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Sarcasm detection remains a challenging problem in natural language processing (NLP) 

because the intended meaning of sarcastic expressions often differs from their literal 

interpretation. Although large language models (LLMs) provide strong semantic 

understanding capabilities, their computational requirements limit their application in 

resource-constrained environments. This study investigates the effectiveness of small-scale 

decoder-only language models combined with parameter-efficient adaptation for sarcasm 

detection. Three models, namely Qwen3-1.7B, Llama-3.2-1B, and Gemma-2-2B, are 

evaluated using a balanced news headline dataset containing 23,448 samples. Two 

experimental settings are considered: zero-shot generative classification and Low-Rank 

Adaptation (LoRA)-based parameter-efficient fine-tuning (PEFT) with a Multilayer 

Perceptron (MLP) classification head. The experimental results reveal that zero-shot small-

scale LLMs suffer from predictive collapse caused by strong bias toward a dominant class. 

After LoRA adaptation, all evaluated models achieve substantial improvements, 

demonstrating enhanced semantic representation and classification capability. Among 

them, Gemma-2-2B obtains the best performance with an F1-score of 0.9599 and an area 

under the receiver operating characteristic curve (AUC-ROC) value of 0.9810. Statistical 

analysis using McNemar’s test confirms that the performance improvements are significant 

(p < 0.05). These findings demonstrate that small-scale decoder-only language models can 

achieve competitive sarcasm detection performance through efficient adaptation strategies, 

providing a practical direction for lightweight NLP systems. 
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1. INTRODUCTION

The emergence of social media has transformed the way 

people communicate, making it very easy for them to express 

themselves [1]. Individuals are free to express their opinions, 

humour, insults, and other forms of expression using sarcasm 

[2]. Sarcasm is the act of saying the opposite of what you mean 

in order to make someone else feel foolish or to show them 

that you are angry [3]. Detecting sarcasm is crucial in natural 

language processing (NLP), particularly in text classification 

systems [4-6]. This is because a common feature of sarcasm is 

irony—that is, the discrepancy between the literal meaning 

and the intended meaning of a text [7]. User-generated content 

on social media platforms such as Twitter, Reddit and online 

forums is typically informal and context-dependent, which 

makes it even more difficult to detect sarcasm [8]. In face-to-

face conversations, recognizing sarcasm is fairly easy, as it is 

aided by facial expressions, tone of voice and body language 

[1, 9]. However, it becomes difficult and complicated when 

communication takes place in writing, such as on social media 

[10]. Detecting sarcasm is tricky because these cues are absent 

when text is posted on social media [11]. The challenge 

becomes far greater when identifying sarcasm in shared 

content that consists not only of text but also of images, videos, 

and audio [11-13]. In news articles, sarcasm often employs 

unexpected combinations of ideas, an ironic tone, or 

exaggerated situations to convey criticism [14, 15]. The failure 

of language models to capture these nuances can lead to 

significant misinterpretations in sentiment analysis and 

broader contextual understanding [16]. 

With the advancement of artificial intelligence, the use of 

large language models (LLMs) based on a decoder-only 

architecture has become the new standard for a wide range of 

text classification tasks [12, 17, 18]. However, there is a major 

challenge in striking a balance between the model’s reasoning 

capabilities and computational efficiency [19]. Gigantic 

models with parameters exceeding 4B often place an 

extremely heavy load on Video Random Access Memory 

(VRAM), making them difficult to implement on standard 

Graphics Processing Unit (GPU) infrastructure [20]. On the 

other hand, models with fewer than 1 billion parameters have 

been shown empirically to exhibit a deficit in the pragmatic 

reasoning required to detect contextual inconsistencies in 

sarcastic text [21]. This study focuses on parameter classes 1B 

to 2B, which are considered to represent the optimal balance 

between performance and efficiency. The primary focus of this 

study is to determine which of the three leading models—

Qwen3-1.7B-Base (Alibaba), Llama-3.2-1B (Meta), and 
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Gemma-2-2B (Google) is capable of generating the most 

accurate semantic representations for sarcasm classification. 

These three models were selected because they represent the 

diversity of large-scale training corpora and multilingual 

capabilities, including Indonesian. 

