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Abstract

Existing Chinese toxic content detection meth-
ods mainly target sentence-level classification
but often fail to provide readable and con-
tiguous toxic evidence spans. We propose
ToxiTrace, an explainability-oriented method
for BERT-style encoders with three compo-
nents: (1) CuSA, which refines encoder-
derived saliency cues into fine-grained toxic
spans with lightweight LLM guidance; (2)
GClLoss, a gradient-constrained objective that
concentrates token-level saliency on toxic evi-
dence while suppressing irrelevant activations;
and (3) ARCL, which constructs sample-
specific contrastive reasoning pairs to sharpen
the semantic boundary between toxic and non-
toxic content. Experiments show that Tox-
iTrace improves classification accuracy and
toxic span extraction while preserving effi-
cient encoder-based inference and producing
more coherent, human-readable explanations.

Disclaimer: This paper describes violent and
discriminatory content that maybe disturbing to
some readers.

1 Introduction

In the era of pervasive digital social media, toxic
user-generated content (UGC)—such as cyberbul-
lying and hate speech-—has become increasingly
prevalent, posing tangible risks to online commu-
nities and society at large. As a result, toxic con-
tent detection has been extensively studied (Arora
et al., 2023; Kirk et al., 2022; Azumah et al.,
2023), with Transformer-based pre-trained lan-
guage models (PLMs) (Vaswani et al., 2017; De-
vlin et al., 2019; Liu et al., 2019) and, more re-
cently, large language models (LLMs) further ad-
vancing classification performance.

Despite these advances, most existing work
focuses on sentence-level toxicity classification,
while providing little insight into which specific
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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.
However, identifying fine-grained toxic evidence
is crucial for explainability, moderation trans-
parency, and downstream interventions. This chal-
lenge is particularly pronounced for Chinese.

Unlike English, where words serve as the basic
semantic units, Chinese toxic expressions are typi-
cally realized as multi-character phrases, while in-
dividual characters are often semantically ambigu-
ous. However, mainstream Chinese PLMs adopt
character-level tokenization (Cui et al., 2020; Sun
et al.,, 2021). Consequently, attribution signals
such as gradients or attention weights are frag-
mented across individual characters rather than co-
herent semantic spans, producing rationales that
are difficult for humans to interpret (Ding and
Koehn, 2021).

As a result, existing Chinese toxic con-



tent detection approaches—despite achieving
strong sentence-level performance through fine-
tuning (Deng et al., 2022), knowledge distilla-
tion (Deng et al., 2023), or glyph-aware model-
ing (Wullach et al., 2022; Xue et al., 2025)—
remain limited in their ability to accurately ex-
tract the true toxic expressions within a sentence
(Figure 1, left). In contrast, LLMs often exhibit
stronger capabilities in explanation and span ex-
traction (Creswell and Shanahan, 2022; Chuang
et al., 2025), but they typically underperform on
direct toxicity classification and incur substan-
tially higher inference costs (Schmidhuber and Kr-
uschwitz, 2024; Zhang et al., 2025; Sun et al,,
2023) (Figure 1, middle).

These limitations call for a method that pre-
serves the classification strength and efficiency
of encoder-based models while enabling reliable
extraction of contiguous, human-readable toxic
spans (Figure 1, right). To this end, we propose
ToxiTrace, a span-extraction-oriented framework
built on BERT-style encoders for Chinese toxic
content detection, designed to produce coherent
and interpretable toxic rationales without requir-
ing fine-grained span supervision. Our main con-
tributions are as follows:

e We propose a cue-guided span annotation
strategy with gradient-aware training, which
leverages attribution signals from encoder
models to induce consistent saliency on toxic
tokens without requiring explicit span anno-
tations.

e We introduce a bidirectional cliff-based span
extraction algorithm that identifies contigu-
ous toxic spans based on saliency transitions,
effectively alleviating the span fragmentation
issue inherent in prior top-k selection meth-
ods.

e We develop an adversarial reasoning con-
trastive learning objective with adaptive In-
foNCE, which aligns sample-specific toxic
and non-toxic reasoning representations,
sharpening the semantic boundary and fur-
ther enhancing span-level interpretability.

e Extensive experiments on multiple Chinese
toxic content benchmarks demonstrate that
ToxiTrace consistently outperforms strong
baselines.

