

more decision-critical and thus more faithful to 561

the model’s prediction. 562

5 Conclusion 563

We proposed ToxiTrace, which can automatically 564

produce span-level annotations when fine-grained 565

Chinese toxicity labels are unavailable. It further 566

introduces a gradient-based loss to increase the 567

model’s gradient responses on fine-grained toxic 568

spans, and aligns each sentence with its corre- 569

sponding reasoning in the semantic space, achiev- 570

ing simultaneous improvements in classification 571

accuracy and interpretability. In addition, we de- 572

sign an algorithm for extracting high-saliency to- 573

kens, which addresses the limitation of prior meth- 574

ods that cannot recover contiguous high-saliency 575

spans. 576
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Limitations577

In real-world scenarios, some toxic speeches are578

"cloaked" or obfuscated, such as through the579

use of homophones or Pinyin replacements (as580

noted in CNTP). Most models experience a perfor-581

mance degradation when processing such obfus-582

cated toxic information. While datasets for this583

exist in the Chinese domain, our current method584

does not specifically address these perturbations.585

We intend to incorporate robustness against such586

variations into the scope of our future research.587

Our method has been developed and evalu-588

ated only on Chinese toxic content, which has589

unique linguistic properties (e.g., character-level590

tokenization and ambiguous semantic units). As591

a result, its effectiveness on languages with differ-592

ent structures remains to be verified.593

Ethical Considerations594

This work addresses toxic content detection and595

explanation, which necessarily involves exposure596

to offensive and harmful language. Although the597

proposed method is designed to improve the faith-598

fulness and transparency of model explanations,599

there is a potential risk that fine-grained toxic span600

extraction could be misused to reverse-engineer601

moderation systems or to craft adversarial toxic602

expressions that evade detection. To mitigate this603

risk, we emphasize that the proposed framework604

is intended for research and system auditing pur-605

poses, rather than as a fully automated content606

moderation solution, and should be deployed with607

appropriate human oversight.608

All datasets used in this study (COLD, Tox-609

iCN, and CNTP) are publicly available benchmark610

datasets released for academic research. They611

do not contain personally identifying information,612

and no additional data collection is conducted in613

this work. While the datasets do include offensive614

and toxic language by design, they are used solely615

for model training and evaluation in a controlled616

research setting. We do not attempt to identify, tar-617

get, or profile any individuals, and no user-level or618

sensitive attributes are inferred or stored.619
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A Algorithm879

The algorithm pseudo-code to extract continuous880

token spans.881

Algorithm 1 Bidirectional Salient Span Extrac-
tion
Input: Gradient sequence G = {g1, g2, . . . , gn}
Output: Salient span set S

1: µ← Mean(G)
2: τ ← Median(|gi − gi−1|) for i ∈ [2, n]
3:

4: Function FindCliffEnd(G, start, µ, τ ):
5: p← start
6: for i = start to n do
7: if gi > µ then p← i
8: if i ≤ n− 2 and gi − gi+1 > τ then
9: if gi+1 − gi+2 ≤ τ then return i

10: if gi ≤ µ then return p
11: return p
12:

13: Function ForwardScan(G,µ, τ ):
14: S ← ∅, i← 2
15: while i ≤ n do
16: if gi > µ and gi − gi−1 > τ then
17: s← i, e← FindCliffEnd(G, s, µ, τ )
18: S ← S ∪ {(s, e)}, i← e+ 1
19: else
20: i← i+ 1
21: return S
22:

23: Sfwd ← ForwardScan(G,µ, τ)
24: G← Reverse(G)
25: Sbwd ← Reverse(ForwardScan(G,µ, τ))
26: return Merge(Sfwd ∪ Sbwd)

Threshold Computation Given a gradient se-882

quence G = g1, g2, . . . , gn, we compute two883

thresholds:884

Mean threshold µ = Mean(G), serving as the885

baseline for identifying high-gradient tokens. Dif-886

ference threshold τ = Median(|gi−gi−1|), captur-887

ing the typical magnitude of gradient transitions.888

Start Condition A span begins at position i if889

the gradient exhibits a steep ascent:890

gi > µ and gi − gi−1 > τ

Termination Condition 1 (Cliff Edge Detection)891

The span terminates at position i when a cliff892

edge is detected—i.e., the current position shows893

a steep descent but the subsequent descent dimin- 894

ishes: 895

gi − gi+1 > τ and gi+1 − gi+2 ≤ τ

This condition identifies the boundary where 896

the gradient "cliff" ends, ensuring complete span 897

extraction by continuing to search until the final 898

cliff edge is found. 899

Termination Condition 2 (Fallback) If no cliff 900

edge is detected, the span ends at the last position 901

where gi > µ, preventing incomplete extraction 902

when gradients decay gradually. 903

Bidirectional Scanning To capture spans that 904

may be missed by unidirectional scanning, we per- 905

form forward scanning on G and backward scan- 906

ning on the reversed sequence G′. The final span 907

set is obtained by merging overlapping intervals 908

from both directions: 909

S = Merge(Sfwd ∪ Sbwd)

This bidirectional approach ensures robust de- 910

tection of salient spans regardless of their orienta- 911

tion within the sequence. 912

12



B Changes in Saliency Map 913

Models trained with our proposed method exhibit a pronounced shift in saliency maps, characterized 914

by substantially higher saliency scores assigned to toxic spans. Figure 6 and 7 presents an example 915

illustrating the saliency shift before and after training with proposed ToxiTrace, demonstrating that the 916

model becomes more focused on truly toxic spans. 917

Figure 6: Saliency map of a RoBERTa model trained only with binary classification labels.