Although research on LLMs is advancing rapidly, the 

majority of current studies still focus on massive models with 

over 7 billion parameters, leaving a knowledge gap regarding 

the effectiveness of small-scale models in complex pragmatic 

tasks. Existing methods face significant challenges because 

large-scale models require extremely high computational 

costs, while small models often fail to capture the nuances of 

sarcasm due to limitations in pragmatic reasoning and in-depth 

semantic analysis. This phenomenon leads to predictive 

collapse in zero-shot conditions, where small-scale models 

tend to get trapped in dominant class biases due to their 

inability to distinguish between literal and intended meanings. 

The Low-Rank Adaptation (LoRA)-Multilayer Perceptron 

(MLP) framework was chosen as a solution because it 

combines the parameter adaptation efficiency of LoRA with a 

structured MLP classification layer, enabling 1B–2B-scale 

models to achieve strong semantic representations and correct 

classification bias without requiring massive computational 

resources. 

Sarcasm detection, however, is far from straightforward. 

The core difficulty lies in the inherent mismatch between what 

is said and what is actually meant, a gap that requires more 

than lexical analysis to bridge [22]. Unlike sentiment or topic 

classification, sarcasm often masquerades as a genuine 

statement, making it nearly invisible to models that rely solely 

on surface-level features [23]. The problem is further 

compounded in written communication, where vocal 

inflection, pauses, and facial expressions, cues that humans 

instinctively use to recognize irony, are entirely absent. Even 

when context is available, interpreting sarcasm frequently 

demands world knowledge or cultural familiarity that current 

models struggle to encode reliably [24]. From a practical 

standpoint, the field also faces a resource dilemma: LLMs 

have shown promise in capturing these pragmatic subtleties, 

yet their computational footprint makes them impractical for 

many real-world applications. Meanwhile, smaller and more 

efficient models tend to underperform precisely because 

sarcasm operates at a level of abstraction that shallow 

representations fail to capture [25]. These overlapping 

constraints, linguistic, contextual, and computational, form the 

central problem space that this study seeks to address. 

To provide a comprehensive evaluation, this study tests the 

model under two integrated evaluation conditions: zero-shot 

generative as a baseline and parameter-efficient fine-tuning 

(PEFT) via the LoRA method combined with an MLP 

Classifier Head. This methodology draws on a cross-learning-

paradigm evaluation framework for social media classification 

tasks. By comparing the performance of these three models on 

a balanced news headlines dataset, this study aims to provide 

recommendations on the most effective small-scale LLMs for 

NLP tasks that are sensitive to pragmatic context. The 

evaluation was conducted across two integrated testing 

conditions: a generative baseline and PEFT using LoRA [26], 

combined with a task-specific MLP Classifier Head. PEFT 

enables adaptation of pretrained models by updating a 

relatively small number of additional parameters [27], while 

LoRA specifically introduces trainable low-rank updates to 

selected pretrained layers [26] to assess the effectiveness of 

the model’s adaptation to a specific task. 

Despite the rapid advancement of LLMs, existing studies 

predominantly focus on models with over 7 billion parameters, 

leaving a critical knowledge gap regarding the effectiveness 

and failure modes of small-scale models (1B–2B parameters) 

in pragmatic tasks like sarcasm detection. Furthermore, 

baseline zero-shot deployments often suffer from severe 

classification bias, while standard fine-tuning can be 

computationally prohibitive. To address these challenges, this 

study proposes a LoRA-MLP hybrid framework for small-

scale decoder-only LLMs. The main contributions of this work 

are threefold: 

•Empirical analysis of predictive collapse: We identify and 

document the phenomenon of predictive collapse in small-

scale base LLMs under zero-shot conditions for sarcasm 

detection. 

•Hybrid adaptation framework: We propose a parameter-

efficient LoRA-MLP architecture that attaches a specialized 

classifier head to frozen 8-bit LLM backbones, achieving high 

accuracy with minimal parameter updates. 

•Cross-ecosystem small-LLM benchmarking: We provide a 

systematic evaluation comparing leading 1B–2B models 

(Qwen3-1.7B, Llama-3.2-1B, and Gemma-2-2B) across zero-

shot and fine-tuned paradigms on a standardized news 

headlines corpus. 

 

 

2. METHOD 

 

2.1 Research workflow 

 

This study follows a systematic approach comprising five 

main stages: (1) collection and selection of datasets, (2) data 

pre-processing, including undersampling and stratified 

splitting, (3) comparative experiments on three LLM models 

under two testing conditions, (4) comprehensive evaluation 

using classification metrics, and (5) in-depth analysis to 

determine which model is the best. 