2 Related Work

2.1 Toxic Content Detection

Toxic content detection has evolved from early
Bag-of-Words and conventional classifiers (Kwok
and Wang, 2013; Waseem and Hovy, 2016; David-
son et al., 2017) to neural and Transformer-based
models that achieve strong sentence-level accu-
racy (Badjatiya et al., 2017; Zimmerman et al.,
2018; Caselli et al., 2021; Sarkar et al., 2021).

Chinese toxic content detection follows a sim-
ilar trajectory, supported by datasets such as
COLD (Deng et al., 2022), ToxiCN (Lu et al.,
2023), and CNTP (Yang et al., 2025), as well as
encoder-centric methods including character-level
modeling (Wullach et al., 2022), domain feature
fusion (Zhang et al., 2024), LLM-assisted rewrit-
ing (Chao et al., 2024), and distillation for robust-
ness (Deng et al., 2023). In contrast to prior work
that primarily optimizes sentence-level detection,
we target fine-grained toxic span extraction by
training an encoder to produce evidence-aligned
saliency and readable spans.

Although CNTP (Yang et al., 2025) provides
limited span annotations, most Chinese detection
pipelines still lack reliable supervision and meth-
ods for extracting contiguous toxic spans within
sentences. This gap often leaves models accurate
yet poorly grounded in human-readable evidence.
We address this by using cue-guided span signals
to support training under weak supervision and by
enforcing higher gradient responses on toxic evi-
dence.

2.2 Attribution Method

Attribution methods, initially developed in com-
puter vision, have been widely adopted for
NLP interpretability. Representative lines in-
clude perturbation-based explanations such as
LIME (Ribeiro et al., 2016), gradient-based ex-
planations (Ross et al., 2017), and task-calibrated
attention-saliency alignment that improves faith-
fulness (Chrysostomou and Aletras, 2021a,b). A
practical issue is that many pipelines extract expla-
nations by selecting top-k salient tokens, where k
is either fixed (Jesus et al., 2021; Bastings et al.,
2022) or set by heuristics such as a fixed frac-
tion of sentence length (Krishna et al., 2025); dy-
namic alternatives such as peak-based top-k have
been proposed to improve consistency (Kamp
et al., 2023). Building on gradient-based attribu-
tion, we explicitly train the encoder to yield more
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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 s

evidence-aligned gradients, rather than only post-
hoc selecting salient tokens.

Despite progress, top-k selection often pro-
duces fragmented highlights and fails to recover
contiguous, human-readable spans—an issue that
is especially pronounced under character-level to-
kenization. We therefore propose a bidirectional
scanning algorithm that identifies consecutive lo-
cally high-saliency spans, enabling stable contigu-
ous toxic span extraction beyond discrete token se-
lection.

3 Methodology

As shown in Figure 2, our ToxiTrace frame-
work contains following four steps: (1) We first
warm up the encoder with standard classifica-
tion training to obtain robust sentence-level dis-
crimination. (2) After warming-up, we compute
saliency maps and apply a Bidirectional Clift-
based Span Extraction algorithm (BiCSE) to ob-
tain initial high-saliency spans, which are used
as cues to prompt an LLM to refine boundaries
and recover coherent toxic spans, yielding refined
toxic spans as weak span annotations. (3) We then
introduce Gradient Constraint Loss (GCLOSS)
to explicitly increase gradient responses on toxic
evidence while suppressing spurious activations
on non-toxic tokens, shaping a more concen-
trated and extractable saliency. (4) In paral-

aliency map.

lel, we adopt Adversarial Reasoning Contrastive
Learning (ARCL) with adaptive InfoNCE to align
each input with sample-specific reasoning of op-
posing stances, sharpening the toxic/non-toxic se-
mantic boundary.

At inference time, the model first predicts toxi-
city; if toxic, the saliency map will be calculated,
and toxic spans will be extracted using BiCSE.

3.1 Cue-guided Span Annotation

Exist toxic content datasets only have coarse-
grained labels (toxic/non-toxic) and cannot accu-
rately locate toxic spans. CuSA constructs span-
level signals by using the model’s attribution map
as cues and letting an LLM refine span boundaries.
It consists of two steps: (1) warm-up fine-tuning
to obtain a reliable sentence-level classifier; and
(2) cue-guided span refinement, where we feed the
toxic text together with initially extracted salient
spans as cues to an LLM for span annotation.

