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Featured Application

FICHS can support Chinese social media moderation systems by improving the detection
of subtle, culturally contextualized, and implicitly hateful expressions.

Abstract

Implicit hate speech is difficult to detect because hostile intent is often conveyed through
metaphor, irony, coded expressions, stereotypes, or culturally situated allusions rather
than direct insults. We first construct a fine-grained Chinese implicit hate speech dataset
containing 19,939 samples from Zhihu and Baidu Tieba, covering nine target categories
and three expression labels. Based on this dataset, we propose FICHS, a fine-grained and
implicit Chinese hate speech detection framework with three synergistic modules built on
a RoBERTa-based base detector: an Explicit–Implicit Supervised Contrastive Module that
learns a discriminative semantic space between explicit and implicit hate speech, a Semantic
Opacity-Aware Routing and Adjudication module that selectively routes low-confidence
but high-implicitness samples to an LLM for secondary judgment, and a Pattern-Guided
Retrieval-Augmented Recovery Module that retrieves socio-cultural risk patterns to support
second-round review and false-negative recovery. Experimental results demonstrate that
FICHS effectively improves Chinese implicit hate speech detection, achieving a weighted
F1 score of 0.8391, with precision of 0.8428 and recall of 0.8396, outperforming both the
SOTA detector and standalone LLM baselines.

Keywords: Chinese hate speech detection; implicit hate speech; contrastive learning;
retrieval-augmented generation

1. Introduction
Online hate speech harms affected communities, distorts public discourse, and in-

creases the burden of platform governance [1,2]. In Chinese social media, the problem is
particularly challenging because hostile intent is often embedded in high-context discourse,
local memes, homophones, stereotypes, irony, or topic-specific allusions. A sentence may
avoid direct slurs while still conveying exclusion, contempt, or dehumanization toward a
protected group. Such implicit hate speech is therefore harder to detect than explicit hate
speech that contains direct insults, slurs, or violence-related language.
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Existing hate speech and offensive language detection research has provided increas-
ingly fine-grained datasets and neural models. English resources such as Latent Hatred
and ToxiGen emphasize that implicit hate frequently requires pragmatic inference and
background knowledge [3,4]. For Chinese, COLDataset, ToxiCN, and STATE ToxiCN have
advanced offensive and toxic language detection by introducing real social media data,
hierarchical labels, and span-level target-aware resources [5–7]. Recent work on Chinese
phonetic cloaking further shows that offensive intent can be deliberately hidden through
pronunciation-based replacement [8]. However, several limitations remain. First, target
coverage in Chinese toxic language resources is still relatively narrow compared with the
diversity of contemporary online conflicts. Second, conventional classifiers often rely on
lexical or surface-level cues, which weakens their ability to capture semantically opaque
hatred. Third, LLMs are promising adjudicators for subtle cases, and recent studies show
that they can improve hate speech detection and explanation generation [9–11]. At the
same time, LLMs can be overly sensitive or poorly calibrated in implicit hate speech de-
tection [12]. This suggests that LLMs should not simply replace task-specific classifiers;
instead, they should be used selectively where their reasoning ability is most useful.

To address these issues, we propose FICHS (fine-grained and implicit Chinese hate
speech detection), a Chinese implicit hate speech detection framework based on contrastive
learning and retrieval-augmented adjudication. FICHS is built around three ideas. First, we
expand the original ToxiCN-style data space by adding new target groups and removing
an ambiguous reporting-expression category, resulting in a 19,939-sample dataset with
nine target categories. Second, we use supervised contrastive learning to construct an
explicit–implicit semantic space in which explicit and implicit hate expressions become
more separable. Third, we combine the base model with selective LLM adjudication and
pattern-guided retrieval augmentation, so that high-risk implicit cases can be reviewed
with additional socio-cultural cues.

The main contributions are as follows:

• We construct an expanded Chinese hate speech dataset containing 19,939 samples
from Zhihu and Baidu Tieba, annotated with toxicity, hate intensity, expression type,
and nine protected or socially salient target categories.

• We introduce an Explicit–Implicit Supervised Contrastive Module (EI-SCM) that
uses expression labels to construct a semantic opacity representation and derive a
continuous implicitness score for routing difficult cases.

• We propose Semantic Opacity-Aware Routing and Adjudication (SOAR), a confidence-
and implicitness-aware mechanism that selectively invokes an LLM for samples likely
to be missed by the base detector.

• We design a Pattern-Guided Retrieval-Augmented Recovery Module (PGRM), which
uses training-derived high-frequency 2-gram and 3-gram risk patterns with human-
written notes to support second-round false-negative recovery.

