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Abstract
Human annotators routinely disagree on hate speech labels, especially when interpreting

sarcasm, coded language, or platform-specific norms. This disagreement reflects genuine dif-
ferences in community standards, not annotation error. Most detection systems discard it.
Conventional models often treat this inter-annotator disagreement as label noise. We propose a
Mixture-of-Experts architecture in which three QLoRA adapters, trained on microblogging (Hat-
eXplain), collaborative editing (Jigsaw), and extremist forum (CrimeBB) corpora, are blended
via a learned gating mechanism atop a Llama 2 7B backbone. A control parameter adjusts
detection sensitivity at inference time, enabling more conservative or more permissive predictions
without retraining. Each prediction includes a structured rationale identifying targeted groups,
toxic spans, and harm mechanisms. Training requires approximately 10 GPU-hours per adapter
on a single NVIDIA RTX 4090 with 4-bit quantization. Across three benchmarks, the default
Logit Blending configuration maintains Macro-F1 within 5 percentage points of a monolithic
QLoRA baseline trained on pooled data, and discrete top-3 routing matches or exceeds it in
accuracy on the extremist-forum and collaborative-editing benchmarks. Sensitivity tuning yields
per-group accuracy gains of up to 6 percentage points, and blinded GPT-4 evaluation ranks
blended rationales above the monolithic baseline in logical consistency, completeness, and fluency.
The result is a framework for hate speech detection that yields a transparent and computationally
efficient alternative to monolithic classification.

Keywords: Artificial Intelligence, Hate Speech, Large Language Models, Llama, LoRA, Mixture of
Experts, QLoRA

1 Introduction
The assessment of subjective content, particularly hate speech, is inherently challenging due to
the sociolinguistic complexity of online discourse. Human annotators frequently disagree on labels,
especially when interpreting sarcasm, analogy, coded slurs, or emoji cues, even when provided with
detailed guidelines [1].

The practical cost is immediate. A classifier tuned for Twitter will over-flag on Wikipedia; one
calibrated for Wikipedia will miss coded slurs on extremist forums. Retraining per deployment
context is expensive, and maintaining separate models is unwieldy. Practitioners need a single
system whose sensitivity can be adjusted at inference time, without retraining.

Treating annotator disagreement as label noise yields brittle systems. Monolithic models
optimized for a single platform or annotator pool often transfer poorly across domains. Typical
classifiers also return a single decision scalar with limited transparency regarding the factors that
drove the prediction.
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This paper presents such a system. We train three QLoRA adapters on corpora representing
distinct moderation cultures – microblogging (HateXplain [2]), collaborative editing (Jigsaw [3]),
and extremist forums (CrimeBB [4]) – and blend them via a learned gating mechanism [5] atop a
Llama 2 7B backbone [6]. In Dynamic Routing mode, the gate weights adapters based on input
semantics. In Policy Control mode, operators supply fixed blending weights, locking the model to a
chosen sensitivity profile. Both modes generate structured rationales identifying targeted groups,
toxic spans, and harm mechanisms in a single response.

We make three primary contributions:

1. A parameter-efficient Mixture-of-Experts framework that routes inputs to domain-specific
QLoRA adapters, handling conflicting community norms without full fine-tuning.

2. An inference-time control parameter that adjusts detection sensitivity, including for specific
demographic targets, without retraining or maintaining separate per-context models.

3. A structured natural-language rationale accompanying every prediction, identifying targeted
groups, toxic spans, and the harm mechanism, supervised by GPT-4-generated chain-of-thought
rationales.

1.1 Abbreviations and Acronyms

Table 1 details the primary acronyms and abbreviations utilized throughout this manuscript.

