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Abstract—Hate speech detection faces significant challenges
due to inconsistent criteria across datasets, rooted in inherent
subjectivity and annotation bias. This paper argues that the
core of this task lies in deep adaptation to specific annotator
stances within particular scenarios rather than merely fitting
data distributions across dataset. Inspired by the Dual-Process
Theory in human cognitive science, we propose DCAdapt, a dual-
cognition driven framework for adaptive hate speech detection
that achieves high adaptability by simulating the synergy between
intuitive association and logical calibration. The framework
decomposes the detection task into two collaborative stage:
decoupled dual-knowledge base construction and dual-pathway
cognitive reasoning. In the construction stage, a mutual-indexing
mechanism decouples objective knowledge from subjective prece-
dents to achieve synergistic modeling of general knowledge and
annotation criteria. In the reasoning stage, the framework emu-
lates the decision sequence from affective association to rational
judgment: an implicit pathway leverages a general knowledge
base to uncover latent contextual clues, while an explicit pathway
employs a specialized knowledge base to enforce semantic con-
straints and stance alignment based on precedents for informed
adjudication. This dual-pathway coordination enables DCAdapt
to guide Large Language Models (LLMs) to precisely identify
complex decision boundaries and align with target-scenario anno-
tation stances. Experimental results demonstrate that DCAdapt
exhibits superior effectiveness, architectural flexibility, and cross-
scenario transferability, particularly in detecting complex and
implicit hate speech.

Index Terms—Hate speech detection, Content moderation,
Knowledge enhancement, Dual-process theory.

I. INTRODUCTION

Warning: This paper contains examples of content that is
offensive and may be upsetting.

With the rapid development of social media, online net-
works have become the primary battleground for public opin-
ion in today’s digital era. Hate speech, leveraging the strong
connectivity of social platforms, spreads rapidly and exhibits
significant viral propagation patterns [1], [2]. Consequently,
investigating effective detection methods is crucial for pu-
rifying the online environment and maintaining cyberspace
order. However, there currently exists no unified annotation
criteria for hate speech, with classification criteria often drift-
ing based on annotators’ subjective cognitive factors such as
cultural background, value orientation, and life experiences.

*Cheng Ouyang is the corresponding author.
Code is available at https://github.com/xizhong/DCAdapt.

A typical example is that the same statement may exhibit
vastly different levels of offensiveness toward different de-
mographic groups due to variations in societal sensitivity.
Researchers have identified substantial discrepancies in anno-
tation criteria across various hate speech detection datasets
[3]–[5], with these differences rooted in annotators’ cultural
backgrounds, annotation objectives, annotation methodologies,
label granularity, and data collection approaches. This leads to
identical text being categorized into entirely different classes
under varying benchmarks. Fasching et al. [6] evaluated the
performance of mainstream LLMs in hate speech detection,
revealing significant inconsistencies in classification results
for identical content across models. Notably, these disparities
are particularly pronounced when addressing content targeting
different demographic groups. This inherent subjectivity and
potential annotator bias highlight the task’s high sensitivity to
detection contexts, significantly increasing its complexity [3],
[4], [7]–[11].
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Fig. 1. Comparison between universal generalization and adaptive alignment
paradigms. (a) Existing methods often focus on fitting a joint distribution to
establish universal criteria. (b) Our proposed DCAdapt explicitly acknowl-
edges subjectivity and achieves self-adaptation to diverse dataset criteria.

To address the aforementioned challenges, existing research
primarily focuses on cross-dataset model generalization as
an optimization objective to mitigate discrepancies in toxic-
ity annotation standards across datasets. Methods based on
pre-trained language models learn latent toxicity boundaries
through fine-tuning [11]–[16] and utilize emotional signals
or prompt engineering to enhance representation capabilities.
The emergence of LLMs has driven the detection paradigm