 

2.2 Dataset characteristics and preprocessing 

 

This study uses the News Headlines Dataset for Sarcasm 

Detection, which consists of the sarcasm and non-sarcasm 

classes. The data was taken from a previous study conducted 

by Misra and Arora [21], where the data source consists of 

headlines collected from two news websites: The Onion and 

HuffPost. The reason for using this dataset is that the headlines 

are written by professionals in a formal style, with no spelling 

mistakes or informal language, unlike in social media-based 

datasets [28-30]. This reduces vocabulary sparsity and also 

increases the likelihood of finding pre-trained embeddings to 

improve performance [29]. The dataset will then undergo data 

balancing: as the initial distribution is unbalanced (11,724 

sarcastic vs 14,985 non-sarcastic), and the number of data 

points between classes is unbalanced, undersampling will be 

performed by taking the smallest number of classes present in 

the dataset, namely the “Sarcastic” class, so that the ratio 

becomes 1:1, with 11,724 non-sarcastic classes and 11,724 

sarcastic classes. A random undersampling technique is used 

to achieve a 1:1 ratio, resulting in a total of 23,448 samples. 

Random undersampling was chosen to efficiently achieve a 

balanced 1:1 class ratio, given that the number of “Sarcastic” 

data points (11,724) was still considered sufficient to train a 

1B-2B-scale model without significant loss of information. 

The datasets before and after undersampling are shown in 
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Table 1. 

Following class balancing, the dataset was split using the 

stratified split technique with a ratio of 80:10:10. The stratified 

split ensures that a 50:50 class distribution is maintained 

proportionally across each subset (training, validation, and 

test), thereby preventing any imbalance in class representation 

within any subset. The stratified split with a ratio of 80:10:10 

is shown in Table 2. 

 

2.3 Model selection 

 

We evaluated three decoder-only models across a parameter 

range of 1B–2B, representing architectures from different 

global developers: 

•Qwen3-1.7B-Base: A pretrained base language model 

from the Qwen3 family developed by the Qwen Team [31]. 

•Llama-3.2-1B: A lightweight text-only language model 

released by Meta as part of the Llama 3.2 family [32]. 

•Gemma-2-2B: A lightweight open language model from 

the Gemma 2 family developed by Google DeepMind, with a 

2-billion-parameter model configuration [33].  

These three models were selected because they represent 

three major ecosystems: Alibaba, Meta, and Google, with 

diverse training corpora and strong multilingual capabilities, 

and fall within the 1B–2B parameter range, which is the sweet 

spot between efficiency and performance. The main 

specifications of the selected models are summarized in Table 

3. 

 

Table 1. Dataset distribution table 

 

Condition Sarcasm 
Not 

Sarcasm 
Total Ratio 

Before 

Undersampling 
11.724 14.985 26.709 1:1,28 

After 

Undersampling 
11.724 11.724 23.448 

1:1 

(50:50) 

 

Table 2. Distribution of the dataset following an 80:10:10 

stratified split 

 

Subset 
Total 

Sample 
Sarcasm 

Not 

Sarcasm 
Function 

Training 

set (80%) 
18.758 9.379 9.379 

Training 

Model (for 

LoRA fine-

tuning) 

Validation 

set (10%) 
2.345 1.172 1.173 

Early stopping 

(for LoRA 

fine-tuning) 

Test set 

(10%) 
2.345 1.172 1.173 

Final 

evaluation (for 

zero-shot and 

LoRA fine-

tuning) 
Note: LoRA = Low-Rank Adaptation. 

 

Table 3. Specifications of the model used 

 

Model Developer Parameter 
Hidden 

Size 

Qwen3-1.7B Alibaba Cloud 1.7B 2.048 

Llama-3.2-

1B 
Meta AI 1B 2.048 

Gemma-2-2B 
Google 

DeepMind 
2B 2.304 

 

2.4 Experimental design 

 

The experiments were conducted under two main scenarios 

to test the model’s semantic representation capabilities, as 

shown in Table 4. 