Warm-up training. We train the encoder with
binary cross-entropy. Given an input text se-
quence X = {x1,...,z,}, the embedding layer
maps tokens to £ = [ey, . .., e,], the model ¢ gen-
erate its contextual representation H = ¢(&)
[h's k' h2,..h"). This representation is then
fed into a classification head v to yield the pre-
dicted probability P(y|X) = ¢ (he*).



Saliency cues for span annotation. After
warm-up, following exists attribution meth-
ods (Chrysostomou and Aletras, 2021a; Sikdar
et al., 2021), we compute a token-level saliency
score for each token and form a saliency map,
which serves as cues for span extraction. The
saliency s; of each token z; can be calculated via

Eq. (1):

. 0log P(y|X)
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Exist attribution methods select the top-k most
salient tokens (Kamp et al., 2023); however, these
selected tokens tend to be scattered. To address
this limitation, we propose BiCSE (detailed in Ap-
pendix A), a bidirectional cliff-based scanning al-
gorithm that tracks saliency transitions to identify
the optimal start and end boundaries of contigu-
ous spans. Moreover, we capture longer and more
continuous toxic spans by taking the union of re-
sults from two sequential scans (left-to-right and
right-to-left).

To help the LLM to find more potential toxic
spans, both the raw text and the initially extracted
spans (cues) 7y are fed into the LLM. In our ex-
periments, we use Gemini 2.5 Pro (Team, 2025)
as an expert annotator to integrate and refine these
cues. The refined toxic spans are formulated as:
Trefined = LLM(x, Tewe). By leveraging the
LLM’s superior interpretability, we can achieve
more accurate annotation of toxic spans.

3.2 Gradient Constraint Loss

The fine-tuned model attains satisfactory classi-
fication performance overall; yet, its token-level
toxicity discrimination remains imprecise (Ap-
pendix B shows the saliency maps before an after
applying our ToxiTrace method). CuSA provides
refined toxic spans as annotations, which allow us
to explicitly shape the model’s token-level attri-
bution for span extraction. Concretely, GCLOSS
consists of two complementary components: (i)
a Pairwise Gradient Ranking (PGR) term that
enforces a margin between toxic and non-toxic to-
kens, and (ii) a Push—Pull Threshold (PPT) term
that regularizes their gradient ranges within each
sample. During training, both terms operate on
the gradient norm of the log-predicted probability
with respect to the input embeddings e;:

gi = H dlog P(y|X)

de; 2
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as the training signal to increase responses on
toxic spans and suppress spurious activations on
non-toxic tokens, thereby shaping more concen-
trated and extractable attribution.

PGR Loss. The objective of this loss is to pe-
nalize cases where, within a single sentence, the
gradient of a toxic token exceeds that of a non-
toxic token by a margin smaller than the prede-
fined threshold m. The specific formula is given
as follows:

Lpar =

ZZmaXO gj — gi +m),

zE'P JEN
(3)

where P and N denote the sets of toxic and non-
toxic tokens, respectively; g;, g; is calculated ac-
cording to Eq. (2); and m is set to 1 in this study.

PPT Loss. The PGR Loss introduced above cap-
tures the relative gradient relationship between
toxic and non-toxic tokens, yet it cannot con-
strain the gradient value ranges of either token
type. Given the substantial discrepancies in gra-
dient scores across different sentences, employing
a fixed range to regulate the gradients of toxic and
non-toxic tokens is inherently flawed. To address
this dual limitation, we propose the intra-sentence
PPT Loss that leverages gradient information of
tokens within each single sample to separately
guide the gradient learning of toxic and non-toxic
tokens. Specifically, we first calculate the 15th
percentile of the gradient values of all tokens in a
single sample as the threshold 7, which serves to
constrain the gradient values of non-toxic tokens
to stay below this threshold. The detailed formula
is given as follows:

Leg = WI > [max(0,g; — 7). 4
JEN

For toxic tokens, we expect their gradient val-
ues to fall within a relatively high range. Thus,
we adopt the maximum gradient gm,x as the refer-
ence and set « - gmax as the lower bound, where
a denotes a positive target coefficient. Our goal is
to push the gradient values of toxic tokens above
this threshold. However, given the possibility of
an excessively large gmax, we further introduce
a gradient cap 7c,p to prevent gradient explosion
caused by overly high gradient values of toxic to-
kens. The formula for toxic tokens is given as fol-
lows:



1

L 0S8 = Ty
PP

Z[max(o’ tn - gl)]a (5)
iEP

where the target value ¢, = min(a - gmaz, Teap)-
The overall form of the PPT Loss is:

1
i(ﬁpos + Eneg) (6)

Remark. GCLOSS constrains gradients during
training (Eq. (2)), because gradients directly cap-
ture the model’s sensitivity to token-level evi-
dence. For span extraction at inference time,
we compute a saliency score with the same
embedding-level gradients.

