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ABSTRACT— The problem of detecting hate speech is methodologically difficult because of the ambiguity of annotations, the
class imbalance issue, and the blurry border between offensive and hateful text examples. This paper evaluates the efficiency
of using a 20-billion-parameter large language model, adapted by a parameter-efficient method to perform hate speech
classification in three categories. Specifically, we apply the following techniques to our data: (i) annotation consolidation; (ii)
balanced sampling to reduce minority classes' sparseness; (iii) instruction templates along with consensus-based metadata
augmentation to provide better prediction stability in borderline cases. We compare the performance of this approach to the
transformer encoder baseline and the prompted large language model baselines. Our results show that this approach allows
us to reach the macro F1 score of 80.66% and accuracy of 83.37%. Moreover, the performance gain in the Hate Speech class is
significant compared to all the baselines considered. Furthermore, a resource utilization analysis demonstrates that this
adaptation process is highly computationally efficient.
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I. INTRODUCTION

The Internet has emerged as the dominant channel through which people engage in conversations; nevertheless,
its rapid expansion has been paralleled by an increase in the prevalence of abusive and hateful language.

Consequently, identifying and classifying offensive language is crucial for protecting the interests of individuals
and creating scalable systems for content moderation. Although considerable progress has been made within the
field of natural language processing, categorizing text into Normal, Offensive, and Hate Speech has proven difficult
owing to similarities in word choice, style, and underlying intent among the three types of communication [1], [2].

In order to understand the intricacies involved, HateXplain was created to incorporate three different
annotations, rationale spans, and target-group information for each example. It highlights the difficulty in
conducting fine-grained classification, where there is a lack of consensus among annotators, ambiguity in
determining whether something falls within Offensive or Hate Speech, and a scarcity of minority groups. As a
result, traditional cross-entropy loss methods may be unstable and biased towards majority labels when training
models. Recent experiments confirm that LLMs are able to recognize more detailed semantics but require
specialized training approaches due to differences in performance across classes [3].

Prompted by these challenges, this paper explores the fine-tuning of GPT-0SS-20B through a QLoRA-based fine-
tuning process specifically tailored towards the features of HateXplain. The methodology involves three aspects:
(i) the use of a rule-based approach for resolving differences between annotators; (ii) the inclusion of metadata
into instructions in the form of targeting groups and reasoning labels; and (iii) balancing using both weighted loss
and weighted sampling methods. These factors are intended to boost the performance of the model regarding its
ability to capture annotator biases and make fine distinctions between linguistic patterns while ensuring
computational efficiency for this large model.

The main contributions of this paper are as follows:

e We introduce a fine-tuning framework for GPT-O0SS-20B that integrates annotator-aware label
derivation, metadata-enhanced instruction prompts and a dual class-balancing strategy tailored to the
characteristics of the HateXplain corpus.

e We provide a comprehensive evaluation of model behaviour across the Normal, Offensive and Hate
Speech classes, with specific attention to systematic confusion affecting borderline Offensive cases.

e The effectiveness analysis of QLoRA adaptation on a 20-billion parameter model in restricted hardware
environment is done along with an error analysis to explain the effect of ambiguity and disagreement
among annotators on classification errors.

The rest of this paper will be structured as follows: In section 2, we present related works in hate speech detection,
fine-grained classification of abusive language, and instruction-tuned models at scale. The methodology employed
in our work is presented in section 3, which includes data pre-processing, label creation, metadata generation,
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QLoRA training settings, and class balancing techniques. Section 4 outlines our experiments and their results.
Section 5 highlights classification mistakes in our analysis and provides insights into our methods. Finally, the
conclusions are drawn in section 6.

II. RELATED WORK

Methodologies for hate speech detection have shifted significantly in recent years. Current literature has shown
that transformer models have replaced previous machine learning approaches in terms of being able to detect
contextual features, sentiment analysis, and negative connotations [1]. Despite having achieved high levels of
accuracy due to such innovations, studies continue to show persistent problems that occur with these models,
including class imbalance, the difficulty in differentiating between offensiveness and hatred, as well as the
subjectivity of annotators' opinions. All of these affect multi-class classification because categories are
differentiated both semantically and contextually.