Table 1: List of Acronyms and Abbreviations

Acronym Definition

LLM Large Language Model
MoE Mixture of Experts
PEFT Parameter-Efficient Fine-Tuning
LoRA Low-Rank Adaptation
QLoRA Quantized Low-Rank Adaptation
NLP Natural Language Processing
CoT Chain-of-Thought
MLP Multi-Layer Perceptron
ReLU Rectified Linear Unit
GPU Graphics Processing Unit

2 Related Work
This section reviews prior literature on (i) subjectivity and pragmatics in toxic language; (ii)
explainable hate-speech detection; (iii) Mixture-of-Experts (MoE) architectures; and (iv) parameter-
efficient fine-tuning (PEFT).
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2.1 Subjectivity and Pragmatics

Hate-speech annotation exhibits substantial inter-annotator variability driven by pragmatics (sar-
casm, analogy, implicature), annotator stance, and community norms. Treating this disagreement
as stochastic noise often obscures systematic variation regarding what constitutes offensive con-
tent [1, 7–11]. This necessitates modeling rater heterogeneity rather than optimizing for a single
consensus label. This perspectivist stance, in which annotator disagreement is modeled rather
than averaged away, has become an active research line, including soft-label training that pre-
serves annotation uncertainty and disagreement-aware classifiers for subjective tasks. Our work
operationalizes this perspective by routing inputs among community-specialized adapters, thereby
explicitly modeling the divergent judgments inherent in subjective tasks.

2.2 Explainable Toxic Speech Detection

Extensive research has established frameworks for hate speech detection using lexicon-based ap-
proaches [12,13] and supervised learning on benchmark datasets [9,14–20]. However, the majority of
these studies deploy "black-box" classifiers that lack transparency regarding the decision boundary.

To address this opacity, explainable hate speech detection has emerged as a critical research
area. Keyword-based explanation methods [2,21–23] identify explicitly toxic tokens but often fail to
capture implicit hate speech where no single word is profane. Subsequent approaches have utilized
autoregressive language models trained on human-annotated rationales [21,24,25]; however, these
models often suffer from hallucinations or inconsistent reasoning [26,27].

Yang et al. [28] advanced this paradigm by distilling reasoning capabilities from larger models
(e.g., GPT-3.5). We extend this line of inquiry by incorporating architectural modularity: our
framework routes inputs to specific "expert" adapters based on platform or rater characteristics,
ensuring consistency across heterogeneous data sources.

2.3 Mixture of Experts (MoE)

The Mixture of Experts (MoE) paradigm enables model scaling while maintaining constant inference
costs by conditionally activating a subset of parameters [5, 29–31]. Unlike dense layers, an MoE
layer comprises N independent feed-forward networks (experts) {Ei}N

i=1 and a gating function G(·).
The gate models a probability distribution over experts to determine activation for a given input
representation x. The gating coefficient for expert Ei is typically computed via a softmax over the
dot product of x and a trainable router matrix Wg:

G(x)i = exp(x · Wg,i)∑︁N
j=1 exp(x · Wg,j)

(1)

The final output y is the weighted sum of the activated experts: y = ∑︁N
i=1 G(x)iEi(x). We adapt

this mechanism to weight parameter-efficient adapters rather than full feed-forward blocks.

2.4 Parameter-Efficient Fine-Tuning (QLoRA)

Low-Rank Adaptation (LoRA) [32] adapts Large Language Models (LLMs) to downstream tasks by
freezing the pre-trained weights W0 and optimizing low-rank decomposition matrices A and B. The
update is formalized as W = W0 + ∆W = W0 + BA, where the rank r ≪ min(din, dout). Quantized
LoRA (QLoRA) [33] further reduces memory overhead by backpropagating gradients through a 4-bit
quantized version of W0. This enables high-fidelity fine-tuning on consumer hardware, a constraint
we adhere to in our system design.
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2.5 Adapter Composition

Recent work has explored the arithmetic composition of LoRA adapters to facilitate multi-task
generalization [34–36]. A parallel line treats multiple LoRA adapters as experts blended by a
learned router, the Mixture-of-LoRA-Experts paradigm [37,38], including parameter-efficient expert
mixtures and soft expert merging [39, 40]. Our work differs in two respects. First, our router
conditions on a frozen sentence-level embedding of the whole input rather than on token-level
hidden states, so routing reflects the input’s community context rather than per-token capacity
needs. Second, we apply the mechanism to intra-task disagreement across moderation regimes, not
to cross-task or cross-domain capacity scaling. In these frameworks, effective model weights Ŵ are
derived via a linear combination of task-specific weight deltas:

Ŵ = Wbase +
N∑︂

i=1
wi · ∆Wi (2)

Our approach applies this composition strategy to intra-task variation: we blend adapters trained
on distinct communities to model pragmatic disagreement, rather than to maximize generalization
across disparate tasks.