This formulation reflects both sensitivity and
contribution, and BiCSE is applied to the saliency
sequence {s; }7"_; to produce contiguous spans.

Lppr =

3.3 Adversarial Reasoning Contrastive
Learning

While the aforementioned loss functions address
token-level gradient constraints, they are confined
to individual sentences and cannot capture the se-
mantic boundary differentiating toxic from non-
toxic sentences. Inspired by the work of (Rusak
et al., 2025), we adopt an adaptive InfoNCE loss
to implement semantic contrastive learning. Exist-
ing data augmentation methods (Zhou et al., 2021;
Hu et al., 2023; Fang et al., 2024) primarily rely
on substituting, modifying or add noise to certain
words in a sentence. Such operations lack a thor-
ough understanding of the sentence’s inherent se-
mantics. To address this limitation, we propose
leveraging the LLM debate mechanism (Moniri
et al., 2025) to generate adversarial reasoning as
augmented samples. This approach enables the
model to better explore the intrinsic semantic in-
formation of sentences and learn to distinguish the
differences between toxic and non-toxic texts and
sharpening the semantic boundary.

Specifically, we first use two opposing reason-
ing prompts: "Assuming the text is {toxic, normal},
generate explanations to support this judgment"",
and feed them to the LLM (Gemini 2.5 Flash) to
obtain semantically augmented positive and neg-
ative samples. This way, the model can produce
targeted reasoning content, instead of generating
generic descriptions such as "This sentence is just
an exaggerated joke and does not intend to attack
any group".

"Detailed prompt templates are provided in Appendix C.

Using the two opposing reasoning prompts ob-
tained above, we adopt the following contrastive
loss to facilitate sentence-level semantic learning:

exp(ht -h(p)")/r)
SR [Ty s PR, /)
n,p

(N
where h;, h;, and h,, denote the semantic embed-
dings of the target text, its positive reasoning ex-
planation and its negative reasoning explanation,
respectively; h’; and hY denote the final-layer
[CLS] token embeddings of the positive and nega-
tive reasoning explanations corresponding to other
toxic and non-toxic sentences within the training
batch B. 7 denotes the temperature parameter,
which is set to 0.05 in our experiments.

The overall semantic contrastive loss is defined
as the average of these two loss components:

E{taz,nar} = —log

1
ﬁcon - §(£t0$ + Enor) (8)

3.4 Joint Training Objective

In the joint training phase, we simultaneously op-
timize three loss components: the gradient-based
binary classification loss, the gradient constraint
losses, and the contrastive learning loss. The over-
all training objective is formulated as:

L= ECE + )\grad(ﬁPGR + »CPPT) + Asemﬁcona

©)
where Agrqq and Ager, are hyperparameters that
balance the contributions of the gradient con-
straint losses and the semantic contrastive loss, re-
spectively.

The overall training pipeline is designed as fol-
lows: 1. First, perform a warm-up training us-
ing the cross-entropy loss to equip the model with
basic toxicity classification capability. 2. Sub-
sequently, the GCLOSS is introduced to enforce
the model to generate higher gradient values for
toxic tokens and lower gradient values for non-
toxic tokens. 3. Meanwhile, ARCL is adopted
to sharpen the semantic boundary between toxic
and non-toxic texts.

4 Experiments

4.1 Experimental Setup

Dataset. For the binary toxicity classification
task, we evaluate our model on two Chinese



COLD ToxiCN
Models
Acc R P F Macro-F,  Acc R P Fi Macro-F

Qwen3-8B 74.03 59.90 70.15 64.62 72.33 71.44 8294 69.13 75.41 71.51
LLaMA3.1-8B 7391 5146 74.58 60.90 72.00 65.18 4429 81.61 5742 68.25
DeepSeek-V3.2 7423 59.23 7091 64.55 72.51 60.66 36.19 77.35 49.30 64.14
GPT-40 7449 67.79 6698 67.38 73.22 73.20 65.66 66.98 67.38 73.22
RoBERTa 82.75 86.43 7424 79.87 82.76 82.70 84.38 8340 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) 8243 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 8493 8222 8355 82.23
Qwen3-8B + ours 82.96 82.53 7634 79.32 82.41 8291 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-
stances in total, with 5,323 test instances) and Tox-
iCN (Lu et al., 2023) (12,011 instances in total,
with 2,411 test instances).