toward generative reasoning, with works like [17], [18] demon-
strating their potential in hate speech detection. Furthermore,
knowledge-enhanced approaches incorporate annotated data
or fine-grained knowledge as prompts [19]–[22] to provide
decision-making references for model judgment. Recent stud-
ies [4], [23] have highlighted the over-sensitivity issue in
LLMs for hate speech detection, prompting the research
community to explore solutions. PREDICT [3] propose multi-
agent fitting of different annotation perspectives with ensemble
learning voting to enhance generalization, while Yao et al.
[24] improve decision accuracy in complex scenarios through
personalized rules and high-quality example retrieval. How-
ever, these approaches still fail to fundamentally address the
scenario adaptation challenges for diverse annotation criteria.
However, these methods still fail to fundamentally solve the
problem of scenario adaptation for diverse annotation stan-
dards. As illustrated in Fig 1, existing methods typically aim
to design a unified model with cross-dataset generalization by
fitting the joint distribution f(y|X,A, I,R) to establish univer-
sal criteria. While this approach enhances out-of-distribution
generalization performance, it implicitly balances different
dataset standards and overlooks inherent differences in annota-
tion contexts, making it difficult to precisely identify decision
boundaries under specific cultural backgrounds or annotation
objectives. Given that subjectivity and bias are inherent at-
tributes of this task, this paper explicitly acknowledges these
phenomena and proposes a detection framework capable of
self-adapting to diverse dataset annotation standards.

To achieve precise adaptation to diverse annotation criteria,
we propose DCAdapt, a dual-cognition driven framework for
adaptive hate speech detection, which transforms human cog-
nitive processes of implicit association and explicit reasoning
into computable knowledge-enhanced pathways [25], [26].
The framework decomposes the task into two collaborative
stages: decoupled dual-knowledge base construction and dual-
pathway cognitive reasoning. The framework comprises two
decoupled knowledge engines: a general knowledge base,
which facilitates broad general knowledge activation for fast
thinking through a dual-layered semantic network of entities
and abstract groups, and a specific knowledge base, which in-
tegrates domain-specific discriminative criteria via a collection
of annotated exemplars. Furthermore, this decoupled design
not only enables the extraction of cross-scenario general
knowledge but also establishes dynamic correlations between
general knowledge and specific precedents through mutual-
indexing mechanisms. During the reasoning stage, DCAdapt
synergizes dual cognitive pathways by mimicking expert-level
reasoning. It first activates the implicit cognition pathway to
trigger multi-hop associations via semantic graphs, enabling
intuitive semantic expansion of text clues. Subsequently, it
switches to the explicit cognition pathway, utilizing the spe-
cific knowledge base as a stance anchor point to perform
rigorous logical screening of associated clues through semantic
consistency verification. This mechanism ensures that the in-
formation delivered to LLMs is both contextually enriched and
ideologically aligned with the target scenario. Consequently,

DCAdapt guides the model toward robust judgment at complex
decision boundaries while maintaining superior cross-dataset
adaptability.

Compared to existing retrieval-augmented generation
(RAG) methods [19], [22] or knowledge reasoning (KGQA)
methods [21], this paper successfully transforms originally
implicit and fragmented contextual knowledge into explicit
knowledge through dual-layer graph-based multi-hop asso-
ciation mining. This completion of background information
bridges the cognitive gap between surface-level statements and
underlying hate logic, making decision boundaries intuitive
and identifiable with rich evidence support. When the frame-
work can trace back to strongly explanatory evidence chains of
evidence, the LLM can escape from context-based speculative
judgments, fundamentally mitigating misjudgments and over-
sensitivity caused by contextual ambiguity. Moreover, this
decoupled design grants the framework strong cross-scenario
adaptability: the general commonsense network can be con-
tinuously accumulated, while adapting to a new detection task
only requires dynamically updating the specialized knowledge
base, providing a new path for flexible and precise adaptive
hate speech detection.

The contributions of this paper are as follows:

1) We propose DCAdapt, a dual-cognition driven framework
for adaptive hate speech detection. This framework discards
the conventional approach of fitting cross-data distributions,
instead leveraging the scenario-specific variations in anno-
tation criteria. By providing LLMs with stance-explicit and
semantically complete context information, DCAdapt achieves
precise adaptation to new dataset standards without retraining,
effectively addressing the core challenge of model adaptation
under inconsistent criteria.

2) We construct a decoupled dual-knowledge base architec-
ture based on the mutual-indexing mechanism. The general
knowledge base accumulates cross-dataset general semantic
knowledge graphs, while the specialized knowledge base
maintains toxic judgment precedents for the target domain.
This design enables flexible switching of discriminative stan-
dards and independent evolution of general knowledge base.