Many studies focus on corpora specifically designed for the analysis of harmful language. Among these, corpora
that provide rationale or segment-specific information about harmful language have received considerable
attention since they allow the evaluation of how well the models perform beyond simple statistics [5]. Studies on
rationale-based annotations show that feeding models annotated spans from humans helps minimize the
potential bias associated with model predictions as well as detect implicit harm [6]. Building upon this idea, some
studies explore the effects of annotation rationales in the cross-lingual setting and conclude that models
pretrained on English-based datasets may not generalize well without metadata or cross-lingual learning
strategies [2]. Following this trend, more recent work explores the importance of annotation variations in cross-
lingual and cross-domain settings [7].

However, recent studies on hate speech detection in multilingual and real-life settings expand on this viewpoint
by examining the impact of diverse linguistics on transformer architectures and LLMs. Findings suggest there is
significant disparity in model performance between languages and contexts even when pretrained on high-
performing models [8]. Additionally, robustness-oriented literature also shows that adversarial examples can
disrupt decision boundaries for offensive language classifiers, making it necessary to study the effectiveness of
fine-grain evaluation datasets like HateXplain in detecting failure cases and sensitivity to lexical variations even
if not used as training sets [9].

Advances in the use of LLMs for harmful content detection have expanded the scope of methodological research.
The empirical performance of models ranging from 7b to 70b parameters suggests that LLMs may be superior to
classical transformer encoders in zero-shot and few-shot configurations, although they are prone to instability
when minority classes are underrepresented [9]. Further systematic experiments confirm that LLMs need to be
prompted or fine-tuned appropriately to avoid assigning borderline classes to the majority label [10]. Parameter-
efficient fine-tuning has emerged as a promising method for adapting large models to specialized data sets.
Methods like LoRA and QLoRA [4] allow fine-tuning within limited hardware resources by maintaining most of
the representation power of the model, and recent reviews provide empirical evidence that these methods are
applicable even for models larger than a few billion parameters [11].

The references above lay the groundwork for the methodological choices made in this paper: annotation-aware
label generation, enriched instruction prompts using metadata information, and balancing of classes acknowledge
the general agreement that the architecture of HateXplain requires targeted adaptation rather than standard fine-
tuning.

III. PROPOSED MODEL

Figure 1 illustrates the end-to-end processing pipeline of the proposed framework. After taking in the input
HateXplain dataset, the framework sequentially performs data preprocessing and label harmonization, data
creation from instructions, QLoRA based model tuning, fine-tuning on supervision, and finally, inference with
evaluation. This entire workflow describes the process from which input datasets are fed into models after their
preparation.
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Figure 1. Overall workflow of the proposed method.

A. DATA PREPROCESSING AND LABEL CONSOLIDATION

Each instance of HateXplain requires three independent labels which need to be reconciled into one golden label
before fine-tuning. For this purpose, the first step involves counting the number of votes in each category. If there
is a decisive winner among the categories, it is chosen as the final label. However, in the case when the annotators
reach a tie situation, the order of preference based on severity comes into play. Hate Speech gets higher
precedence than Offensive, which in turn gets higher precedence than Normal, and thus minimizes the chances of
confusing ambiguous and offensive content with less harmful ones.

Besides the golden label, other types of context provided for each sample in the preprocessing phase include
mentions of target groups mentioned in the comment itself. Votes from different annotators are kept for training
samples, which indicate the level of controversy among human annotations. Furthermore, rationale tokens are
kept, which help explain the decision making process of the annotators.

B. METADATA-ENRICHED INSTRUCTION CONSTRUCTION

In post-processing, each instance is converted into the instruction tuning format. In this case, the task involves
serving as an adjudicator by assessing the text of the comment and relevant metadata and returning a number
indicative of one out of three classes. The instruction template includes not only the comment but also the target
audience(s), rationales, and voting distribution in the case of training split. Including all those aspects into the
instruction provides the model with the access to human reasoning especially in the cases when the boundaries
between categories become blurred.

One should pay attention to the fact that there is a considerable imbalance in class distribution in the dataset.
Therefore, the weighted cross-entropy loss penalizes the rare categories with more losses according to the
scheme of inverse frequency raised to a square root but only for the prediction token because in other cases, the
penalty would be too large due to its multiplication through the sequence. Weighted random sampling makes the
training batches closer to the desired proportions by increasing the probability of selection for Offensive and Hate
Speech instances.