For toxic span extraction, we use the span an-
notations provided in CNTP (Yang et al., 2025)
as gold labels, which include 2,533 samples anno-
tated with toxic spans, to assess the model’s abil-
ity to extract fine-grained toxic expressions within
toxic sentences.

Models. To verify the effectiveness of our pro-
posed method in both binary classification and
span-level extraction, we applied our training
strategy across different BERT-based models:
Chinese-RoBERTa-wwm-ext (RoBERTa) and
Chinese-MacBERT-base (MacBERT) (Cui et al.,
2020). Concurrently, a set of LLMs were chosen
to conduct comparative analysis: LLaMAZ2-7B,
LLaMA3.1-8B, Qwen3-8B, DeepSeek-V3 and
GPT-4o0.

Implement. Corresponding models fine-tuned
solely on binary classification labels were set as
baselines. For open-source LLMs, both their di-
rect inference capabilities and their performance
after fine-tuning on the respective datasets (de-
noted as SFT) were evaluated.  Fine-tuning
of LLMs was conducted using the open-source
toolkit LLaMA-Factory? to implement LoRA (Hu
et al., 2022). Closed-source LLMs were evalu-
ated in a zero-shot setting; the prompt templates
used were detailed in Appendix C. Models de-
noted with "(ours)" were trained using the method

Zhttps://github.com/hiyouga/LLaMA-Factory

proposed in this paper. DeepSeek and GPT-4o0
were accessed via official APIs, while all other
experiments were conducted using four NVIDIA
A800 80GB GPUs.

Evaluation metrics. To evaluate toxic con-
tent detection performance, we used five widely
adopted metrics: Accuracy (Acc), Recall (R), Pre-
cision (P), F and Macro-I' Score.

4.2 Overall Classification Performance

The classification performance of ToxiTrace and
competing methods is summarized in Table 1.
Overall, ToxiTrace achieves the best results across
all five metrics on both COLD and ToxiCN. In the
zero-shot setting, both open- and closed-source
LLMs perform poorly on Chinese toxicity clas-
sification (and LLaMA2-7B fails to complete the
task due to strict safety alignment), whereas fine-
tuning brings LLMs to a level comparable with
encoder-based models. In terms of efficiency, en-
coder models finish inference within 20 seconds
on both datasets, while LLMs require 2-9 minutes,
reflecting differences in model scale, architecture,
and the use of LoRA adapters.

4.3 Applicability to LLLMs

Since LLMs are also Transformer-based, we
conduct an exploratory study on transferring
ToxiTrace to decoder-only LLLMs. Due to resource
constraints, LoRA was applied for parameter-
efficient adaptation; we then replaced the decod-
ing head with a binary classification head and op-
timized the same ToxiTrace objectives. As shown



Models R P Fi 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 7148 74.38 09m 28s
Llama-3.1-8B 81.32 69.21 74.78 12m 56s
Qwen3-8B 84.83 7197 717.87 14m 33s
RoBERTa 4237 6842 5234 0lm 58s
RoBERTa* 71.27 59.87 65.08 0lm 58s
RoBERTa + ours* 86.36 70.95 77.90 0lm 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-
parable to instruction fine-tuning on LLM, yet
still falls short of encoder-based models trained
with ToxiTrace. One possible reason is that
LoRA updates only a tiny fraction of parame-
ters (typically < 0.5%), limiting its ability to re-
shape embedding-level gradients distributions re-
quired by our gradient-oriented training. We leave
a systematic study of more effective parameter-
efficient gradient shaping for future work.