 

Table 4. Experimental design 

 

Condition Description 
Sample 

Case 

Prediction 

Mechanism 

Zero-shot 

(baseline) 

Task instructions 

+ characteristics 

There 

isn't any 

Generate Teks → 

Parse 

‘Sarcasm/News’ 

LoRA fine-

tuning + 

MLP head 

Fine-tuning the 

entire training set 

with the INT8 + 

LoRA adapter 

backbone 

Train set 

(18.758) 

Sigmoid MLP 

Classifier Head 

(BCELoss) 

Note: MLP = Multilayer Perceptron, LoRA = Low-Rank Adaptation. 

 

2.5 Zero-shot generative (baseline) 

 

In this scenario, the model is provided with task instructions 

and descriptions of the characteristics of sarcasm and news, 

without any additional training. Predictions are made using 

greedy decoding with `max_new_tokens = 10`. The text 

output is then parsed into binary labels: 1 for ‘Sarcasm’ and 0 

for ‘News’. The design of the Zero-Shot Generative test is 

shown in Table 5. 

In the zero-shot setting, the prediction mechanism used is 

text generation with output parsing. The model is generated 

using greedy decoding with `max_new_tokens = 10` tokens, 

producing short response texts. The output is then parsed: if it 

contains ‘Sarcasm’ → label 1; if it contains ‘News’ → label 0; 

if neither → fallback to News (0). The evaluation metrics and 

results for the zero-shot setting are accuracy, F1 score, and 

macro F1. Evaluation is performed using an unseen test set 

(10% of the test data) by mapping the prediction results into a 

Confusion Matrix to obtain the values for True Positive (TP), 

True Negative (TN), False Positive (FP), and False Negative 

(FN). 

 

Table 5. Zero-shot generative testing design 

 
Component Contents 

Assignment 

instructions 
Classify headlines as 'Sarcasm' or 'News' 

Characteristics of 

sarcasm 

Exaggerated/absurd, ironic tone, 

humorous/satirical, unexpected 

combinations 

News 

characteristics 

Neutral tone, informative/descriptive, 

reports real events without irony 

Reference 

example 
None 

Output format 

command 

"Reply ONLY with 'Sarcasm' or 'News'. 

Do not explain." 

Decoding strategy Greedy decoding, max_new_tokens = 10 

 

2.6 Low-Rank Adaptation fine-tuning with a Multilayer 

Perceptron Classifier Head 

 

The LoRA fine-tuning with MLP Classifier Head test 

design is divided into four main blocks: the Preprocessing 

Layer (Tokenisation & Padding), where the raw news text 

(raw input text) is first converted into a sequence of tokens that 

can be understood by the machine. A padding process is 
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applied to ensure all inputs have a uniform sequence length 

before entering the model. The second block is the LLM 

Backbone with LoRA Adapters; this is the core component 

comprising the transformer layers of the selected model with 

LoRA adapters inserted. Only the trainable weights in the 

adapters are updated, whilst the main LLM layers are frozen 

in INT8 precision for computational efficiency. The third 

block is the EOS Pooling Layer. This layer takes the final 

vector representation of the closing token to summarize the 

entire semantic meaning of the sentence into a single compact 

vector representation. The fourth block is the MLP Classifier 

Head. The pooled vector is then passed to an additional neural 

unit (MLP) specifically designed for classification. This block 

contains four operations: a Linear Layer, which transforms the 

feature dimensions from the model’s hidden size to 256 units; 

ReLU and Dropout, to introduce non-linearity and prevent 

overfitting; and a Sigmoid Output Layer, to convert the final 

numerical score into a probability value between 0 and 1. 

Values close to 1 are classified as Sarcasm, whilst values close 

to 0 are classified as News. The test design is shown in Figure 

1. 

 

 
 

Figure 1. Test design architecture for Low-Rank Adaptation (LoRA) fine-tuning with a Multilayer Perceptron (MLP) Classifier 

Head 

 

To improve accuracy, the researchers applied PEFT using 

the LoRA method. 

•LoRA Configuration: Using rank (r) = 8, alpha = 16, and 

the module target at qproj and vproj. 

•Architecture: The model uses INT8 quantization. The 

output from the transformer layers is processed through an 

EOS Pooling Layer and fed into the MLP Classifier Head. The 

weight update in the transformer layer is defined as: 

 

ℎ =  𝑊0𝑥 +  𝛥𝑊𝑥 =  𝑊0𝑥 +  𝐵𝐴𝑥 

 

where, ℎ is the output, 𝑊0 is the frozen weight matrix, ∆𝑊 is 

the weight update matrix, and B and A are low-rank matrices. 