The remainder of this paper is organized as follows. Section 2 reviews related work
on hate speech detection, implicit hate speech, contrastive learning, LLM-based adjudica-
tion, and retrieval-augmented reasoning. Section 3 presents the FICHS framework and
describes its three main modules. Section 4 introduces the dataset, annotation scheme,
and experimental settings. Section 5 presents the main experimental results and ablation
studies. Section 6 discusses the implications and limitations of the proposed framework,
and Section 7 concludes the paper.

https://doi.org/10.3390/app16157486

https://doi.org/10.3390/app16157486


Appl. Sci. 2026, 16, 7486 3 of 16

2. Related Work
2.1. Hate Speech and Offensive Language Detection

Hate speech detection has developed from binary offensive language classification
toward more fine-grained modeling of target groups, intent, severity, and implicitness.
Early work demonstrated the importance of distinguishing hate speech from general
profanity and offensive speech [13,14]. This distinction remains central to current research,
since many false positives come from confusing vulgar but non-targeted language with
hate speech, while many false negatives arise when hostile intent is expressed without
explicit slurs.

Survey studies further show that dataset design, target definitions, and annotation
guidelines strongly influence model behavior [15,16]. A model trained on narrow target
categories or platform-specific expressions may perform well on an in-domain benchmark
but fail to generalize to new communities, new coded terms, or new forms of implicit
hostility. Recent multilingual and domain-specific studies also highlight the importance of
language-specific annotation and model design, including Turkish ensemble transformers,
Arabic dialectal multi-task learning, Nigerian Twitter data, Spanish multi-task hate speech
corpora, and LLM-generated hate campaign benchmarks [17–21]. These studies show that
hate speech detection is shaped by both linguistic structure and local social context.

For Chinese, COLDataset provides a benchmark for offensive language detection over
race, gender, and region topics [5]. ToxiCN further introduces a hierarchical toxic language
taxonomy and a Toxic Knowledge Enhancement (TKE) benchmark that incorporates lexical
features for fine-grained Chinese toxic language detection [6]. STATE ToxiCN extends this
line of work by emphasizing span-level target-aware toxicity extraction [7]. Recent work
on phonetic cloaking also shows that offensive intent in Chinese can be deliberately hidden
through pronunciation-based replacement [8]. These resources are valuable, but Chinese
implicit hate speech still requires broader target coverage and stronger modeling of indirect,
culturally situated hostility.

2.2. Implicit Hate and Semantic Opacity

Implicit hate speech is characterized by a mismatch between surface form and hostile
intent. It may depend on metaphors, stereotypes, dog whistles, coded phrases, or socially
shared assumptions. ElSherief et al. introduced Latent Hatred to model implicit hate
through fine-grained categories and free-text explanations [3]. ToxiGen further showed
that implicit toxicity can be generated and evaluated at large scale, with a focus on subtle
statements about minority groups [4].

Recent work also shows that implicit hate may require broader context. Conversation-
level benchmarks indicate that hostile meaning can depend on preceding turns, community
conventions, or the interaction between speakers [22]. Multimodal studies further demon-
strate that hateful intent may emerge from the interaction between text, image, and video
signals rather than from isolated text alone [23,24]. These findings suggest that implicit
hate detection should not be treated as ordinary text classification over surface tokens.

In Chinese, implicitness is amplified by homophones, local slang, forum-specific
memes, and high-context expressions. A sentence may mention a seemingly ordinary
social topic while implicitly invoking stereotypes about gender, region, religion, nationality,
education, or social hierarchy. This motivates models that go beyond lexical matching
and represent expression style as a meaningful semantic dimension. In FICHS, this idea
is operationalized through an explicit–implicit contrastive representation space, which
provides a continuous implicitness signal for difficult-case routing.
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2.3. Contrastive Learning and Retrieval-Augmented Reasoning

Supervised contrastive learning pulls samples with the same label together and sep-
arates samples with different labels through normalized batch-level competition [25]. It
has been widely adopted for representation learning because it can improve class structure
beyond conventional cross-entropy supervision. This is useful when the model needs to
capture subtle distinctions such as explicit versus implicit expression. Retrieval-guided
contrastive learning has also been explored for hateful meme detection, indicating that
retrieval cues can complement contrastive representations in hate-related tasks [26].