To our knowledge, this is the first work to use a Mixture-of-LoRA-Experts router specifically
to model inter-annotator disagreement as a controllable signal. Prior perspectivist and learning-
with-disagreement work treats disagreement at the level of labels or annotators; prior Mixture-of-
LoRA-Experts work targets capacity and multi-task transfer. We sit at their intersection: a routing
mechanism whose blending weights are the operator’s sensitivity control across moderation regimes.

Figure 1: A learned router blends three community-specialized QLoRA adapters over a frozen
Llama 2 7B backbone. Architecture of our hate speech detection framework. An input sequence is
vectorized using an external sentence embedding model, and then passed to a gate function. In the case of
top-k routing (top-2 or top-3), we form a weighted linear combination of the k adapters with the highest gate
score with weight equal to 1

k . In the case of Logit Blending, the raw softmax output scores are used to form
a linear combination of all adapters.
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3 Methodology

3.1 Data Preparation and Augmentation

Our approach leverages Quantized Low-Rank Adaptation (QLoRA) [33] to fine-tune foundational
model weights via selective backpropagation into low-rank adapters. This strategy approximates the
performance of full 16-bit fine-tuning while reducing memory requirements by approximately 10×.

Because annotator-level metadata is rarely available in large hate-speech datasets, we approximate
heterogeneous annotation regimes using distinct datasets. Each corpus was constructed with different
annotator pools, instructions, and moderation guidelines, which produce systematically different
labeling behavior.

We therefore treat each dataset as an empirical realization of a particular moderation regime.
Expert adapters are trained on each regime, and routing allows the model to interpolate between
these regimes at inference time.

3.1.1 Data Sources

We curate a heterogeneous dataset spanning three distinct sociolinguistic domains. Each adapter is
trained independently on one of the following corpora:

• Microblogging: A combination of the HateXplain benchmark [2] and the automated hate
speech dataset collected by Davidson et al. [15], representing short-form text from Twitter and
Gab. The Davidson et al. labels (hate, offensive, neither) map directly onto our taxonomy
(Hateful, Offensive, Neutral) and are pooled with HateXplain only for adapter training; all
microblogging evaluation, including the label distribution in Table 2 and the per-group analyses,
uses the held-out HateXplain test split alone.

• Collaborative Editing: Wikipedia talk page comments labeled by Jigsaw/Conversation
AI [3], representing moderation norms in public collaboration platforms.

• Extremist Forums (CrimeBB): Long-form posts sourced from the CrimeBB dataset [4],
covering niche communities such as Stormfront and Inceldom. We refer to this domain as
Extremist Forums throughout, including in all tables and figures.

3.1.2 Label Normalization and Rationale Generation

All dataset labels were mapped to a unified taxonomy: {Neutral, Offensive, Hateful}. To
supervise the model’s explainability capabilities, we augmented a subset of the data with synthetic
rationales generated by GPT-4 [41].

We employed Chain-of-Thought (CoT) prompting [42] to enforce a structured output schema,
ensuring consistent supervision signals for the adapters. The target output structure includes:

• Holistic Rationale: A concise justification (max. 150 words) detailing the reasoning behind
the classification.

• Classification: The mapped ground-truth label.

• Targeted Groups: An enumeration of demographic groups referenced in the text.

• Toxic Spans: Extraction of specific lexical triggers (harmful words/phrases).

• Harm Mechanism: A brief explanation of why the extracted spans are harmful to the
targeted group.
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3.2 Adapter Routing and Composition

To model the heterogeneous nature of hate speech, we employ a routing mechanism that dynamically
blends the weights of the N=3 community-specific QLoRA experts {Ei}N

i=1.