•Classifier head: Consists of a Linear Layer (with 256 

hidden units), ReLU activation, Dropout (p = 0.10), and a final 

linear layer with Sigmoid activation to produce binary 

probabilities. 

•Hyperparameters: Training was carried out using a 

learning rate of 2 × 10⁻⁴, an effective batch size of 16, and 

Binary Cross-Entropy Loss (BCELoss) for a maximum of 10 

epochs with early stopping. 

 

2.7 Evaluation metrics 

 

Model performance was evaluated quantitatively using 

accuracy, macro precision, macro recall, and macro F1-score. 

In addition, a confusion matrix was used to analyze 

classification errors (FPs and FNs) in order to identify model 

bias in specific classes. 

All experiments were conducted on an NVIDIA RTX 3090 

GPU with 24GB VRAM. The models were trained using a 

learning rate of 2 × 10⁻⁴, a batch size of 16, and a dropout rate 

of 0.1. Early stopping was applied with a patience of 3 epochs. 

The selected models represent diverse architectures from 

major AI ecosystems (Alibaba, Meta, and Google), enabling 

comprehensive comparison. Because the models were 

evaluated on the same held-out test instances, statistical 

significance was assessed using McNemar's test on the paired 

classification outcomes. The test evaluates whether the two 

compared classifiers exhibit significantly different error 

patterns on the same test instances. Statistical significance was 

determined using a threshold of p < 0.05. 
 

 

3. RESULT 

 

3.1 Zero-shot generative performance 

 

Under zero-shot conditions, the three models were tested 

using a single prompt template containing task instructions 

and descriptions of the characteristics of Sarcasm and News. 

The results of the first test, conducted under zero-shot 

generative conditions, revealed significant differences in 

performance among the three models in capturing the semantic 

representation of sarcasm without additional training. A 

summary of the evaluation metrics is presented in Table 6. 

 

Table 6. Performance of zero-shot large language models (LLMs) (1B–2B parameters) 

 
Model Parameter Accuracy Macro Precision Macro Recall Macro F1-Score 

Qwen3-1.7B-Base 1.7 Billion 0.5365 0.6887 0.5367 0.4197 

Llama-3.2-1B 1 Billion 0.507 0.5708 0.5068 0.363 

Gemma-2-2B 2 Billion 0.4998 0.4722 0.4996 0.3362 
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Table 7. Comparison of models without fine-tuning 

 

Model 
TN (News 

→ News) 

FP (News 

→ Sarc) 

FN (Sarc 

→ News) 

TP (Sarc 

→ Sarc) 

Qwen3-

1.7B-

Base 

103 1,070 17 1,155 

Gemma-

2-2B 
1,168 5 1,17 2 

Llama-

3.2-1B 
1,152 21 1,135 37 

Note: TP = True Positive, TN = True Negative, FP = False Positive, FN = 
False Negative. 

 

Qwen3-1.7B-Base has the highest accuracy and detects 

almost all instances of sarcasm (TP = 1,155, Sarcasm recall = 

0.5367), but almost always misclassifies ‘News’ as ‘Sarcasm’ 

(FP = 1.070). Conversely, Gemma-2-2B and Llama-3.2-1B 

detect almost no sarcasm at all (TP of 2 and 37, respectively). 

This contrasting pattern suggests that without fine-tuning, base 

models tend to fall into a single dominant class, as shown in 

Table 7. 

 

3.2 Analysis of model bias and confusion matrix 

 

The distribution of predictions under zero-shot conditions 

shows that all three models tend to ‘collapse’ into a single 

dominant class. This phenomenon can be seen in the following 

confusion matrix: 

Qwen3-1.7B-Base: This model demonstrates very high 

sensitivity to the sarcasm class, with a TP rate of 1,155 and a 

Recall of 0.5367. However, the model fails to distinguish 

normal news, resulting in a very high FP rate (1.070), whereby 

almost all news text is classified as sarcasm. The confusion 

matrix for Qwen3-1.7B is shown in Figure 2. 

Llama-3.2-1B and Gemma-2-2B: In contrast to Qwen3, 

these two models are barely capable of detecting sarcasm in 

generative tasks. Llama-3.2-1B produced only 37 TPs, whilst 

Gemma-2-2B produced just 2 TPs. The majority of the test 

data was classified as News, resulting in very high FN rates 

(1.135 for Llama and 1.168 for Gemma). The confusion matrix 

for Llama-3.2-1B and Gemma-2-2B is shown in Figure 3. 