Retrieval-augmented generation (RAG) combines parametric models with retrieved
external memory to improve knowledge-intensive tasks [27]. In hate speech detection,
retrieval, explanations, and external knowledge are especially useful when a text requires
social, cultural, or contextual interpretation [28,29]. Structured explanations can help
human moderators make faster and more consistent decisions, and recent evaluation work
has highlighted the importance of reasoning quality in hate speech explanations. These
studies suggest that external knowledge should be compact, interpretable, and closely tied
to the moderation decision.

FICHS adapts these ideas to Chinese implicit hate speech by using contrastive learning
for explicit–implicit representation and lightweight pattern retrieval for false-negative
recovery. Specifically, EI-SCM uses supervised contrastive learning to model the semantic
relation between explicit and implicit hate speech. SOAR uses the resulting implicitness
signal to decide when LLM adjudication is needed. PGRM then retrieves lightweight
pattern–note pairs derived from the training set to support second-round false-negative
recovery. Unlike open-domain RAG, this retrieval component is designed as a targeted and
interpretable knowledge aid for recurring socio-cultural risk patterns.

3. Methods
Figure 1 illustrates the overall architecture of FICHS. The framework first uses a

RoBERTa-based base detector enhanced with toxic knowledge features to obtain an ini-
tial hate speech prediction and classifier confidence. In parallel, the Explicit–Implicit
Supervised Contrastive Module (EI-SCM) learns an expression-aware representation space,
where explicit and implicit hateful expressions are optimized through intra-mode cohesion
and inter-mode separation, producing a semantic opacity signal for each sample.

Figure 1. Architecture of FICHS.
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The Semantic Opacity-Aware Routing and Adjudication module (SOAR) then inte-
grates the classifier confidence from the base detector and the implicitness score derived
from the contrastive representation space. Samples with low hate confidence but high
implicitness are regarded as difficult implicit cases and are selectively routed to the LLM
for prompt-based adjudication, while easier cases retain the base prediction. To further
reduce false negatives, the Pattern-Guided Retrieval-Augmented Recovery Module (PGRM)
retrieves matched risk patterns from a lightweight knowledge base through non-greedy
phrase matching and triggers a second LLM review when necessary. The final prediction is
therefore produced by combining the base detector, contrastive semantic opacity modeling,
selective LLM reasoning, and pattern-guided recovery.

3.1. Base Detector

The base detector in FICHS follows the RoBERTa+TKE setting of ToxiCN [6]. The
encoder is hfl/chinese-roberta-wwm-ext, a Chinese RoBERTa-style pretrained model
with whole-word masking [30–32]. A two-layer feed-forward classifier predicts the binary
toxicity label. The training objective for the base detector is binary cross-entropy over the
one-hot toxicity target:

oi = qψ( fθ(xi)) = [oi,0, oi,1], (1)

LBCE = − 1
NC

N

∑
i=1

C−1

∑
c=0

[yi,c log σ(oi,c) + (1 − yi,c) log(1 − σ(oi,c))]. (2)

ŷbase(xi) = arg max
c∈{0,1}

oi,c. (3)

Here, xi is the i-th input text; fθ(·) is the RoBERTa encoder with parameters θ; qψ(·)
is the two-layer feed-forward classification head with parameters ψ; oi is the raw logit
vector; oi,0 and oi,1 are the logits for the non-hate and hate classes; yi,c ∈ {0, 1} is the one-hot
ground-truth value for class c; N is the batch size; C = 2 is the number of classes; and σ(·)
is the sigmoid function. Equation (2) corresponds to the BCEWithLogitsLoss used in the
implementation, while Equation (3) corresponds to the argmax decision rule used during
evaluation.

The model was trained for five epochs using AdamW with a learning rate of 1 × 10−5,
a batch size 32, a dropout rate of 0.5, a maximum sequence length of 80, and a random seed
of 1.

3.2. Explicit–Implicit Supervised Contrastive Module

The EI-SCM module uses the expression label as supervision to model the semantic
distinction between explicit and implicit hate speech. In the implementation, only samples
with expression labels 1 and 2 are retained for contrastive learning, where explicit hate is
mapped to label 0 and implicit hate is mapped to label 1. The contrastive encoder uses
the [CLS] representation of hfl/chinese-roberta-wwm-ext, and the projection head is
a linear layer followed by tanh. Let xi denote an input text, ei ∈ {0, 1} its contrastive
expression label, f con

θ (·) the contrastive encoder, and gϕ(·) the projection head. The hidden
representation and normalized contrastive embedding are defined as

hi = f con
θ (xi)[CLS], (4)

zi =
gϕ(hi)