3) We introduce dual-cognitive mechanisms to guide the
framework’s dynamic reasoning process. The fast thinking
mode mode corresponds to an implicit cognitive pathway
that performs rapid association mining within the general
knowledge base to capture latent correlation clues. The slow
thinking mode executes an explicit cognitive pathway that
performs logical filtering based on the specialized knowledge
base to guide deep reasoning. This mechanism emulates the
decision sequence from intuitive association to rational judg-
ment, ensuring consistent detection stances.

4) Extensive experiments across two representative hate
speech datasets. Results validate DCAdapt’s effectiveness,
flexibility, and cross-scenario adaptability in handling complex
standard drift scenarios.



II. RELATED WORK

Current research on fine-tuning models for hate speech
detection primarily focuses on the construction of fine-grained
datasets and the optimization of training strategies. In the data
dimension, researchers have developed specialized corpora
targeting youth internet slang [16], child protection [27] and
Chinese linguistic features [28], while exploring pseudo-label
generation using high-performance models to assist manual
annotation [29]. Regarding training strategies, HateBERT [12]
and multi-source feature fusion models [30] have enhanced
hate semantic capture through domain-adaptive pre-training,
whereas SHAREDCON [14] introduced contrastive learning
for implicit hate feature identification. Despite these advance-
ments, task-adaptive frameworks [31] and reasoning-enhanced
fine-tuning strategies [32] have significantly improved model
generalization and robustness. However, the traditional fine-
tuning paradigm possesses inherent limitations; due to its
heavy reliance on static subjective annotations and prolonged
model update cycles, it struggles to meet the demands for
rapid standard iteration and agile response to dynamic safety
guidelines in content moderation [20].

To overcome the temporal latency of fine-tuning methods,
Retrieval-Augmented Generation has achieved a transition
from parametric classification to a retrieval-and-compare judg-
mental paradigm by incorporating externally updated knowl-
edge bases [19]. Researchers have utilized vector databases
containing safety exemplars [20], multilingual corpora [22],
or specific compliance policy documents [19] as augmented
contexts, enhancing deployment flexibility and decision in-
terpretability in zero-shot scenarios. Additionally, frameworks
like ED2D [33] have introduced multi-agent debate mecha-
nisms to strengthen judgmental evidence persuasiveness. De-
spite the flexibility advantages, vanilla retrieval models rely
excessively on query-document semantic similarity. When
faced with semantically ambiguous or implicit toxic content,
retrieval lacking structural guidance often introduces irrelevant
documents, leading to semantic drift and consequent misjudg-
ment [21].

In contrast to retrieval-augmented approaches, graph-
enhanced retrieval and Knowledge Graph Question Answering
provide new pathways for handling complex hate reasoning by
injecting structured semantic relationships into LLMs. While
advanced frameworks like HippoRAG [34] and ToG [35] have
emerged in general domains to suppress hallucinations and
optimize retrieval efficiency, their application in hate speech
detection remains in early stages. Zhao et al. [21] conducted
representative exploration by constructing the first Meta-Toxic
knowledge graph to explicitly represent toxic concept hi-
erarchies through structured triplets. However, compressing
complex hate judgments into discrete triplets inevitably leads
to contextual association loss and subtle semantic detail degra-
dation, thereby inhibiting the model’s ability to recognize
implicit hate and cross-cultural expressions. HA-GCEN [36]
and StereoGraph [37] have attempted hypergraph structures
and domain ontologies for implicit bias capture, but balanc-

ing graph structural advantages with textual context richness
remains a critical challenge facing the academic community.

III. DCADAPT FRAMEWORK

We propose DCAdapt, a dual-cognition driven framework
for adaptive hate speech detection (Fig 2). The DCAdapt
framework comprises five core modules that span the entire
pipeline from decoupled dual-knowledge base construction to
dual-process cognitive reasoning. During the construct stage,
the framework includes the general knowledge base con-
struction, specialized knowledge base construction, mutual-
indexing construction. The reasoning stage consists of two
sequential pathways: implicit cognitive pathway reasoning and
explicit cognitive pathway reasoning.