4.4 Toxic Span Extraction Performance

We evaluate toxic span extraction on CNTP, where
a prediction is counted as correct if its overlap
with the gold span exceeds 50% (e.g., ground-
truth toxic span: " Ji[Eg N\", pred: " Ji/Eg" is cor-
rect, while " Fg" is incorrect). As shown in Table 2,
replacing top-15% token selection with BiCSE
yields a large gain for RoOBERTa (RoBERTa —
RoBERTa*), confirming the benefit of extract-
ing contiguous spans. Training with ToxiTrace
further improves RoBERTa* to RoBERTa+ours*
achieves an additional 12.82% Fj-score im-
provement, indicating that CuSA and gradient-
shaping objectives (GCL0OSS/ARCL) produce
more evidence-aligned saliency for extraction.
Across LLMs, extraction generally improves with
model size, but RoBERTa+ours* achieves com-
parable or better F; than the best LLM (Qwen3-
8B) while requiring only about 1/7 of its infer-
ence time, demonstrating a substantially better
accuracy—efficiency trade-off, the detailed prompt
template is provided in Appendix C.

4.5 Ablation Study

We investigate the contributions of the key compo-
nents in ToxiTrace through an ablation study with
three variants, as shown in Table 3. Specifically,
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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-
mizes GCLOsSS and ARCL, while w/o ARCL and
w/o GCLOSS remove the adversarial reasoning
contrastive objective and the gradient constraint
loss, respectively. We further include the vanilla
RoBERTa as the baseline.

Since the ablation trends are consistent across
COLD and ToxiCN, we only report results on
COLD due to space constraints. Overall, remov-
ing either module leads to performance degrada-
tion in both classification and extraction. For clas-
sification, removing ARCL reduces Macro-F by
0.56% (and slightly lowers F}), indicating that
ARCL provides a consistent gain via semantic reg-
ularization. Removing GCLOSS yields a smaller
but noticeable drop in Macro-F} (0.32%), while
increasing recall and decreasing precision, sug-
gesting that without gradient shaping the model
becomes more prone to over-predict toxic in-
stances and thus sacrifices precision.

For toxic span extraction, GCLOSS has a sub-
stantially larger impact than ARCL. Removing
ARCL causes a moderate degradation (extraction
Fy drops by 2.74%, with decreases in both recall
and precision), whereas removing GCLOSS leads
to a sharp decline (extraction Fy drops by 12.75%,
accompanied by large drops in recall and preci-
sion). Finally, compared with the RoBERTa base-
line, the full model improves classification Macro-
F1 by 0.92% and boosts extraction F; by 12.82%,
demonstrating the effectiveness of our joint train-
ing strategy.



Classification Extraction
Models
Ace R P Fi Macro-F R P F
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 7429 80.58 83.36 75.89 57.07 65.15
RoBERTa 82.75 86.43 7424 79.87 82.76 7127 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 Steps

Since our training pipeline requires warming up
the foundation model for several epochs, this sec-
tion analyzes the impact of the number of warm-
up steps on the final classification and extraction
results.

The number of warm-up steps determines the
extent to which the model learns toxicity classifi-
cation solely from binary labels. As shown in Fig-
ure 3, both too few and too many warm-up steps
lead to a decrease in the final classification accu-
racy.

4.7 Gradient Attribution Faithfulness

In NLP, the faithfulness of explanations concerns
whether the highlighted evidence truly reflects the
causal decision process, rather than merely cor-
relating with its prediction. Recent work argues
that faithful explanations should be grounded in
counterfactual reasoning and formalizes this in-
tuition via order-faithfulness, showing that non-
causal feature-importance methods can mis-rank
evidence under confounding effects (Gat et al.,
2024). Motivated by this view, we evaluate our
gradient-based toxic span explanations from a
causal perspective: if the extracted spans con-
stitute genuine decision evidence, masking them
should substantially reduce the model’s predicted
toxicity confidence.

We extract toxic spans on the COLD dataset
using two RoBERTa models, both localized by
BiCSE: (1) a baseline RoBERTa trained with
binary cross-entropy loss, and (2) a RoBERTa
trained with our full objective in Eq. (9).

Figures 4 and 5 report the confidence drop, de-
fined as the decrease in the predicted toxicity prob-
ability after masking the extracted spans. Com-
pared with the BCE-only baseline, the ToxiTrace-
trained model exhibits a consistently larger con-
fidence reduction when its predicted spans are
masked, indicating that the extracted spans are
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Figure 4: Confidence drop after masking BiCSE-
extracted toxic spans for the RoOBERTa baseline.
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Figure 5: Confidence drop after masking BiCSE-
extracted toxic spans for RoBERTa trained with
ToxiTrace.

more decision-critical and thus more faithful to
the model’s prediction.