∥gϕ(hi)∥2
. (5)
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Here, hi is the [CLS] hidden vector, gϕ(hi) = tanh(Whi + b) is the projected vector,
W and b are projection parameters, and zi is the L2-normalized embedding used for
contrastive learning. The similarity between two samples is computed as

simij =
z⊤i zj

τ
, (6)

where τ is the temperature parameter. For a mini-batch B, the implementation constructs a
positive mask from expression labels and removes self-comparisons from the exponential
similarity matrix. The positive set and candidate set for sample i are

P(i) = {j ∈ B | j ̸= i, ej = ei}, A(i) = {j ∈ B | j ̸= i}. (7)

The supervised contrastive loss used in the code is

LSupCon = − 1
|V| ∑

i∈V
log

∑p∈P(i) exp(simip) + ϵ

∑a∈A(i) exp(simia) + ϵ
. (8)

In Equation (8), V = {i ∈ B | |P(i)| > 0} is the set of valid anchors that have
at least one positive sample in the same batch, and ϵ = 10−12 is a small constant used
for numerical stability. This formula follows the implementation more closely than the
standard averaged-positive SupCon expression: the numerator is the sum of all positive
exponential similarities, and the denominator is the sum over all non-self candidates in the
batch. The best-performing setting in our experiments uses a projection dimension of 256, a
batch size of 64, a maximum sequence length of 128, a learning rate of 3× 10−5, five epochs,
and a temperature of τ = 0.07. Although the contrastive module is trained separately from
the base classifier, it provides an embedding space for implicitness scoring and routing.

3.3. Semantic Opacity-Aware Routing and Adjudication

SOAR is designed to identify samples that are likely to be missed by the base detector
because they appear non-hateful on the surface but are close to implicit hate in the con-
trastive space. Given the base model logits oi = [oi,0, oi,1], the hate confidence is computed
using temperature-scaled softmax:

conf(xi) = pi,1 =
exp(oi,1/T)

exp(oi,0/T) + exp(oi,1/T)
. (9)

Here, T is the confidence temperature, pi,1 is the calibrated probability assigned
to the hate class, and oi,0 and oi,1 are the same logits used by the base detector. This
confidence score is used only for routing; the base classifier itself still predicts by arg max
over raw logits.

Let Dexp and Dimp denote explicit and implicit hate samples in the contrastive training
set. Their prototype centers are

cexp =
1

|Dexp| ∑
x∈Dexp

zx, cimp =
1

|Dimp| ∑
x∈Dimp

zx. (10)

For a sample x, its distances to the two prototypes are

dexp(x) = ∥zx − cexp∥2, dimp(x) = ∥zx − cimp∥2. (11)

The implicitness score is then defined as

simp(x) =
dexp(x)

dexp(x) + dimp(x) + ϵ
. (12)
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A larger simp(x) indicates that the sample is relatively closer to the implicit prototype
than to the explicit prototype. In Equations (10)–(12), Dexp and Dimp are the explicit
and implicit training subsets, cexp and cimp are their prototype centers, dexp and dimp are
Euclidean distances, and ϵ prevents division by zero. A sample is routed to the LLM
adjudicator if

r(x) = I(γlow < conf(x) < γhigh) · I(simp(x) > η) = 1. (13)

In Equation (13), I(·) is the indicator function, γlow and γhigh are the lower and upper
confidence thresholds, and η is the implicitness threshold. Following the experimental
configuration, γlow = 0, γhigh = 0.5, and η = 0.15. Thus, the routed samples are those that
the base model tends to regard as non-hate, but whose representations are sufficiently close
to the implicit hate prototype.

The final SOAR prediction is

ŷ(x) =

ŷbase(x), r(x) = 0,

ŷllm(x), r(x) = 1.
(14)

In Equation (14), ŷbase(x) is the base detector prediction and ŷllm(x) ∈ {0, 1}
is the LLM adjudication result. The LLM adjudicator used in the experiments is
doubao-1-5-pro-256k-250115. The prompt instructs the model to perform protected-
group identification, explicit attack detection, implicit attack detection, exclusion checking
for neutral contexts, and conservative binary decision making.

3.4. Pattern-Guided Retrieval-Augmented Recovery

PGRM is introduced because the LLM still misses some implicit hate samples. The
module builds a lightweight pattern knowledge base K = {(pk, nk)}M

k=1, where pk is a
high-frequency 2-gram or 3-gram pattern and nk is a human-written note describing its
possible hateful implication. To avoid information leakage, all pattern–note pairs used in
the reported development and test experiments are constructed only from the training set.
No development-set or test-set samples, labels, prediction errors, or LLM outputs are used
to construct, select, or revise the PGRM knowledge base.