A. General Knowledge Base Construction

The fine-grained knowledge graph layer of the general
knowledge base is composed of triplets consisting of head
entities, relations, and tail entities. We leverage LLMs to
extract these triplets from raw texts, thereby constructing a
fine-grained general knowledge base. Following conventional
knowledge graph practices, we adopt entity types including
People, Location, Organization, Event, and appropriately an-
notate each entity with its corresponding type. To enhance
semantic coherence and resolve ambiguities, we generate de-
tailed descriptive information for each entity based on context
clues, creating unique identifiers through joint representa-
tions of entity names and semantic descriptions. Relations
denote factual connections between head and tail entities,
while relation descriptions provide in-depth interpretations
of these connections. To address knowledge redundancy and
achieve standardization, we perform semantic matching across
global entities and relations using semantic similarity metrics,
merging semantically equivalent or closely related entities and
relations.

Due to the potential issues of knowledge fragmentation,
obsolescence, or incompleteness in fine-grained knowledge
bases constructed from limited samples, mismatches may arise
during the reasoning stage. Consequently, we introduce the
concept of target groups from the toxicity detection domain,
which represents the groups or individuals targeted by hate
speech [38]. In this section, following the definitions provided
by [39], we extend the group concept to non-toxic data. This
definition outlines 13 social groups, such as Asians, Black
people, Muslims, and Women. Nevertheless, these groups
primarily focus on Person-type entities and fail to encompass
other entity types. Given that Location, Organization, and
Event entities exhibit strong characteristics of individual inde-
pendence and are difficult to classify into finer subcategories,
we directly incorporate these four entity types as distinct
groups. This results in a total of 17 groups, comprising the
13 social groups and the 4 fundamental entity types, which
serve as the basis for the coarse-grained knowledge base.

By associating fine-grained entities with their respective
groups, we establish a logical bridge between multi-granular
knowledge. This coarse-grained knowledge, characterized by
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Fig. 2. The architecture of the DCAdapt framework. It features a decoupled dual-knowledge base construction stage linked by a mutual-indexing mechanism,
followed by a dual-pathway cognitive reasoning stage.

a high level of abstraction, provides a broader universal
semantic context, effectively compensating for the limitations
of fine-grained clues in complex or weakly associated contexts,
thereby ensuring the robustness of the knowledge-enhanced
process. The text sources for constructing this general knowl-
edge graph are derived from the training set of specific
datasets. Since the general knowledge base does not involve
toxicity supervision signals, it can be further supplemented and
expanded using other real-world corpora or existing knowl-
edge bases.

B. Specialized Knowledge Base Construction

The specialized knowledge base is designed to integrate
domain-specific labeled datasets by mining the underlying
discriminative logic embedded within samples, thereby ad-
dressing the absence of annotated signals in general-purpose
knowledge bases. The annotated samples provide precise cri-
teria and decision boundaries for toxicity classification. To
further enhance the interpretability and logical coherence of
these cases, rationales for toxicity judgments are generated
for each labeled sample using LLMs. The original text, an-
notation labels, and judgment rationales are then structurally
reorganized to form reference cases that are context-rich and
annotated-signal-dense. The specialized knowledge base not
only offers authoritative annotation references for specific
datasets but also achieves explicit representation of domain
expertise through rationale injection, enabling models to reach
consistent judgments at complex decision boundaries.

C. Mutual-Indexing Construction

Drawing inspiration from the decoupling philosophy of
KAG [40], the mutual-indexing mechanism establishes a

loosely coupled association between the commonsense nodes
in the general knowledge base and the toxic precedents in
the specialized knowledge base. This architecture allows the
general knowledge base to continuously accumulate and ex-
pand semantic knowledge across diverse datasets while ensur-
ing that the specialized knowledge base maintains specified
judgmental criteria. Through the mutual-indexing mechanism,
the framework dynamically maps abstract clues from the raw
text to the most relevant reference precedents.

Specifically, the general knowledge base functions as a dual-
layer semantic network, where fine-grained triplets and coarse-
grained group knowledge provide objective facts that without
direct toxicity annotation signals. In contrast, the specialized
knowledge base, composed of annotated samples, serves as
the primary source of judgmental criteria and supervisory
signals. To bridge this gap, we employ the mutual-indexing
mechanism to build bidirectional links between the entities
and relations in the general knowledge base and the annotated
samples in the specialized knowledge base. By implementing
bidirectional associations between general knowledge base
entities/relationships and specialized knowledge base anno-
tated samples, the framework ensures that whether retrieval
hits specific entities or abstract patterns, it can trace back
to explanatory case precedents through the mutual-indexing
mechanism. This loosely coupled connection grants DCAdapt
significant flexibility: the framework can seamlessly switch
between different dataset standards or respond to dynamic
drifts in annotation criteria within the specialized knowledge
base.