3.2.1 Gating Mechanism

Unlike standard MoE layers that route based on internal hidden states, our router R(·) conditions
on the semantic context of the entire input sequence. We utilize a frozen sentence-embedding
encoder [43] to generate an input representation u ∈ Rdemb . Concretely, where the generic MoE gate
above takes the hidden state x as input, our router conditions on u, so the routing decision reflects
the whole input’s community context rather than per-token features.

The router consists of a two-layer Multi-Layer Perceptron (MLP) with a hidden dimension of 8
and a Rectified Linear Unit (ReLU) activation. The output is normalized via a softmax function to
produce a blending coefficient vector s ∈ ∆N−1:

h = σ(W1u + b1) (3)
s = softmax(W2h + b2) (4)

where W1 ∈ R8×demb , W2 ∈ RN×8, and σ denotes the ReLU activation.
The final effective adapter weight ∆Wmix applied to the base model is a weighted summation of

the expert adapters:

∆Wmix =
N∑︂

i=1
si · ∆Wi (5)

3.2.2 Inference Strategies

Our framework supports three distinct inference modes to balance automation and operator control:

1. Logit Blending (Default): The model utilizes the raw probability vector s from Eq. 4 to
perform a weighted average of all experts, capturing nuanced disagreement where multiple
community norms may apply simultaneously.

2. Dynamic Sparse Routing (Top-k): To reduce computational overhead, we activate only
the top-k experts (where k ∈ {2, 3}). The weights are renormalized such that si = 1/k for the
selected experts and 0 otherwise. Using uniform rather than softmax-renormalized weights
makes the top-k conditions differ from Logit Blending only in the number of active experts,
so the sensitivity analysis in Section 5 isolates the effect of expert count from the gate’s
confidence values.

3. Policy Control Mode: To enforce specific moderation standards (e.g., "Strict Wikipedia
Compliance"), operators may bypass the router and manually supply a fixed weight vector s∗,
effectively locking the model into a specific sensitivity profile.

3.3 Implementation Details

We utilized the Llama-2 7B backbone [6]. All adapters were trained on a single NVIDIA RTX 4090
GPU (24GB VRAM). Training required approximately 10 GPU-hours per adapter.
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3.3.1 Hyperparameters

We employed a standard QLoRA configuration with the following specifications:

• Rank (r): 64

• Scaling (α): 16

• Dropout: 0.1

• Optimizer: AdamW with a cosine learning rate scheduler (initial LR = 2 × 10−4).

• Target Modules: Adapters were injected into the query (Wq), key (Wk), value (Wv), and
output (Wo) projection layers of the self-attention mechanism, as well as the gate, up, and
down projections of the MLP blocks.

The framework structure is visualized in Fig. 1.

4 Experimental Setup

4.1 Evaluation Metrics

We assess framework performance across three dimensions to balance classification accuracy with
interpretability:

1. Classification Performance: We report Accuracy and Macro-F1 scores. Macro-F1 is
prioritized to account for the class imbalances detailed in Table 2.

2. Target Identification: We measure the model’s ability to correctly identify targeted demo-
graphic groups (e.g., "African," "Jewish") using exact-match accuracy on the HateXplain test
set.

3. Rationale Quality (LLM-as-a-Judge): To evaluate the semantic coherence and persuasive
quality of generated explanations, we employ GPT-4 as an independent evaluator following
the protocol of [44]. Crucially, the evaluator is blinded to the ground-truth labels to
prevent bias. The judge ranks the rationales generated by the competing models based solely
on their logical consistency with the input text, completeness of the argument, and linguistic
fluency.

4.2 Datasets and Label Harmonization

We evaluate on the held-out test splits of the three corpora described in Section 3. To
enable unified evaluation, source-specific labels were mapped to a common taxonomy L =
{Neutral, Offensive, Hateful}:

• Jigsaw (Collaborative Editing): Labels tagged toxic, insult, profanity were mapped to
Offensive; identity hate was mapped to Hateful.

• CrimeBB (Extremist Forums): Labels tagged toxic, severe toxic, threat were mapped to
Offensive; identity attack was mapped to Hateful.