For a pattern pk = (wk,1, wk,2, . . . , wk,m), PGRM compiles an order-preserving flexible
matching rule:

R(pk) = esc(wk,1) .*? esc(wk,2) .*? . . . .*? esc(wk,m), (15)

where wk,t is the t-th token in pattern pk, m is the number of tokens in the pattern, esc(·)
denotes regular-expression escaping, and .*? is the non-greedy wildcard used in the code
to allow arbitrary inserted characters while preserving token order. The hit set is

HK(x) = TopK({(pk, nk) ∈ K | R(pk) matches x}, K). (16)

In Equation (16), HK(x) is the retrieved hit list and K is the maximum number of
returned pattern–note pairs. The implementation uses K = 5. If the first LLM prediction
is non-hate, the system performs a second LLM review. When HK(x) is non-empty, the
matched pattern–note pairs are appended to the user prompt; when no pattern is matched,
the original text is reviewed again without retrieved notes. Examples of knowledge entries
include “region discrimination”, “artificial uterus”, “Lanzhou noodles”, “Chinese women”,
and “Chinese education”, each paired with a note that warns about potential stereotypes,
gender hostility, religious prejudice, or national–cultural bias.
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The final PGRM decision is

ŷ(x) =

ŷllm(x), ŷllm(x) = 1,

ŷrag(x; HK(x)), ŷllm(x) = 0.
(17)

Here, ŷrag(x; HK(x)) denotes the second-round LLM prediction conditioned on the
original text and the retrieved hit list. If HK(x) = ∅, the conditioning text contains only
the original content. Thus, PGRM follows the code-level behavior and acts as a targeted
false-negative recovery mechanism rather than a full open-domain RAG pipeline.

4. Materials and Metrics
4.1. Dataset Construction

The dataset was constructed from two sources. The first source is the original Chinese
toxic language data released by ToxiCN [6]. We retained the original ToxiCN schema and
removed samples belonging to the ambiguous general-reporting expression category, result-
ing in 11,098 cleaned samples. The second source consists of 8841 newly collected samples
from Zhihu and Baidu Tieba in March 2025. These samples were collected to expand the
target coverage of the original ToxiCN-style data space, especially for religion, nation,
physical condition, education, and hierarchy. The final dataset contains 19,939 samples and
is split into training, validation, and test sets in an 8:1:1 ratio.

Each sample contains the text content, platform, target category, binary toxicity label,
hate intensity label, expression label, target one-hot vector, and text length. The binary
toxicity label is defined as non-hate or hate. Hate intensity has three levels: non-hate,
offensive, and hate. Expression type has three labels: non-hate, explicit hate, and implicit
hate. The target categories are LGBT, region, gender, race, religion, nation, physical condi-
tion, education, and hierarchy. The detailed distribution of these categories and labels is
summarized in Table 1.

Table 1. Distribution of the final dataset.

Field Category Count

Platform Zhihu 11,423
Platform Baidu Tieba 8516

Target Region 2370
Target Hierarchy 1971
Target Nation 2160
Target Race 4774
Target Gender 2875
Target Education 1038
Target LGBT 1997
Target Physical condition 708
Target Religion 2046

Toxicity Non-hate 10,832
Toxicity Hate 9107

Hate intensity Non-hate 10,832
Hate intensity Offensive 1188
Hate intensity Hate 7919

Expression Non-hate 12,019
Expression Explicit 4741
Expression Implicit 3179

https://doi.org/10.3390/app16157486

https://doi.org/10.3390/app16157486


Appl. Sci. 2026, 16, 7486 9 of 16

The newly added target categories are religion, nation, physical condition, education,
and hierarchy. These categories reflect frequent Chinese social media topics where implicit
hostility is often embedded in jokes, coded words, or apparently neutral social commentary.
The average text length of the final dataset is 36.10 Chinese characters.

For the newly collected portion, we followed a target-oriented sampling strategy.
Candidate posts were retrieved using topic terms related to the five added categories,
including religion-related discussions, country and nationality terms, physical-condition
and health-related expressions, education-related discussions, and hierarchy- or social-
status-related terms. We removed empty posts, clearly irrelevant posts, duplicate or
near-duplicate entries, and samples that could not be consistently mapped to the adopted
toxicity, intensity, expression, and target schema.

4.2. Annotation Guidelines

The annotation schema and procedure were adapted from the hierarchical toxic-
language annotation framework of ToxiCN [6]. For the inherited ToxiCN portion, we
retained the original annotations after removing samples belonging to the ambiguous
general-reporting expression category. For the newly collected portion, we applied the same
hierarchical annotation logic and normalized all labels into the same schema, including
binary toxicity, hate intensity, target category, and expression type.