D. Implicit Cognitive Pathway Reasoning

During the implicit cognitive pathway reasoning stage,
DCAdapt simulate human intuitive responses when encoun-
tering information, aiming to achieve intuition-driven clue
expansion based on a general knowledge base through rapid
semantic association. For text under detection, the framework
first performs multi-granularity clue extraction: at the fine-
grained level, it utilizes LLMs to extract fact triples and in-
dependent entities, generating context descriptive information
to align with knowledge base content; at the coarse-grained
level, the framework aggregates all mentioned entities in the
text and maps them to predefined group according to target
object, establishing multi-level initial semantic anchors.

Subsequently, the framework proceeds to the cross-graph
knowledge awakening stage. It employs pre-trained language
models to semantically encode the extracted clues and their
descriptions, integrating them into the general knowledge base
based on consistency principles. Centering on activated knowl-
edge nodes, the framework executes a multi-hop neighborhood
search to recall closely associated general knowledge. This
process bypasses complex logical deduction, relying instead
on semantic diffusion mechanisms to link fragmented and
implicit adversarial intent in text with macro-level contextual
knowledge. Through this intuition-based context completion,
the implicit cognitive pathway effectively externalizes latent
semantics underlying textual surfaces, establishing a robust
contextual foundation for subsequent rational analysis by the
explicit cognitive pathway.

E. Explicit Cognitive Pathway Reasoning

After contextual completion of the implicit pathway, the
framework transitions to the explicit cognitive pathway. This
pathway emulates a judge delivering a rigorous verdict based
on precedents, aiming to impose logical constraints and ra-
tional verification on intuitive clues through external criteria.
Leveraging the mutual-indexing mechanism, the framework
precisely maps activation paths from the general knowledge
base to annotated precedents in the specialized knowledge
base. For fine-grained clues, the framework directly traces
their corresponding precedent texts, while for coarse-grained
clues, it aggregates the flow of precedents under specific group
knowledge clusters. All retrieved cases are then reranked and
filtered based on their semantic similarity to the target text,
thereby extracting decision rationales highly relevant to the
current context.

To eliminate potential biases arising from imbalanced sam-
ple distributions, the framework selects an equal number of
toxic and non-toxic annotated cases as stance references. These
reference cases, containing original texts, explicit toxicity
labels, and in-depth judgment rationales, are integrated into
prompt templates to guide the decision-making process of
LLMs. At this stage, the LLM functions as a judge, performing
a rigorous reasoning for toxic detection on the clues provided
by the implicit pathway according to the annotation boundaries
and logical principles defined in the reference cases. Through

TABLE I
GENERAL KNOWLEDGE BASE STATISTICS

Samples Entities Relations

HateXplain 15,383 16,980 19,242

IHC 19,332 16,273 18,880

MERGE 34,715 30,321 38,087

this precedent-based stance calibration, the framework ulti-
mately outputs highly interpretable detection results that align
with the specific situational constraints and annotation stances.

IV. EXPERIMENTS

This section introduces the datasets and evaluation metrics
used in our study. We also outline the comparative methods
and experimental settings. Finally, we analyze the experimen-
tal results and discuss the generalizability of the approach.

A. Experimental Settings

We construct two individual knowledge database based on
HateXplain [41] and IHC [42], and the training-test split
follows MetaTox [21]. The training set for the MERGE
database is compiled by merging the training sets of the two
aforementioned datasets, while the test set remains consistent
with that of the individual datasets. Samples from training
set are employed to build both general knowledge base and
specialized knowledge base. The proposed framework is then
evaluated using the test set. Table I provides the statistical
information regarding the general knowledge bases.