Table 2 summarizes the label distribution for each evaluation set. Figure 2 details the distribution
of targeted groups within the HateXplain subset.
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Table 2: Distribution of labels for each evaluation dataset. Microblogging uses the held-out test set from [2];
collaborative editing uses the Jigsaw Toxic Comment Classification Challenge [3]; and extremist forums draw
on CrimeBB forum data labeled by [4].

Platform Neutral Offensive Hateful

Extremist Forums 1,443 (75%) 329 (17%) 152 (8%)
Collab. Edit 1,742 (91%) 157 (8%) 16 (1%)
Microblog 782 (41%) 548 (28%) 594 (31%)

Figure 2: Five groups – African, Islam, Women, Jewish, and Homosexual – account for roughly
two thirds of all targeted-group annotations. Targeted class distribution within the HateXplain
evaluation dataset. The data labeling process of HateXplain involved 3 annotators for each post, as a result
this distribution reflects the opinions of each annotator rather than only the most commonly listed targeted
category among all 3 annotators. Note that the ‘Other’ category is a valid label given as an option to
annotators, while the ‘Other (Small Groups)’ category is an aggregation of multiple sub-groups that were
targeted in less than 1% of the posts.
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4.3 Baselines and Comparisons

We compare our proposed Logit Blending and Discrete Top-k routing (k = 2, 3) against three
control conditions:

• BERT-Large (Fine-Tuned): A discriminative baseline [45] trained on the pooled dataset.
This serves as a non-generative benchmark for classification accuracy.

• Monolithic QLoRA: A single Llama-2 7B adapter trained on the pooled concatenation
of all three training corpora. This baseline isolates the impact of the MoE architecture by
removing the routing mechanism.

• Reference Domain Routing (k=1): A control condition where test inputs are manually
routed to their corresponding domain adapter (e.g., Wikipedia comments are sent directly
to the Collaborative Editing adapter). This quantifies the performance gap between our
automated router and perfect domain knowledge. Throughout the results, k=1 denotes this
reference condition, a single, manually domain-matched adapter, whereas Discrete Top-k
routing with k ∈ {2, 3} denotes the learned router restricted to its k highest-scoring experts;
the two mechanisms are distinct and share only the notation k.

5 Results
We organize results around five claims. Each subsection states the claim, then presents the evidence.

5.1 Classification Performance

Splitting a single adapter into three routed experts does not degrade aggregate performance and, on
two of three benchmarks, improves it.

Table 3 summarizes performance across the three evaluation domains. On Extremist Forums,
Logit Blending achieves the highest accuracy (97.5%) and Macro-F1 (0.93), surpassing both the
Monolithic QLoRA (96.5%, 0.90) and BERT (97.0%, 0.93). On Collaborative Editing, it matches
BERT (94.1% vs. 94.0%) and narrows the F1 gap with the Monolithic baseline (0.70 vs. 0.75).
HateXplain is the most challenging benchmark, with a roughly balanced three-class split (Table 2).
Here, Logit Blending scores 63.2% accuracy and 0.61 F1 — modestly below the Monolithic baseline
(66.0%, 0.62) and BERT (66.0%, 0.64). The k=3 configuration exceeds the Monolithic baseline on
accuracy for both Forums and Editing, and on Macro-F1 for Forums (0.92 vs. 0.90); on Editing
its Macro-F1 (0.64) trails the pooled baseline (0.75), so the gain there is in accuracy rather than
balanced F1. Overall, domain-specialized routing mitigates the negative transfer inherent in training
a single model on corpora with conflicting norms.

5.2 Sensitivity Scales Monotonically with Blending Density

Operators can shift the model’s decision boundary in a predictable direction by adjusting a single
parameter.

Table 4 and Fig. 3 quantify this effect. As active experts increase from k=1 to k=3, Hate
predictions rise 47.3% relative to the ground-truth distribution while Neutral predictions fall 36.4%.
Logit Blending occupies the middle ground: Hate +17.5%, Neutral +2.5%.