Each newly collected sample was annotated by at least three annotators. Following
the ToxiCN annotation procedure, the annotators first determined whether the text was
hateful and then assigned its hate intensity, expression type, and target category. The final
annotation was determined by majority voting. Before formal annotation, the annotators
were familiarized with the ToxiCN annotation framework and the operational definitions
adopted in this study.

A sample was marked as hateful if it attacked, demeaned, excluded, or expressed
hostility toward a protected or socially salient group rather than merely criticizing an
individual. Explicit hate was defined as direct hostility using insults, stigmatizing labels,
dehumanization, or exclusionary language. Implicit hate was defined as indirect hostility
conveyed through stereotypes, microaggressions, irony, metaphors, coded references, or
seemingly humorous expressions. Neutral academic, legal, historical, or news discussions,
as well as condemnation of hate speech, were marked as non-hate when no hostile intent
was expressed.

4.3. Evaluation Metrics

We report the weighted F1 score, precision, recall, class-wise F1 scores, and loss.
Weighted F1 score is used as the primary metric because the dataset is moderately imbal-
anced between non-hate and hate classes. To analyze the value of LLM adjudication, we
additionally compute the net correction effect:

∆llm = N(base wrong, llm correct)− N(base correct, llm wrong). (18)

In Equation (18), N(base wrong, llm correct) is the number of disagreement cases in
which the LLM corrects a base-model error, while N(base correct, llm wrong) is the number
of disagreement cases in which the LLM introduces an error. A positive ∆llm indicates that
LLM adjudication is beneficial under the routing condition.

5. Results
5.1. Base Detector Performance

Table 2 reports the performance of the RoBERTa+TKE base detector on the develop-
ment and test sets. The base detector achieves a development weighted F1 score of 0.8288
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and a test weighted F1 score of 0.8025. The test result is close to the best result reported for
the original baseline setting, but it remains limited on implicit and boundary cases.

Table 2. Performance of the RoBERTa+TKE base detector.

Split Weighted F1 Class-Wise F1 Precision Recall

Development 0.8288 [0.8482, 0.8025] 0.8302 0.8281
Test 0.8025 [0.8240, 0.7740] 0.8034 0.8021

The class-wise F1 scores show that the hate class is harder to classify than the non-hate
class. On the test set, the non-hate F1 score is 0.8240, whereas the hate F1 score is 0.7740.
This 5.00-point gap is consistent with the task motivation: many hateful samples do not
contain direct lexical cues and are therefore more likely to be missed by a surface-sensitive
classifier. The similar values of weighted F1 score, precision, and recall also indicate that
the base detector is not strongly biased toward either precision or recall; its main weakness
lies in the semantic difficulty of the positive class.

5.2. Contrastive Representation Analysis

The contrastive module is not used as a standalone toxicity classifier. Instead, it
provides an explicit–implicit semantic space for implicitness estimation. With a projection
dimension of 256, a temperature of 0.07, and a batch size of 64, the module reaches a
test kNN accuracy of 0.6816 and a kNN ROC AUC of 0.6738 for explicit versus implicit
expression classification. The silhouette score is low and is therefore interpreted cautiously.
More importantly, the prototype-based implicitness scores show a clear distributional
difference between explicit and implicit samples, as shown in Table 3.

These results indicate that, although explicit and implicit hate speech are not per-
fectly separable, the contrastive embedding space provides a useful continuous signal for
detecting semantically opaque samples.

Figure 2 visualizes the mean implicitness scores. The development-set gap between
implicit and explicit samples is 0.212, while the test-set gap is 0.185. The gap narrows on
the test set, suggesting distributional variability, but it remains large enough to support
threshold-based routing. This is why we use the score as an auxiliary signal rather than as
an independent classifier.

Figure 2. Mean implicitness scores for explicit and implicit hate speech on the development and
test sets. The larger implicit scores for implicit samples support the use of the contrastive space as a
routing signal.

https://doi.org/10.3390/app16157486

https://doi.org/10.3390/app16157486


Appl. Sci. 2026, 16, 7486 11 of 16

Table 3. Prototype-based implicitness score distributions.

Split Expression Mean Median Std. Min. Max.

Development Explicit 0.333 0.273 0.191 0.118 0.820
Development Implicit 0.545 0.578 0.201 0.145 0.834
Test Explicit 0.336 0.268 0.197 0.120 0.800
Test Implicit 0.521 0.543 0.207 0.127 0.827

5.3. Effect of SOAR

Table 4 reports the performance on the development and test sets after adding SOAR.
Adding SOAR improves the weighted F1 score from 0.8288 to 0.8504 on the development
set and from 0.8025 to 0.8271 on the test set. Precision and recall also improve simultane-
ously, suggesting that selective LLM adjudication does not merely trade one type of error
for another.