C. QLORA-BASED ADAPTATION AND TRAINING CONFIGURATION

Training in GPT-OSS-20B is done using QLoRA, where the backbone is initialized in 4-bit NF4 quantization, along
with double quantization compression. This makes the model memory-efficient without compromising numerical
stability. LoRA adapters with rank 32, « = 64, and a dropout rate of 0.1 are added to all linear layers, and all
backbone parameters are frozen during training. This allows efficient adaptation of a 20-billion-parameter model
on a single high-memory GPU. Specifically, the whole model, the optimizer states, and the LoRA adapters fit
comfortably within the 24-48 GB VRAM limit of existing machines, showing that QLoRA is indeed a practical
approach for fine-tuning large models without using multiple GPUs. The reasons why QLoRA is chosen go beyond
just efficiency. Given the size of GPT-0SS-20B models, complete fine-tuning is often impossible to do in an average
research lab due to heavy memory and computation requirements. QLoRA, therefore, acts both as an efficiency
measure and an enabling factor making supervised adaptation possible with limited hardware.
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The optimizer uses paged_adamw_8bit with bf16 precision and cosine learning rate. The micro-batch size is 1,
and the gradients are accumulated to form batches of size 16 over 16 iterations. Training takes place for five
epochs, and various class balancing strategies are used for HateXplain, including weighted cross entropy loss and
weighted random sampling. A detailed list of the hyperparameters is given in Table 1.

Table 1. Training Hyperparameters

Hyperparameter Value Description
Learning rate 5x107* Learning rate used in QLoRA fine-tuning
Batch size 1 Micro-batch size
Gradient accumulation 16 Effective batch size = 16
Optimizer paged_adamw_8bit Memory-efficient AdamW variant
Epochs 5 Number of training epochs
Warm-up ratio 0.1 Proportion of steps for LR warm-up
Precision bf16 Numerical format for stability
Scheduler Cosine Learning-rate decay schedule

IV. EXPERIMENTS

A. DATASET

HateXplain [6] is a multiannotator dataset designed for analyzing hate speech. Each data sample contains the text
of the comment, three annotations, the reasoning spans, and metadata pointing to the targets mentioned in the
message. Three types of statements are distinguished: Normal, Offensive, and Hate Speech. The annotation
scheme captures conflicts between annotators and draws attention to edge cases that may be difficult to classify.

Table 2. Representative samples from the HateXplain dataset

Attribute Description

Total Comments 20,148
Labels 1. HATE: Content with hateful intent targeting specific groups or individuals.
2. OFFENSIVE: Content with profanity or abuse but no explicit targeting.
3. NORMAL: Content without offensive or hateful elements.
Label Distribution =~ HATE: 5,935 (29.45%)
OFFENSIVE: 5,480 (27.22%)
NORMAL: 7,814 (38.78%)
UNDECIDED: 919 (4.56%)

Data Sources Twitter: 9,055 posts
Gab: 11,093 posts
Data Splits Training: 80% (15,383 comments)

Validation: 10% (1,922 comments)
Testing: 10% (1,924 comments)

Annotation Three annotators per comment.
Process Final labels determined by majority voting.
Undecided cases excluded.
Characteristics Includes span annotations (rationales) highlighting text justifying the label.

Focuses on diversity in hate speech types and targets.
Provides robust metrics for bias and explainability evaluation.

B. EXPERIMENTAL SETUP

Experiments are conducted on the full HateXplain dataset using the official train, validation and test splits. The
preprocessing stage resolves annotator disagreement, extracts target-group information and rationale cues and
formats each instance into the instruction structure described in Section III.

GPT-0SS-20B is fine-tuned with QLoRA, using 4-bit NF4 quantization and low-rank adapters inserted into all
linear layers. Training employs paged_adamw_8bit with bf16 precision, cosine scheduling and an effective batch
size of 16 through gradient accumulation. Class imbalance is handled by weighted cross-entropy and weighted
random sampling.