Figure 7: Saliency map of a RoBERTa model after training with our proposed method.
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C Prompt Templates for LLMs918

In this study, LLMs are employed for multiple tasks. Table 4 presents the prompt templates used for919

toxic span extraction. Tables 7 and 9 provide the prompts designed to elicit sample-specific adversarial920

explanations for toxic and non-toxic instances, respectively. Table 11 summarizes the prompts used to921

prompt LLMs to directly assess the toxicity of input texts.922

Toxic Spans Refining Prompt

System: 你是一个有害内容识别领域的专家，在你目前对"有害内容"的定义的基础之上，请对以下这个用户提供的内容进行有害内容实体的
片段定位任务，实体片段尽量短且尽量包含多的有害信息（请参考后面的输出范例，所有输入句都一定存在这样的片段，每句话都会给出句
中可疑的一些字段作为线索供参考）。
片段之间不要有重合或包含，也要注意中文隐式有害俚语。输出不需要给出任何解释、不要进行任何额外说明。输出示例（使用单行形式，
不要套入 markdown格式）：
有害实体 1、有害实体 2、有害实体 3

真实数据示例 1：
用户输入：确实现在的拳师天生就是坏种它们贪婪傲慢懒惰暴食淫欲嫉妒暴怒七宗罪它们全部都犯了它们欲壑难填利令智昏是畜生不如的东
西
输出：拳师、是坏种、淫欲、七宗罪、都犯了、欲壑难填、畜生不如
真实数据示例 2：
用户输入：厦门河南人和江西人开出租的很多，都挺狠的
输出：河南人、江西人、挺狠
真实数据示例 3：
用户输入：这帮黑人不仅有枪还有毒品，一贫如洗？
输出：黑人、有枪、有毒品

User:
{sentence}
【参考线索（可能相关的重点词汇）】：{hint_text}

Table 4: Toxic Spans Refining Prompt

Translation of Toxic Spans Refining Prompt

System:
You are an expert in the field of toxic content recognition. Based on your current definition of "toxic content," please perform a toxic entity span extrac-
tion task on the content provided by the user below. The entity spans should be as short as possible while containing as much toxic information as possible.

(Please refer to the output examples below. All input sentences definitely contain such fragments, and some suspicious fields in the sentence will be
given as clues for reference).

There should be no overlap or containment between fragments. Pay attention to implicit toxic slang.
Output Requirement: Do not provide any explanation or extra description.
Output Example (use a single line format, do not wrap in markdown): Toxic Entity 1, Toxic Entity 2, Toxic Entity 3

Real Data Example 1:
User Input: Indeed, current feminists are born bad seeds; they are greedy, arrogant, lazy, gluttonous, lustful, jealous, and wrathful—committing all seven
deadly sins. Their desires are insatiable, they are blinded by greed, and they are less than beasts.
Output: feminists, are bad seeds, lustful, seven deadly sins, committing all, desires are insatiable, less than beasts
Real Data Example 2:
User Input: There are many taxi drivers from Henan and Jiangxi in Xiamen, and they are all pretty ruthless.
Output: Henan people, Jiangxi people, pretty ruthless
Real Data Example 3:
User Input: These black people not only have guns but also drugs, and yet they claim to be destitute?
Output: black people, have guns, have drugs

User:
{sentence}
【Reference Clues (Potential Key Vocabulary)】: {hint_text}

Table 5: Translation of Toxic Spans Refining Prompt
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Translation of Toxic Spans Refining Prompt

System:
You are an expert in the field of toxic content recognition. Based on your current definition of "toxic content," please perform a toxic entity span extrac-
tion task on the content provided by the user below. The entity spans should be as short as possible while containing as much toxic information as possible.

(Please refer to the output examples below. All input sentences definitely contain such fragments, and some suspicious fields in the sentence will be
given as clues for reference).