The monotonic relationship maps directly to deployment policy. At k=1, the model aligns
closely with the Neutral distribution (+13.0%), reducing false positives for platforms prioritizing free
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Table 3: Model accuracy for hate speech detection across varied datasets, representing microblogging
platforms (HateXplain), collaborative editing platforms (Wikipedia), and extremist forums (CrimeBB). This
table compares Monolithic QLoRA performance with various routing configurations.

Method Extremist Forums Collaborative Editing HateXplain

Acc.↑ Macro F1↑ Acc.↑ Macro F1↑ Acc.↑ Macro F1↑

Monolithic QLoRA 96.5% 0.90 93.8% 0.75 66.0% 0.62
Discrete k=1 96.7% 0.91 92.3% 0.61 65.0% 0.63
Discrete k=2 93.5% 0.84 92.5% 0.66 64.1% 0.62
Discrete k=3 97.2% 0.92 94.1% 0.64 60.7% 0.59
Logit Blending 97.5% 0.93 94.1% 0.70 63.2% 0.61
BERT Baseline 97.0% 0.93 94.0% 0.70 66.0% 0.64

expression. At k=3, it maximizes Hate detection (+47.3%), suitable for child-safe or high-moderation
environments. Logit Blending provides a balanced default with minimal Neutral distortion.

Qualitative analysis supports this. For pragmatically ambiguous statements like "<user> i
f*cking hate you yzm [face with tears of joy]", the Monolithic QLoRA predicts Neutral (focusing
on the emoji), while the Logit Blending and Top-2 configurations predict Offensive (focusing on
the text). This demonstrates that blending captures the dual interpretations inherent in the data.

Figure 3: Detection sensitivity scales monotonically with blending density. Predicted label counts
(Hate, Offensive, Neutral; bars) and percentage changes relative to the empirical HateXplain label distribution
(lines), for discrete routing (k = 1, 2, 3) and Logit Blending. As active experts increase, Hate predictions rise
and Neutral predictions fall.

5.3 Group-Specific Sensitivity

Different routing configurations benefit different demographic groups, with per-group accuracy gains
of up to 6 percentage points over the Monolithic baseline.

Fig. 4 reports accuracy across the five most targeted groups in HateXplain. Logit Blending
achieves 92.8% concordance with human annotators on Antisemitic content and 81.7% on LGBTQ+
content. For anti-Black hate speech, k=3 reaches 88.8%, outperforming the Monolithic baseline
by 2.6 points. No single configuration dominates all demographics — precisely the outcome the
framework is designed to address.

These results indicate that different routing strategies benefit different demographic groups,
reinforcing the need for tunable sensitivity rather than a single global decision threshold.

10



Table 4: Sensitivity analysis of hate speech classification using various QLoRA adapter configurations.
The table reports predicted label counts (Hate, Offensive, Neutral) and percentage changes relative to the
empirical label distribution in the HateXplain test dataset for discrete routing (k=1, k=2, k=3), Logit
Blending, and a monolithic QLoRA baseline.

Method Hate Off. Neutral % Change vs. Actual

Hate Off. Neutral

Monolithic QLoRA 691 338 922 +14.03 -62.13 +15.18
Discrete k=1 615 437 899 +3.41 -25.40 +13.01
Discrete k=2 823 503 625 +27.82 -8.94 -25.12
Discrete k=3 875 503 573 +47.30 -8.94 -36.47
Logit Blending 720 429 802 +17.50 -27.73 +2.49
Actual 594 548 782 0 0 0

Fig. 5 confirms that sensitivity adjustments do not erode target identification: in all config-
urations, the model and human annotators agree on which groups are targeted in the dominant
quadrant (χ2 test with Bonferroni correction across five groups, corrected α = 0.01).

Agreement analysis (Tables 5 and 6) reveals a consistent pattern across methods. Complete
agreement with human annotators is highest for Hateful content (60.0%) and lowest for Offensive
content (13.9%). Partial disagreements cluster around the Offensive category (43.0%), reflecting its
inherent ambiguity as the boundary between Neutral and Hateful. This asymmetry is stable across
all routing configurations, indicating that the disagreement stems from the task itself, not from the
architecture.