All experiments run on a single high-memory GPU. On hardware such as an NVIDIA RTX A6000 Ada (48 GB),
VRAM usage remains around 18-22 GB during training, allowing the full 20-billion-parameter model to be fine-
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tuned without multi-GPU infrastructure. The configuration produces stable convergence across the full dataset,
and the resulting performance is reported in Section E.

To support reproducibility, the implementation of the proposed method is publicly available on GitHub Link:

https://github.com/coderkhongodo/hateXplain gptoss. The repository contains the main experimental

components, including preprocessing, instruction construction, fine-tuning configuration, and evaluation scripts.

C. COMPARED METHODS

The purpose of the comparison in this study is to position the proposed method against representative modeling
paradigms for hate speech detection rather than to establish a strictly equivalent experimental setting across all
systems. Specifically, the comparison is designed to reflect four practical directions commonly used in the
literature, namely traditional lightweight neural models, supervised transformer encoders, parameter-efficient
fine-tuning of large language models, and prompting-based LLM inference. Because these paradigms differ
substantially in architecture, training strategy, and adaptation mechanism, the comparison should be interpreted
as a cross paradigm performance assessment on the same benchmark rather than a fully controlled like-for-like
evaluation.

To evaluate the effectiveness of the proposed GPT-0SS-20B model, we conducted a comparative study against a
representative set of multilingual hate-speech classification baselines. Two fastText-based neural architectures
(TextCNN and GRU) were included as traditional lightweight baselines. A group of multilingual transformer
encoders bert-base-multilingual-uncased, bert-base-multilingual-cased, distilbert-base-multilingual-cased, and
xlm-roberta-base were fine-tuned directly on the HateXplain dataset under a unified training protocol, using a
maximum sequence length of 50, the AdamW optimizer with a learning rate of 2 x 1075, 4 epochs, and a batch
size of 16, with XLM-R additionally employing a dropout rate of 0.1. The detailed hyperparameter settings of these
supervised transformer baselines are summarized in Table 3. We also include the BERT-HateXplain model
augmented with LIME [6] rationales as an interpretable supervised baseline.

The comparison further incorporates inference-only large-language-model baselines, including Flan-T5-Large
[10], GPT-3.5-turbo-0301 [10], and GPT-40-mini evaluated under zero-shot and few-shot prompting
configurations. All systems were assessed on the same HateXplain test split and compared using accuracy,
precision, recall, and macro-F1 to ensure full consistency across the experimental evaluation.

Table 3. Hyperparameter configuration of the baseline models

Hyperparameter Value Description
Maximum sequence length 50 Maximum input sequence length used for fine-tuning
Optimizer AdamW Optimization algorithm used for training
Learning rate 2x107° Learning rate applied to baseline training
Epochs 4 Number of training epochs
Batch size 16 Batch size used for training
Dropout (XLM-R only) 0.1 Additional dropout applied only to XLM-RoBERTa

D. EVALUATION METRICS
Below are the measures used to evaluate the model’s performance:

Accuracy, Macro F1-Score, Precision and Recall. For those datasets that have a very pronounced class imbalance
problem, the Macro F1-Score is given significant importance. The reason why Macro F1-Score should be used is
because unlike Accuracy measure, which may favor the larger class due to its biasness, Macro F1-Score gives equal
importance to both classes (toxic/non-toxic).

E. RESULTS AND DISCUSSION

Table 4. Performance comparison between the proposed model and baseline methods

Model Accuracy Precision  Recall mF1

(%) (%) (%) (%)
Text CNN fastText 0.6377 0.6187 0.6041 0.6341
GRU fastText 0.6133 0.5979 0.5833 0.6133
mBERT (uncased) 0.6517 0.6448 0.6301 0.6601
mBERT (cased) 0.6569 0.6503 0.6356  0.6656
mDistilBERT (cased) 0.6606 0.6542 0.6395 0.6695
XLM-RoBERTa (base) 0.6622 0.6544 0.6397 0.6697

BERT-HateXplain [6] 0.6980 - - 0.6870
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Flan-T5-Large [10] 0.6000 0.7000 0.6500 0.5900
GPT-40-mini Zero-shot 0.6297 0.5912 0.5673 0.6173
GPT-40-mini Few-shot 0.6894 0.6678 0.6437 0.6937
GPT-0SS-20B (Ours) 0.8337 0.8248 0.8099 0.8066

Comparison between the proposed model and baselines in terms of their performances is illustrated in Table 4.
It shows that the proposed model yields a macro F1 of 80.66% and accuracy of 83.37%, significantly surpassing
all baselines based on fastText classifiers and multilingual transformers, especially in their supervised
counterparts BERT-multilingual and XLM-RoBERTa. Such an improvement indicates that the model can
generalize well for the diverse annotation scheme of HateXplain while providing stable results across the whole
spectrum of categories.