There should be no overlap or containment between fragments. Pay attention to implicit toxic slang.
Output Requirement: Do not provide any explanation or extra description.
Output Example (use a single line format, do not wrap in markdown): Toxic Entity 1, Toxic Entity 2, Toxic Entity 3

Real Data Example 1:
User Input: Indeed, current feminists are born bad seeds; they are greedy, arrogant, lazy, gluttonous, lustful, jealous, and wrathful—committing all seven
deadly sins. Their desires are insatiable, they are blinded by greed, and they are less than beasts.
Output: feminists, are bad seeds, lustful, seven deadly sins, committing all, desires are insatiable, less than beasts
Real Data Example 2:
User Input: There are many taxi drivers from Henan and Jiangxi in Xiamen, and they are all pretty ruthless.
Output: Henan people, Jiangxi people, pretty ruthless
Real Data Example 3:
User Input: These black people not only have guns but also drugs, and yet they claim to be destitute?
Output: black people, have guns, have drugs

User:
{sentence}
【Reference Clues (Potential Key Vocabulary)】: {hint_text}

Table 6: Translation of Toxic Spans Refining Prompt

Toxic Reasoning Generation Prompt

你是一个中文毒性内容理解的专家，用户将给定文本，请完全站在“这段内容有害”的主观立场上认定该内容包含对他人的攻击/威胁/贬
损/歧视等“有害表达”。

请只输出一句简洁理由，不要有任何多余的内容，需要针对这句话的内容进行针对性的解释，不要输出宽泛、模糊的解释。

参考输出（仅作为示例，并非输出语句格式模版，但需至少包含其中提到针对该句的要素，即群体、观点、用词、可能的负面理解等）：

这段话包含对 [某一群体]的 [xx]性质的贬损性描述，使用了“[xxx]”这样的词汇，容易被理解为嘲讽或不尊重，也可能会被理解为人身攻击。

输入：{sentence}

Table 7: Toxic Reasoning Generation Prompt
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Translation of Toxic Reasoning Generation Prompt

You are an expert in understanding toxic content. The user will provide text. Please stand completely on the subjective standpoint that "this content is
toxic" and determine that the content contains "toxic expressions" such as attacks, threats, derogation, or discrimination against others.

Please output only one concise reason. Do not include any superfluous content. You need to provide a specific explanation targeting the content of this
sentence; do not output broad or vague explanations.

Reference Output (This is not a template, but the output must include elements targeting the sentence, such as the group, viewpoint, wording, and possible
negative interpretations):

This statement contains a derogatory description of the [xx] nature regarding [specific group], using vocabulary like "[xxx]", which is easily understood
as mockery or disrespect, and may also be interpreted as a personal attack.

Input: {sentence}

Table 8: Translation of Toxic Reasoning Generation Prompt

Non-toxic Reasoning Generation Prompt

用户将给定文本，请完全站在“这段内容完全正常”的主观立场上认定该内容完全不包含对他人的攻击/威胁/贬损/歧视等任何“有害表达”。

请只输出一句简洁理由，不要有任何多余的内容，需要针对这句话的内容进行针对性的解释，不要输出宽泛、模糊的解释。

参考输出（并非输出语句格式模版，但需包含其中提到针对该句的要素，即群体、观点、用词、不可能产生负面理解的原因等）：

这段话针对 [xx]群体发表了 [客观观点]，表达一种情绪宣泄，即使使用了“[xxx]”这样的词汇，也只是语气比较重，没有贬损的意味。

输入：{sentence}

Table 9: Non-toxic Reasoning Generation Prompt

Translation of Toxic Spans Refining Prompt

The user will provide text. Please stand completely on the subjective standpoint that "this content is completely normal" and determine that the content
does not contain any "toxic expressions" such as attacks, threats, derogation, or discrimination against others.

Please output only one concise reason. Do not include any superfluous content. You need to provide a specific explanation targeting the content of this
sentence; do not output broad or vague explanations.

Reference Output (This is not a template, but the output must include elements targeting the sentence, such as the group, viewpoint, wording, and reasons
why it cannot generate negative interpretations):

This statement expresses an [objective viewpoint] regarding the [xx] group, serving as an emotional outlet. Even though it uses vocabulary like "[xxx]", it
is merely a strong tone and carries no derogatory implication.

Input: {sentence}

Table 10: Translation of Toxic Reasoning Generation Prompt
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LLM Classification Task Instruction

你是一个有害内容识别领域的专家，现在有一些潜在的有害内容文本需要你来分析，可能的有害内容包括但不限于：

地域歧视：针对某些地区或该地区的人发表的整体贬低性言论；
性别对立：表达针对某一性别的贬低或歧视性言论；
种族歧视：针对特定人种发表的歧视性表达。
其余未列在上述分类中的如果有明显的攻击性及仇恨言论，也认为是有害内容。

你只需要对用户提供的内容进行判断，然后对你认为有害的内容输出一个“1”，无害内容输出“0”即可，无需进行任何其他分析，只需要输
出一个“0”或“1”即可。

输入：{sentence}

Table 11: LLM Classification Task Instruction

Translation of LLM Classification Task Instruction

You are an expert in the field of toxic content recognition. There are some potentially toxic texts that need your analysis. Possible toxic content includes
but is not limited to:

Regional Discrimination: Overall derogatory remarks against specific regions or people from those regions; Gender Opposition: Expressing derogatory
or discriminatory remarks against a specific gender; Racial Discrimination: Discriminatory expressions against specific races.

If there are obvious offensive or hate speech remarks not listed in the above categories, they are also considered toxic content.

You only need to judge the content provided by the user. Output a "1" for content you consider toxic, and "0" for non-toxic content. Any other analysis is
prohibited; strictly output only a "0" or "1".

Input: {sentence}

Table 12: Translation of LLM Classification Task Instruction
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