Figure 4: No single routing configuration dominates across demographic groups. Accuracy across
the five most commonly targeted demographic groups in the HateXplain evaluation set, measured on instances
where model predictions align with human annotations. Results are reported for Logit Blending and discrete
routing configurations.
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Figure 5: Sensitivity adjustments do not erode target identification. Concordance between human
and model annotations for the five most targeted groups in HateXplain. Each 2×2 matrix reports counts
of agreement and disagreement on whether a top-5 group was targeted. All configurations show significant
concordance with human annotators (χ2 test with Bonferroni correction across five groups, corrected α = 0.01)

Table 5: This table shows the breakdown of the number of posts every blending method agreed on (and
also aligned with the human annotators). Label represents which category was assigned to the post (neutral,
offensive, hate), Number of Agreements represents the raw number of times the models agreed with each
other and the human annotation, and % of total displays the percentage of values in every category that
the models agreed on. Agreements occur at a much higher rate for hate speech than for either offensive or
neutral statements, with the lowest agreement by far occurring for offensive statements.

Complete Agreement with Humans
Label Num. of Agreements % of Total

Neutral 371 45.74%
Offensive 76 13.89%
Hateful 356 60.03%

5.4 Blended Adapters Produce More Coherent Rationales

Routing improves not only what the model predicts, but also the explanations it provides for its
decisions.

We evaluate rationale quality using GPT-4 as a blinded judge following the protocol of [44],
ranking each method on logical consistency, completeness, and fluency (Fig. 6). Because GPT-4
also generated the training rationales, the judge shares a prior with the supervision signal; we treat
the ranking as indicative rather than definitive and revisit this circularity in the Limitations section.
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Table 6: This table presents the number of instances where at least two methods disagree, but at least
one matches the human annotators’ response. We see that method disagreements occur at a higher rate
for neutral and offensive statements (32.05% and 42.96% respectively) than for hateful statements (only
20.40% disagreement). As an inverse to Table 5, we also see that offensive statements had the highest rate of
disagreement.

Partial Agreement with Humans
Label Num. of Agreements % of Total

Neutral 260 32.05%
Offensive 235 42.96%
Hateful 121 20.40%

Blending with k=2 ranks first most frequently, with k=3 close behind. The Monolithic QLoRA,
despite competitive classification accuracy on some splits, consistently ranks last in explanation
quality.

This pattern reveals a "right answer, wrong reason" phenomenon. The monolithic model achieves
label accuracy partly through spurious correlations, producing rationales that the blinded GPT-4
judge consistently ranks as less coherent and less complete. The k=2 configuration also shows the
greatest rank stability, rarely falling below second place — suggesting that two community-specific
perspectives per prediction strike the best balance between reasoning diversity and noise.

Figure 6: Top-k blending is ranked first most often, while the monolithic baseline is ranked
last most often. Comparison of GPT-4 rankings for each method on the HateXplain evaluation set. The
y-axis reports the number of times a method’s classification and explanation was ranked 1st–5th by GPT-4
across 11 independent rankings per post. Rankings in which all methods were scored equally are excluded.

5.5 Annotator Disagreement Validates the Design

Ground truth is often not fixed in hate speech detection. The same texts, relabeled by a different
annotator, produce a different set of correct answers.
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Two independent annotators relabeled 1,000 HateXplain test samples (Table 7). These accuracies
are computed against the re-annotated labels, not the original HateXplain labels, so their levels are
not directly comparable to the accuracies in Table 3; what matters here is the rank order across
configurations, not the absolute values. Annotator 1’s labels favor k=3 blending (63.77% accuracy);
Annotator 2’s labels favor Discrete Routing at k=1 (57.51%). No configuration satisfies both.

This is the empirical case for the framework’s existence. A task where the ground truth itself
shifts with the evaluator demands a system whose sensitivity is adjustable — not as a convenience,
but as a structural response to a structural property of the problem.

Table 7: Breakdown of accuracy across alternative human-assigned labels. Annotators were given the task
of assigning the labels hate, offensive, or neutral for 1000 observations in the HateXplain test dataset. We see
a large difference from the initial base annotations, demonstrating why pure accuracy may not be a good
measure of framework performance given human bias for annotator labels.