We use macro F1-score to evaluate various classifiers for
hate speech detection, which measures the harmonic mean
of precision and recall. The macro F1-score is computed
by averaging the individual F1-scores for toxic speech and
non-toxic speech categories, thereby assigning equal signif-
icance to each class and offering a balanced performance
evaluation. The baseline methods include Vanilla LLM, RAG,
and KGQA. Specifically, we utilize MetaTox [21] as the
KGQA method. To the best of our knowledge, it is the only
approach that integrates LLM with knowledge enhancement
for hate speech detection. The pre-trained BAAI/bge-m3 [43]
model is employed as the semantic representation model for
knowledge alignment and case filtering. During decoupled
dual-knowledge base construction stage, the LLM utilized is
Qwen2.5-14B-Instruct (Qwen) [44]. In the dual-pathway cog-
nitive reasoning stage, both Qwen and Llama3.1-8B-Instruct
(Llama) [45] are employed. For a fair comparison with current
RAG and KGQA approaches, the main experiment employs 1-
hop retrieval from the general knowledge base while retaining
3 pairs for the specialized knowledge base.

B. Main Results

The main experimental results of our method are presented
in Table II, where the experimental results for Vanilla LLM,
RAG, and MetaTox are sourced from MetaTox [21]. The
DCAdapt method in the table utilizes the same dataset for both



decoupled dual-knowledge base construction stage and dual-
pathway cognitive reasoning stage, whereas DCAdapt-ME
denotes a scenario where the general knowledge base employs
MERGE dataset while specialized knowledge bases use their
respective datasets, with validation conducted on correspond-
ing datasets. Compared to baseline methods, DCAdapt demon-
strates significantly superior performance across two LLMs
with different parameter scales on two datasets, highlighting
the effectiveness of our proposed approach in perceiving and
understanding toxic criteria. Under the DCAdapt-ME setting,
general knowledge base aggregates knowledge clues from
two databases, constructing a more comprehensive semantic
network. The additional performance improvement achieved
by DCAdapt-ME also indicates that associating reasoning with
context that is clearly positioned, semantically complete, and
multifaceted can enhance the detection of toxic speech.

TABLE II
MAIN RESULTS OF DCADAPT

Backbone
LLM Method

HateXplain IHC

Acc F1 Acc F1

Qwen

Vanilla LLM 70.95 64.04 66.34 66.32

RAG 73.13 70.18 66.71 66.67

MetaTox 73.39 72.48 73.65 69.95

DCAdapt 74.84 73.04 75.98 75.20

DCAdapt-ME 75.00 74.83 76.58 75.88

Llama

Vanilla LLM 63.36 48.11 50.79 48.03

RAG 69.59 62.02 64.29 64.23

MetaTox 68.87 62.50 69.04 68.55

DCAdapt 72.25 71.53 70.34 68.67

DCAdapt-ME 74.12 74.02 71.18 68.82

C. Ablation Study

The foundation of the DCAdapt framework consists of a
general knowledge base and a specialized knowledge base,
which are interconnected via a mutual-indexing mechanism.
To evaluate the significance of these components, we con-
ducted ablation studies on the mutual-indexing mechanism
(MI), the coarse-grained general knowledge (CGK), and the
fine-grained general knowledge (FGK), respectively. Ablating
the mutual-indexing mechanism implies that the framework
can no longer access the specialized knowledge base, which is
functionally equivalent to ablating the specialized knowledge
base itself. The experimental results are presented in Table III.

It can be observed that the performance of "w/o MI"
undergoes a significant degradation. This serves as a deliberate
validation of our architectural validity: hate speech detection
necessitates specific precedents to align with evaluation stan-
dards. Without MI, the model loses the judgmental criteria
provided by the specialized knowledge base and is forced to
rely solely on its internal knowledge, naturally regressing to a
vanilla LLM. This underscores the critical role of both the

mutual-indexing mechanism and the specialized knowledge
base. Furthermore, the table indicates that the negative impact
of ablating the FGK on framework performance is more
pronounced than that of ablating the CGK. This disparity
can be attributed to the fact that coarse-grained knowledge,
due to its inherent abstraction, provides relatively ambiguous
reference cases. In contrast, fine-grained knowledge directly
links to similar or highly relevant cases, thereby providing
superior guidance for hate speech detection.