 

 
 

Figure 2. Confusion matrix for qwen3-1.7B-base 

 

 
 

Figure 3. Confusion matrix for Llama-3.2-1B and Gemma-2-2B 

 

Table 8. Test results using Low-Rank Adaptation (LoRA) fine-tuning + Multilayer Perceptron (MLP) Classifier Head 

 
Model Best Epoch Accuracy Precision Recall F1-Score AUC-ROC 

Qwen3-1.7B 7 0.9390 0.9393 0.9390 0.9390 0.9658 

Gemma-2-2B 8 0.9599 0.9599 0.9599 0.9599 0.9810 

Llama-3.2-1B 4 0.9463 0.9465 0.9463 0.9463 0.9783 
Note: AUC-ROC = area under the receiver operating characteristic curve. 
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3.3 Second test results—Low-Rank Adaptation fine-tuning 

+ Multilayer Perceptron Classifier Head 

 

In the LoRA fine-tuning scenario, all three models were 

fine-tuned using the LoRA configuration (r = 8, alpha = 16) 

with an INT8-quantised backbone and an MLP Classifier 

Head. The results of the fine-tuning, including Accuracy, 

Precision, Recall, F1-Score, and AUC-ROC, are shown in 

Table 8. 

Table 8 shows that Gemma-2-2B achieved the highest F1 

score on the test set (0.9599), followed by Llama-3.2-1B 

(0.9463) and Qwen3-1.7B (0.9390). The superior performance 

of Gemma-2-2B can be attributed to several architectural and 

training factors. First, Gemma-2-2B employs grouped-query 

attention and sliding window attention mechanisms, which 

enhance its ability to capture long-range dependencies critical 

for detecting subtle sarcastic patterns. Second, its pre-training 

on a diverse multilingual corpus may have exposed it to a 

broader range of figurative language constructs. In contrast, 

Qwen3-1.7B's strong zero-shot sarcasm bias may stem from 

its instruction-following pre-training objectives, which 

predispose it toward certain token sequences. Llama-3.2-1B's 

earlier convergence at epoch 4 suggests a risk of underfitting, 

potentially limited by its smaller parameter budget. These 

differences underscore that model architecture and pre-

training design, beyond parameter count alone, are decisive 

factors in pragmatic NLP tasks such as sarcasm detection. 

 

 
 

Figure 4. Training and validation curve for Qwen3-1.7B base + Low-Rank Adaptation (LoRA) 

 

 
 

Figure 5. Training and validation curve for Llama 3.2 1B + Low-Rank Adaptation (LoRA) 

 

 
 

Figure 6. Training and validation curve for Gemma 2 2B + Low-Rank Adaptation (LoRA) 
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The AUC-ROC for all three is above 0.96, indicating 

excellent discrimination/classification ability between the two 

classes. Training was then carried out for all three models 

using LoRA, with a maximum of 10 epochs and early stopping 

set at 3 epochs. The Qwen3-1.7B model achieved its best 

performance at the 7th epoch with a validation F1 score of 

0.9488, as shown in Figure 4. 

The Llama 3.2 1B model achieved its best performance in 

the fourth epoch, with a validation F1 score of 0.9612, as 

shown in Figure 5. 

The Gemma 2 2B model achieved its best performance in 

the 8th epoch, with a validation F1 score of 0.9655, as shown 

in Figure 6. 

3.4 Comparison of the performance of the proposed model 

 

Table 9 presents a contextual comparison between the 

results reported in previous studies on news-headline sarcasm 

detection and the results obtained in this study using LoRA 

fine-tuning with an MLP Classifier Head. Because dataset 

versions, preprocessing procedures, data splits, and evaluation 

protocols may differ across studies, the values in Table 9 are 

not treated as a strictly controlled benchmark. The comparison 

is therefore intended to provide contextual evidence rather 

than a definitive numerical superiority claim. 