5 Conclusion

We proposed ToxiTrace, which can automatically
produce span-level annotations when fine-grained
Chinese toxicity labels are unavailable. It further
introduces a gradient-based loss to increase the
model’s gradient responses on fine-grained toxic
spans, and aligns each sentence with its corre-
sponding reasoning in the semantic space, achiev-
ing simultaneous improvements in classification
accuracy and interpretability. In addition, we de-
sign an algorithm for extracting high-saliency to-
kens, which addresses the limitation of prior meth-
ods that cannot recover contiguous high-saliency
spans.



Limitations

In real-world scenarios, some toxic speeches are
"cloaked" or obfuscated, such as through the
use of homophones or Pinyin replacements (as
noted in CNTP). Most models experience a perfor-
mance degradation when processing such obfus-
cated toxic information. While datasets for this
exist in the Chinese domain, our current method
does not specifically address these perturbations.
We intend to incorporate robustness against such
variations into the scope of our future research.

Our method has been developed and evalu-
ated only on Chinese toxic content, which has
unique linguistic properties (e.g., character-level
tokenization and ambiguous semantic units). As
a result, its effectiveness on languages with differ-
ent structures remains to be verified.

Ethical Considerations

This work addresses toxic content detection and
explanation, which necessarily involves exposure
to offensive and harmful language. Although the
proposed method is designed to improve the faith-
fulness and transparency of model explanations,
there is a potential risk that fine-grained toxic span
extraction could be misused to reverse-engineer
moderation systems or to craft adversarial toxic
expressions that evade detection. To mitigate this
risk, we emphasize that the proposed framework
is intended for research and system auditing pur-
poses, rather than as a fully automated content
moderation solution, and should be deployed with
appropriate human oversight.

All datasets used in this study (COLD, Tox-
iCN, and CNTP) are publicly available benchmark
datasets released for academic research. They
do not contain personally identifying information,
and no additional data collection is conducted in
this work. While the datasets do include offensive
and toxic language by design, they are used solely
for model training and evaluation in a controlled
research setting. We do not attempt to identify, tar-
get, or profile any individuals, and no user-level or
sensitive attributes are inferred or stored.
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A Algorithm

The algorithm pseudo-code to extract continuous
token spans.

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

1: pu + Mean(G)

2: 7 < Median(|g; — gi—1]) fori € [2,n)]

,gn}

: Function FindCliffEnd(G, start, u, 7):

4
5:  p < start

6: for i = start to n do

7 if g; > pthenp < ¢

8: ifi <n—2and g; — g;11 > 7 then
9: if g;11 — giro < 7 then return {
10: if g; < p then return p

11:  returnp

12:

13: Function ForwardScan(G, u, 7):

14: S+ 0,i+2

15:  while 7 <n do

16: if g; > pand g; — g;—1 > 7 then

17: s < 1, e < FindCliffEnd(G, s, 1, T)
18: S+ SU{(s,e)},i<e+1

19: else

20: 1 1+1

21:  return S

22:

23: Stwa < ForwardScan(G, p, 7)

24: G < Reverse(G)

25: Sphwa < Reverse(ForwardScan(G, p, 7))
26: return Merge(Stwa U Spwd)

Threshold Computation Given a gradient se-
quence G = ¢1,92,...,gn, W€ compute two
thresholds:

Mean threshold ;1 = Mean(G), serving as the
baseline for identifying high-gradient tokens. Dif-
ference threshold 7 = Median(|g; —g;—1]), captur-
ing the typical magnitude of gradient transitions.
Start Condition A span begins at position ¢ if
the gradient exhibits a steep ascent:

gi>p and g —gi1>T

Termination Condition 1 (Cliff Edge Detection)
The span terminates at position ¢ when a cliff
edge is detected—i.e., the current position shows

12

a steep descent but the subsequent descent dimin-
ishes:

9i—Giv1>T7 and giy1 — Giy2 < T

This condition identifies the boundary where
the gradient "cliff" ends, ensuring complete span
extraction by continuing to search until the final
cliff edge is found.

Termination Condition 2 (Fallback) If no cliff
edge is detected, the span ends at the last position
where g; > p, preventing incomplete extraction
when gradients decay gradually.