The confusion matrix shown in Figure 1 also supports this conclusion. The model manages to correctly classify
most of the samples in each class with high recall in cases of non-toxic and implicit-hate classes, which proves that
the model does not exhibit overpredictions of the majority class, a common problem for some baselines. In case
of wrong predictions, the misclassified samples include samples with implicit hate expressed through sarcastic
phrases, idioms, and other complex language patterns, which are difficult for both fine-tuned and large-size
transformers to capture.

Comparing the performance of the proposed GPT-0SS-20B model with LLMs used as baselines, the latter
significantly lag behind. Specifically, the difference between GPT-3.5-turbo-0301 and the proposed solution is
very clear. Additionally, the proposed approach outperforms even fine-tuned version of GPT-40-mini, which
provides only 69.37% macro F1, being used in the few-shot fashion. In contrast to these baselines, the proposed
approach benefits from stable optimization and is not constrained with language-specific preprocessing, typical
of transformers. Thus, the performance of GPT-0SS-20B on the HateXplain dataset is rather strong yet still leaves
room for improvement due to errors in cases of nuanced language patterns, like cultural slang, emojis, and indirect
aggression.

Truss Class 0-

Truss Class 1|

True Label

Truss Class 2-|

] g '
Pred: Class 0 Pred: Class 1 Pred: Class 2

Predicted Label
Figure 2. Confusion matrix of the proposed method on the HateXplain dataset

V. CONCLUSION

This paper proposes an instruction-tuned framework for the detection of hate speech using GPT-0SS-20B trained
with QLoRA to allow efficient tuning of the model. The framework utilizes the concept of annotator-aware label
consolidation, rationale-preserving pre-processing, and class-balanced training to enable detection of contextual
and implied harm in the context of the HateXplain data. Experimental findings suggest that the proposed solution
attains competitive performance compared to existing transformer baseline models and nears the effectiveness
of current large language models that rely on prompts, all while using just a single GPU with ample memory
capacity. Limitations associated with the study include the reliance on one dataset and lack of cross-domain
evaluations. These are mitigated to some extent via the use of balanced sampling techniques and resource
analysis. Possible future research directions include the development of a framework capable of handling multiple
datasets, the inclusion of rationale-based supervision, and the exploration of more efficient parameter tuning
methods.
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DPANH GIA MO HINH GPT-0SS-20B CHO PHAT HIEN NOI DUNG THU GHET:
CAI TIEN THICH NGHI HIEU QUA THAM SO
Lé Hong Quang, Huynh Ly Tan Khoa, Thanh Lé

TOM TAT— Viéc phat hién ngon tlr thu hin tiép tuc dit ra cac thich thirc vé phwong phdp do sw mo ho trong gin nhin, sw
mat can bing 16p va yéu ciu phan biét chi tiét gitra cic biéu dat mang tinh xtic pham va mang tinh tht han. Nghién ctru nay
thwc hién mot phwong phap diéu chinh tiét kiém tham s8 cho m6t mé hinh ngén ngtr 16m quy md 20 ty tham s6 nham thwc hién
phéan loai ng6n tir thi hdn ba 16p. Cach tiép cin dé xuit hgp nhit cic quyét dinh cia ngwoi gan nhdn thanh mét nhin duy nhat
cho mdi mAu, 4p dung 14y mau cin bang dé gidm mirc d6 thwa thét cta 1¢p thiéu s6, va tich hop cac mau chi din cing siéu dir
liéu dva trén mic @6 dong thuan nhdm 8n dinh dw do4n trong cac trudmg hop mo hd gitra cac 1¢p. Md hinh sau diéu chinh
dwoc danh gia do6i sanh v6i cdc mé hinh nén dva trén transformer encoder va cac cdu hinh mé hinh ngén ngir 1én theo hwéng
prompting. K&t qua cho thiy hé théng dwoc tinh chinh dat macro F1-score 80.66% va d6 chinh xac 83.37%, vwot troi hon so
v&i tit cd cdc mo hinh nén so sanh, véi mirc cai thién dic biét manh & hang muc Hate Speech. Phan tich bd sung vé mirc st
dung tinh todn cho thdy mé hinh dwoc tinh chinh vin hanh trong diéu kién tai nguyén & mirc vira phai. Cac két qua nay cho
thay diéu chinh tiét kiém tham s6 theo hwéng gon nhe 1a mot lwa chon kha thi cho phan loai hate speech chi tiét khi viéc tinh
chinh toan phén cac mé hinh ngdn ngi 1ém khong kha thi.