Table 4. Effect of Semantic Opacity-Aware Routing and Adjudication.

Split Weighted F1 Class-Wise F1 Precision Recall

Development 0.8504 [0.8606, 0.8394] 0.8524 0.8508
Test 0.8271 [0.8389, 0.8146] 0.8290 0.8276

The disagreement analysis further supports the value of selective adjudication. On the
development set, among base-model errors, 80 samples are corrected by the LLM, while
36 originally correct base predictions are changed incorrectly, yielding a net correction of
+44. On the test set, 109 samples show disagreement between the base model and LLM;
80 are cases where the LLM is correct and 29 are cases where the base model is correct,
yielding a net correction of +51. This shows that, when disagreement occurs under the
SOAR routing condition, trusting the LLM is beneficial overall.

Table 5 clarifies why SOAR improves both precision and recall. Among the
routed/error cases, the LLM corrected 80 base-model errors, introduced 29 reversals where
the base model was correct, and failed on 132 cases where both systems produced incorrect
predictions. The LLM does introduce errors, but the number of corrected base-model
errors is substantially larger than the number of newly introduced errors. In addition, the
“both wrong” column indicates that the remaining difficult cases are not merely classifier-
boundary errors. They often require additional socio-cultural cues, which motivates the
PGRM stage.

Table 5. Disagreement analysis for LLM adjudication.

Split Base Wrong,
LLM Correct

Base Correct,
LLM Wrong Both Wrong Net Correction

Development 80 36 109 +44
Test 80 29 132 +51

5.4. Effect of PGRM

PGRM further improves performance after SOAR by recovering additional false
negatives. The development weighted F1 increases from 0.8504 to 0.8636, and the test
weighted F1 score increases from 0.8271 to 0.8391. Table 6 reports the final results.

The gain from PGRM indicates that some difficult samples are not only semantically
implicit but also tied to recurring social topics or coded patterns. When the prompt
includes matched pattern-level notes, the LLM is better able to reconsider texts that initially
appear neutral.
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Table 6. Performance after Pattern-Guided Retrieval-Augmented Recovery.

Split Weighted F1 Class-Wise F1 Precision Recall

Development 0.8636 [0.8714, 0.8558] 0.8684 0.8638
Test 0.8391 [0.8484, 0.8297] 0.8428 0.8396

Table 7 reports all standalone LLM baselines under the same setting. Under this
unified evaluation protocol, FICHS outperforms the strongest standalone LLM baseline by
4.43 percentage points in terms of weighted F1 score. The improvement is also reflected in
the hate-class F1 score, where FICHS achieves 0.8297 compared with 0.7576 for Qwen3-235B-
A22B. These results suggest that directly replacing the detector with a general-purpose LLM
is not sufficient for this task. FICHS provides a more effective alternative by combining a
task-specific detector with selective LLM adjudication.

Table 7. Comparison of standalone LLM baselines and FICHS on the test set.

Method Best Weighted F1 Class-Wise F1 Precision Recall

GPT-4o 0.7527 0.8146, 0.6758 0.7893 0.7641
DeepSeek-V3 0.7400 0.7849, 0.6843 0.7463 0.7441
Qwen3-32B 0.7836 0.7893, 0.7766 0.7932 0.7831
Doubao-1.5-Pro 0.7558 0.8190, 0.6773 0.7981 0.7681
Qwen3-235B-A22B 0.7948 0.8248, 0.7576 0.7977 0.7966
FICHS 0.8391 0.8484, 0.8297 0.8428 0.8396

5.5. Ablation Summary

Table 8 summarizes the incremental contribution of each FICHS component. Compared
with the base detector, FICHS improves the weighted F1 score on the test set by 3.66 percent-
age points, precision by 3.94 percentage points, and recall by 3.75 percentage points.

Table 8. Ablation comparison on development and test sets.

Split Method Weighted F1 Precision Recall

Development Base detector 0.8288 0.8302 0.8281
Development Base + SOAR 0.8504 0.8524 0.8508
Development Base + SOAR + PGRM 0.8636 0.8684 0.8638

Test Base detector 0.8025 0.8034 0.8021
Test Base + SOAR 0.8271 0.8290 0.8276
Test Base + SOAR + PGRM 0.8391 0.8428 0.8396

Table 9 shows that SOAR contributes the larger single-stage gain, while PGRM pro-
vides a smaller but consistent second-stage improvement. The test-set gain from SOAR
is slightly larger than its development-set gain, suggesting that semantic-opacity rout-
ing generalizes beyond the development set. PGRM also improves precision and recall
together, which indicates that retrieval notes are not simply making the system more ag-
gressive; rather, they help the LLM recover specific false negatives without causing a large
precision collapse.