Annotator Monolithic QLoRA k=1 k=2 k=3 Logit Blending

1 53.27 50.15 61.55 63.77 55.80
2 53.88 57.51 54.28 53.58 54.28

6 Conclusion
Annotator disagreement in hate speech detection is not noise; it reflects how different communities
draw the line between acceptable and harmful speech. Domain-specific QLoRA adapters capture
these differences through a lightweight routing mechanism that recombines them at inference time.

Each of three adapters learns the moderation norms of its training corpus. A learned router
blends their outputs based on input semantics, or operators bypass the router and impose fixed
weights. Routing with k=2 produces the most coherent rationales as judged by blinded GPT-4
evaluation, while Logit Blending achieves the highest accuracy on the Extremist Forums dataset.
Sensitivity tuning yields per-group accuracy gains of up to 6 percentage points, and blended adapters
produce rationales that a blinded GPT-4 judge ranks above the monolithic baseline’s in coherence.
This is evidence that monolithic training partly relies on spurious correlations.

The practical upshot: one model, one parameter. A children’s platform weights the collaborative-
editing adapter heavily; an adult forum favors the microblogging adapter. No retraining, no separate
model per context.

These results are bounded by English-language data from 2017–2018, three fixed community
types, and the use of GPT-4 as both rationale generator and evaluator. Future work should expand
to multilingual settings, explore dynamic adapter loading to reduce the ∼30 GB memory footprint,
and replace GPT-4 evaluation with human judges.

The principle may extend beyond hate speech. Other tasks where annotators legitimately
disagree, such as sentiment or content rating, are natural candidates for treating that disagreement
as structure rather than error, though we leave that evaluation to future work.

7 Limitations
We evaluate explanation quality using GPT-4 rather than human annotators due to the potentially
offensive nature of hate speech content, though GPT-4’s performance aligns with human agreement
levels. Our router architecture assumes three distinct community types (microblogging, collaborative
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editing, extremist forums) and may require adaptation for platforms with hybrid norms. Although
the routing formulation is stated for a general number of experts N , all experiments use N=3;
scaling behavior in the number of community adapters is not evaluated here. The 8-dimensional
hidden layer was chosen empirically without exhaustive architecture search.

Our evaluation is limited to English-language datasets from 2017–2018 (HateXplain, Jigsaw,
CrimeBB), which may not capture evolving discourse patterns or transfer to other languages with
different cultural contexts for offensive speech. While our approach reduces parameters by 10×
compared to full fine-tuning, deployment still requires ∼30 GB memory for maintaining separate
adapters. Future work should explore dynamic adapter loading and cross-lingual transfer.

Data and Code Availability
The HateXplain and Jigsaw training data and the corresponding GPT-4 rationale annotations,
together with our adapter-training and routing code, are available from the authors on request. The
CrimeBB data cannot be redistributed under the terms of our agreement with its providers; access
requires a separate application to the CrimeBB maintainers at the Cambridge Cybercrime Centre.
Llama 2 is used under Meta’s community license, and GPT-4 outputs were obtained through the
OpenAI API under its terms of service; these upstream licenses govern the model weights and
outputs independently of the license covering this article.

Ethical Considerations
This article quotes verbatim examples of hateful and offensive language, including slurs, where
necessary to illustrate model behavior; reader discretion is advised. The two annotators who
relabeled 1,000 HateXplain test samples were volunteers who were informed in advance of the
highly offensive nature of the material. All data analyzed in this work are pre-existing and publicly
available, having been collected from public online forums and websites; the study involved no
recruitment of or interaction with human participants, and no private or personally identifiable
information was gathered. Because both the model evaluation and the two-annotator relabeling
study are secondary analyses of publicly available data rather than research involving human
subjects, institutional review board (IRB) approval was not required. Finally, the sensitivity control
is intended for legitimate moderation contexts; the same mechanism could in principle be configured
to under-enforce against particular groups, and we therefore recommend that deployments log and
audit the sensitivity profiles they select.
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