Tir khéa— Phét hién ngdn tir thit han; M6 hinh ngdn ngit 16n; Tinh chinh QLoRA; Tinh chinh theo chi dan.



18 EVALUATING GPT-0SS-20B MODEL FOR HATE SPEECH DETECTION: ADVANCES IN PARAMETER-EFFICIENT ADAPTATION

-

Lé Hong Quang tot nghiép chuyén
nganh Hé thdng thdéng tin thudc
nganh Coéng nghé thong tin tai
Trudng Pai hoc Ngoai ngit - Tin hoc
TP. H6 Chi Minh (HUFLIT), Viét Nam
vao ndm 2021. Anh nhan bang thac
sT Cong nghé Thoéng tin tai HUFLIT
vao nam 2026. Hién anh dang cong
tac tai Phong Chinh tri - Cong tac
sinh vién HUFLIT. Linh vyc nghién
clru, quan tim bao gébm: ng dung

cong nghé tri tué nhan tao (AI) trong quan ly gido duc va Xt
1y ngdn ngit tw nhién (Natural Language Processing — NLP).

Lé Thanh t6t nghiép nganh Cong
nghé Thong tin tai Trwong Dai hoc
Céong nghé TP. H6 Chi Minh
(HUTECH), Viét Nam vaonam 2011.
Anh nhan bing thac si Cong nghé
Thong tin tai HUTECH vao ndam
2018. Sau d6, anh tiép tuc theo hoc
chwong trinh tién si chuyén nganh
X& 1y ngdén ngir tw nhién (Natural
Language Processing - NLP) tai
HUTECH. Hwéng nghién ctru chinh
ctia anh bao gobm: Hoc siu, Khoa hoc

dir liéu va X Iy ngdén ngit tw nhién. Hién nay, anh dang cong
tac vGi vai tro giang vién tai Trieong Pai hoc Kinh té - Tai
chinh TP. H6 Chi Minh (UEF).

i)

Huynh Ly Tan Khoa tdt nghiép
chuyén nganh Khoa hoc Dit liéu
thudc nganh Cong nghé Thong tin
tai Trwong Pai hoc Ngoai ngit -
Tin hoc Thanh phd H6 Chi Minh
(HUFLIT), Viét Nam vao ndm
2026. Linh vyc nghién cttu, quan
tAm bao gobm: Hoc siu, Khoa hoc
dir liéu va Xt Iy ngdn ngit tw nhién
(Natural Language Processing -
NLP).



	Evaluating GPT-OSS-20B Model for Hate Speech Detection: Advances in Parameter-Efficient Adaptation
	Quang Hong Le1,*, Tan Khoa Ly Huynh1, Thanh Le2

	I. Introduction
	II. Related work
	III. Proposed Model
	A. Data Preprocessing and Label Consolidation
	B. Metadata-Enriched Instruction Construction
	C. QLoRA-Based Adaptation and Training Configuration

	IV. Experiments
	A. Dataset
	B. Experimental setup
	C. Compared methods
	D. Evaluation Metrics
	E. Results and Discussion

	V. Conclusion
	VI. References
	ĐÁNH GIÁ MÔ HÌNH GPT-OSS-20B CHO PHÁT HIỆN NỘI DUNG THÙ GHÉT: CẢI TIẾN THÍCH NGHI HIỆU QUẢ THAM SỐ
	Lê Hồng Quang, Huỳnh Lý Tân Khoa, Thanh Lê