 

 

Table 9. Contextual comparison with previous news-headline sarcasm detection studies 

 
Study Model Dataset Accuracy (%) Recall (%) Precision (%) F1-Score (%) 

Ali et al. [2] GMP-LSTM News Headlines 92,5486 97,5473 98,2501 98,3913 

Roy et al. [34] CBMPABiLSTM News Headlines 95,84 96,14 95,25 96,20 

This study Qwen3-1.7B + LoRA + MLP News Headlines 93,90 93,90 93,93 93,90 

This study Llama-3.2-1B + LoRA + MLP News Headlines 94,63 94,63 94,65 94,63 

This study Gemma-2-2B + LoRA + MLP News Headlines 95,99 95,99 95,99 95,99 
Note: GMP-LSTM = Global Max Pooling–Long Short-Term Memory, CBMPABiLSTM = Convolutional Blocks–MaxPooling–Attention–Bidirectional Long 

Short-Term Memory, MLP = Multilayer Perceptron, LoRA = Low-Rank Adaptation. 

 

Table 9 provides contextual evidence regarding the 

performance of the proposed models in relation to previous 

studies on news-headline sarcasm detection. Among the three 

models evaluated in this study, Gemma-2-2B achieved the 

highest test F1-score of 95.99%, followed by Llama-3.2-1B 

with 94.63% and Qwen3-1.7B with 93.90%. These results 

indicate strong performance on the evaluated benchmark; 

however, they should not be interpreted as definitive evidence 

of superiority over previous studies because differences in 

dataset versions, preprocessing, data splits, and evaluation 

protocols may affect the reported results. Furthermore, the 

consistency of accuracy, precision, and recall values across the 

three models indicates a balanced distribution of predictions 

between the “sarcasm” and “news” classes. 

These findings demonstrate that small-scale LLMs in the 1–

2 billion parameter range can achieve high detection accuracy 

when paired with structured adaptation strategies such as 

LoRA and an MLP Classifier Head, offering a 

computationally viable solution for deployment on 

constrained hardware. 

 

 

4. CONCLUSION  

 

This study successfully evaluated the semantic 

representations of three small-scale LLMs, Qwen3-1.7B-Base, 

Llama-3.2-1B, and Gemma-2-2B, for the task of classifying 

sarcasm in news articles. Based on the results of the 

experiments conducted, it can be concluded that under zero-

shot generative conditions, Qwen3-1.7B-Base achieved the 

highest accuracy of 0.5365 and a macro F1-score of 0.4197 

compared to its competitors. However, an in-depth analysis 

using a confusion matrix revealed that this performance was 

driven by a strong bias towards the sarcasm class, where the 

model successfully detected almost all sarcasm data TP = 

1,155 but failed to accurately identify normal news FP = 1.070. 

Conversely, the Llama-3.2-1B and Gemma-2-2B models 

exhibited failure patterns that ran counter to the highly 

conservative classification tendencies observed in the News 

class. These findings provide empirical evidence that language 

models with a parameter range of 1B–2B have limitations in 

pragmatic reasoning without additional adaptation. The use of 

PEFT techniques such as LoRA with an MLP Classifier Head 

has proven to be a crucial step in correcting class bias and 

aligning the model’s understanding with the complex 

linguistic features of sarcasm. 

Limitations and threats to validity: A key limitation of this 

study lies in the scope of the evaluation dataset. The News 

Headlines Dataset comprises curated, grammatically 

structured headlines from professional sources (The Onion and 

HuffPost). While this minimizes lexical noise and spelling 

variations, formal headlines lack the informal constructs 

typical of social media platforms, such as slang, emojis, 

chaotic punctuation, and conversational context. 

Consequently, while our LoRA-MLP framework 

demonstrates strong efficiency on structured text, performance 

claims regarding "real-world deployment" should be 

contextualized. Future work must validate this framework on 

noisy, highly informal social media corpora (e.g., Twitter, 

Reddit) and multimodal contexts. 

As a recommendation, although Qwen3 demonstrates the 

potential for more nuanced representations in zero-shot 

scenarios, practical implementation for sarcasm detection on 

small-scale models still requires a structured fine-tuning 

phase. Further research could explore the use of more diverse 

datasets or more specific optimisation of LoRA 

hyperparameters to balance precision and recall in these 

efficient models. This study is limited to the use of the News 

Headlines dataset; future research is expected to explore 

datasets from social media, which feature a wider variety of 

informal language. In addition, testing could also be carried 

out on larger public datasets, using multilingual data, or on 

other recent small-scale LLM variants to further validate the 

LoRA-MLP framework. 
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