Figure 3 makes the additive pattern of FICHS visible. The base detector provides the
initial decision boundary, SOAR supplies the largest jump by using LLM reasoning only on
routed difficult cases, and PGRM adds a second but stable gain by correcting remaining
LLM false negatives. The same trend appears on both the development and test sets, which
supports the robustness of the overall FICHS pipeline.
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Table 9. Incremental metric gains from each module.

Split Increment ∆F1 ∆Precision ∆Recall

Development SOAR over Base +0.0215 +0.0222 +0.0226
Development PGRM over SOAR +0.0133 +0.0160 +0.0131
Development Full over Base +0.0348 +0.0382 +0.0357

Test SOAR over Base +0.0246 +0.0256 +0.0255
Test PGRM over SOAR +0.0120 +0.0138 +0.0120
Test Full over Base +0.0366 +0.0394 +0.0375

Figure 3. Weighted F1 score comparison across FICHS components. Bar heights are scaled from
0.78 to emphasize incremental gains.

6. Discussion
The results show that implicit hate speech detection benefits from a division of labor

between a compact task-specific detector, representation-level implicitness estimation, and
selective LLM-based reasoning. The base detector handles most samples efficiently, while
EI-SCM supplies a semantic opacity signal that is not directly available from classifier logits.
SOAR then uses this signal to identify low-confidence and high-implicitness samples for
LLM adjudication. This is important because LLMs are expensive and not always reliable
as full replacement classifiers; selective routing concentrates their reasoning ability on
samples where the base model is most vulnerable.

PGRM provides another layer of improvement by making socio-cultural risk patterns
explicit. Unlike conventional RAG, which retrieves long documents from an external corpus,
PGRM retrieves compact pattern–note pairs that are directly tied to Chinese implicit hate
contexts. This design is lightweight, interpretable, and easy to update when new coded
expressions emerge. It also aligns with practical moderation needs: reviewers need not
only a label but also a clue about why a seemingly ordinary topic may carry hateful intent.

Several limitations remain. First, although the dataset supports richer tasks such
as hate intensity, target classification, and expression classification, the current pipeline
is evaluated primarily as a binary hate detector. This setting is useful for comparison
with existing moderation-oriented benchmarks, but future work should extend FICHS to
multi-task prediction over toxicity, intensity, target group, and expression type. Second,
the LLM adjudicator is treated as a black-box component, and its behavior may change
across model versions, decoding settings, or safety policies. This affects reproducibility
and long-term deployment, so future applications should record model versions, prompts,
inference parameters, and safety settings, and should periodically re-evaluate the adju-
dicator after model updates. Third, because the data are drawn from Zhihu and Baidu
Tieba, additional validation is needed before applying the system to other Chinese plat-
forms, short-video comments, microblogs, or multimodal content. In particular, future
work should evaluate FICHS on additional Chinese social media platforms and explore
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automatic or semi-automatic expansion of the pattern knowledge base to improve cross-
platform external validity. Finally, the pattern knowledge base relies on human-written
notes, which improves interpretability but may introduce annotator bias when culturally
situated or ambiguous expressions are interpreted. Future versions of PGRM should incor-
porate multi-annotator note construction, adjudication, bias auditing, and periodic revision
to reduce this subjectivity.

7. Conclusions
This paper proposed FICHS, a fine-grained and implicit Chinese hate speech detec-

tion framework based on contrastive learning and retrieval-augmented adjudication. We
expanded the dataset to 19,939 samples with nine target categories and introduced three
complementary modules: EI-SCM for explicit–implicit semantic representation, SOAR
for low-confidence high-implicitness routing to an LLM, and PGRM for pattern-guided
false-negative recovery. Experiments demonstrate that FICHS consistently improves de-
velopment and test performance over the RoBERTa+TKE base detector, increasing the
weighted F1 score on the test set from 0.8025 to 0.8391. The findings suggest that implicit
hate speech detection should combine learned semantic geometry with selective reason-
ing and explicit socio-cultural knowledge, rather than relying on either small classifiers
or LLMs alone. Future research could explore multimodal extensions and cross-lingual
transfer of FICHS, with appropriate language- and culture-specific adaptation.
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