Bidirectional Scanning To capture spans that
may be missed by unidirectional scanning, we per-
form forward scanning on G and backward scan-
ning on the reversed sequence G’. The final span
set is obtained by merging overlapping intervals
from both directions:

S = Merge(wad U Sbwd)

This bidirectional approach ensures robust de-
tection of salient spans regardless of their orienta-
tion within the sequence.



B Changes in Saliency Map

Models trained with our proposed method exhibit a pronounced shift in saliency maps, characterized
by substantially higher saliency scores assigned to toxic spans. Figure 6 and 7 presents an example
illustrating the saliency shift before and after training with proposed ToxiTrace, demonstrating that the

model becomes more focused on truly toxic spans.

| == Mean: 0.425
~~ Median® 0.286

Saliency Score

ﬁﬂ&lﬂfi‘\‘.ﬁi&n

B BT ¥ ox ., X K #%

Tokens

BEoF Homo® A A (8 ) T <

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

== Mean: 0.430
~~ Median: 0.16%

Saliency Score
B

O T I S T T T e T

X FhoR B 5 R R F - B OB BT E X, XA BEFHR®EBAMHH ()T - F .

Tokens

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

In this study, LLMs are employed for multiple tasks. Table 4 presents the prompt templates used for
toxic span extraction. Tables 7 and 9 provide the prompts designed to elicit sample-specific adversarial
explanations for toxic and non-toxic instances, respectively. Table 11 summarizes the prompts used to
prompt LLMs to directly assess the toxicity of input texts.

Toxic Spans Refining Prompt

System: {2 —ANE F WA FUNGURNE 5, FERE X" A FHNE" 1€ LEREZ b, 0 AT AT PR A BT A N ALk
RBUENAES, SRR B B R a2 AEEE (%m0 H L, Iram A mf e A X B, Saisiiagiin
PR S B R RIS ) .

FEZ AR EAEASAE, WEER PR FE. SEATFER B, R EMFE . Bae (7B,
AREAEA markdown #5=,) :

FHEEAE L, AELE 2, AFEES

eI B pl 1:

M iSRRI R AR IR E ST R i 2 Cr 2 AR B8 LR AR E N AL T E TS MR B B R & AR I AR
(i)

By Z0W. RO A LOSER. EMLT . AREME. FHAA

LB 2

TP BRI AT AN RS , SR

Hrdi: RN VLR #ER

eI Bkl 3:

M ZHRAANCEAREA TR, — 2O umk?

Hydi: RN AR, AR

User:
{sentence}

(% 2kz (REM KA SIAIL) 1: (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.

Aefinitel 4.

(Please refer to the output examples below. All input sentences ly ¢ in such fr

ts, 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.

finitel 4.

(Please refer to the output examples below. All input sentences d ly ¢ in 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

PR — AR R L 5, PR E SOAS, WS ATINTE CXBIAAA ET W A3 A R A A B N i e b iz
BB FHFRL

A ENE I, REEELTZ RN, TEEE X IRI AR BT R R, RN 0 . IR R
S (BRG], PR AR, (B 2 a5 PR B B XA SR, BB LS. . T RERY BURIBARSE ) -
BXEARAEX PE—HEAR] 19 D] SRR BPERA, (0T “Doxx]” SOPERGIRINL, 25 PO MR R T, ol RE SRR N S it

A\ {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

TP ESCA, e NAE “XBIAR SEAIENR" BT EINE AR Se 4 A & XA ALt/ U WA B (] AT HRIR
W AR, RECEAEMZ RN, TR IR A A BT O R, R S0 . BRI AR

Sl ORI IR 2B, AT SRR R IR, IR WA, AL AT R A G AR A S PR 45 ) -
XEHETXT [xx] BEARR T (BILA], Fk— A e, BIEMTN T “Do)” SRERRGIANE, IR R, S e Bt ik,

ki N\t {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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LILM Classification Task Instruction

TRR—NEENARBSURI LR, TR LSBT & A SORT AR T, WTRERA & A AR EAIRT

HUIRAR - X S e X e XA R R A A AR 8 5

PERBIRISL: RIBE R R MR AR BB I 5

FRRRBCL: TRFRRE N R R B

FARARIITE LR JE P AR W A B e R R8Oy R H A

PRATEZRH PRSI A 2R TR, SRR I A A 17, Tl AR (07 BT, ERE T AT, R
H:':*/I\ B Ejz “17 FIEf,

ki At {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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