TABLE III
ABLATION RESULTS OF DCADAPT

Backbone
LLM Method

HateXplain IHC

Acc F1 Acc F1

Qwen

DCAdapt 74.84 73.04 75.98 75.20
-w/o MI 70.95 64.04 66.34 66.32

-w/o CGK 72.45 69.66 74.77 73.90

-w/o FGK 72.13 69.30 72.23 71.70

Llama

DCAdapt 72.25 71.53 70.34 68.67
-w/o MI 63.36 48.11 50.79 48.03

-w/o CGK 71.83 71.37 70.78 66.62

-w/o FGK 70.22 69.86 70.86 66.83

D. Parameters Sensitivity Analysis

Impact of Reference Scale: To investigate the influence of
reference scale on dual-pathway reasoning, we constructed six
groups of balanced sample pairs. As illustrated of Fig 3 (a),
performance exhibits a rapid ascent followed by stabilization,
with inflection points appearing at 3 pairs for HateXplain
and 5 pairs for IHC. This demonstrates a saturation effect
where a limited set of precise precedents suffices to rectify the
intuitive biases of the implicit pathway. Conversely, excessive
reference information yields diminishing marginal returns and
introduces semantic noise, reflecting a cognitive bottleneck
that hinders the distillation of core decision criteria. Thus,
DCAdapt achieves high-precision calibration through strategic
knowledge association at minimal computational cost.

Impact of General Knowledge Retrieval Depth: As illus-
trated of Fig 3 (b), regarding retrieval depth, the transition
from 0 to 1 hop triggers a substantial surge in performance,
confirming that literal text representations are insufficient
without neighborhood context. While local semantic noise
causes a plateau between 1 and 3 hops, a significant deep-
seated transition occurs at 4 hops. This resurgence reveals
the framework’s capacity to manage long-range dependencies
by activating global semantic clusters and macro-social back-
grounds. By bridging isolated fragments into coherent logical
chains, DCAdapt successfully distills critical evidence from
high-order recalls, achieving high-precision alignment with
domain-specific standards.
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Fig. 3. An illustration of parameter sensitivity analysis of DCAdapt across
different datasets. (a) Impact of reference scale. (b) Impact of general
knowledge retrieval depth.

E. Case Study

To intuitively demonstrate the performance disparities
among various models when processing implicit hate speech,
we present a representative case in Table IV. The input test
text is: "My traps help save the white race.", which comes
from IHC dataset. Although this statement contains no direct
profanity or slurs, it utilizes a classic white supremacist
narrative and is officially classified as hate speech ([T]) in
the ground-truth labels.

TABLE IV
CASE STUDY: EVALUATING THE EFFICACY OF DCADAPT

Text: My traps help save the white race.
Ground Truth: [T]

RAG

Related Docs by KNN Search:
1. looks white to me. [F]
2. wait you just liked your own tweet? oh man.

the white race is in trouble after all. [F]
3. the key to maintaining a civilized society is maintaining

the white race! deport the third worlders! [T]
Prediction: [F]

MetaTox

Related Triples by Graph Search:
1. “The White Race" “BenefitFrom" “Black Man"
2. “White race" “Saving" “Humanity"
3. “God" “Helpout" “White Race"
Prediction: [F]

DCAdapt

Related Docs by Graph + KNN Search:
1. true and they are using the black man for their benefit. [F]
2. white race saving humanity as usual! [T]
3. so it targets faggots and blacks looks like god is

trying to help out the white race. [T]
Prediction: [T]

Comparative analysis reveals that RAG and MetaTox fail
(both [F]) due to neutral semantic noise and generalized
knowledge limitations respectively. In contrast, DCAdapt
leverages dual-cognition reasoning synergized with dual-
knowledge bases: the implicit pathway employs semantic
diffusion to uncover latent features amidst noise, while the
explicit pathway utilizes case-based knowledge for logical
calibration of the underlying incitement. By bridging percep-
tual association and rational verification, DCAdapt success-
fully deciphers multi-hop subtle clues, achieving an accurate
prediction [T]. A broader data analysis also reveals that
the framework successfully rescued several hard samples by
correcting False Positives and False Negatives.

V. CONCLUSION

This paper proposes a dual-cognition driven framework for
adaptive hate speech detection called DCAdapt and validates
the effectiveness, flexibility, and cross-dataset adaptability of
the DCAdapt framework through comprehensive experiments.
In the future, we plan to further refine the process of construct-
ing the knowledge base, optimize the quality of knowledge,
and improve the knowledge-enhanced reasoning mechanism
to boost the performance of hate speech detection.
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