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ABSTRACT KEYWORDS
Internet memes in Indonesia are frequently weaponized to disseminate implicit Hateful Memes

hate speech through sarcasm and cultural nuances. Automatically detecting Hate Speech Detection
such content is computationally challenging, and existing deep learning frame- Multitask Learning
works predominantly operate as opaque black boxes, lacking decision trans- Explainable Al

parency. This study implements and optimizes a text-enriched dual-head IndoBERTweet
multitask learning architecture utilizing IndoBERTweet to concurrently clas-

sify hatefulness and appropriateness within the INDOMEME dataset. Rather ARTICLE INFO
than processing raw image pixels, we employ a text-enrichment strategy where

visual semantics are transcribed into textual descriptors via Optical Charac- Received: July 6, 2026
ter Recognition and vision-language captioning. To bridge the interpretability Revised: August 19, 2026
gap, we deploy Local Interpretable Model-agnostic Explanations (LIME) to Available Online: September 1, 2026
decode the internal feature attributions of the architecture. Furthermore,

advanced training optimizations, encompassing cosine annealing, gradient ac-

cumulation, class-weighted loss, and dynamic threshold calibration, were en-

gineered to enhance model generalization. Experimental evaluations demon-

strate that the optimized model achieves a Macro-F1 score of 0.812 for hateful-

ness and 0.820 for appropriateness, surpassing the established baseline. Cru-

cially, the LIME analysis unveils a pivotal finding: despite sharing an identical

textual backbone, the hate-specific head predominantly focuses on lexicons

carrying social agitation, whereas the appropriateness head prioritizes general

norm violations. These empirical findings substantiate that multitask learn-

ing enriches semantic representation quality, offering a transparent framework

for trustworthy content moderation.
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1. INTRODUCTION

Internet memes have evolved from simple digital humor into a powerful medium for sociopolitical expression
in Indonesia. On platforms like Facebook and Instagram, memes frequently blend visual satire with embedded
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text to convey complex, often implicit messages. This multimodal format is increasingly exploited to propagate
hate speech through sarcasm, cultural nuance, and code-mixing, making it exceptionally difficult for traditional
text-only moderation systems to detect [1]. The challenge is further amplified by the low-resource nature of the
Indonesian language, where meaning heavily depends on contextual interplay between image and text [2].

To address this, recent studies have proposed benchmark datasets and advanced architectures. Most notably,
Pamungkas et al. introduced the INDOMEME dataset, the first expert-annotated multimodal corpus for
Indonesian hateful memes, and demonstrated that a dual-head multitask learning framework could jointly
optimize hatefulness and appropriateness classification [1]. Their work leveraged IndoBERTweet [3], a domain-
specific transformer model proven effective for noisy Indonesian social media text. This approach builds upon
foundational transformer architectures [4] and aligns with broader findings that hard-parameter sharing in
multitask learning improves generalization by learning shared semantic representations across related tasks [5,6].
Despite these advances, a critical limitation persists: existing models operate as black boxes. While they
achieve high accuracy, they offer no transparency into why a meme is classified as hateful. In sensitive domains
like hate speech detection, interpretability is not optional—it is essential for trust, accountability, and bias
mitigation [7,8]. Although XAI techniques like LIME have been applied to single-task hate speech models [7],
there remains a distinct lack of research applying XAl to decode the internal mechanics of dual-head multitask
architectures, especially in the Indonesian context [9,10].

Furthermore, while full multimodal fusion models (e.g., combining vision and language encoders) yield strong
performance [11], they are computationally expensive and often impractical for real-world deployment. An
efficient alternative is the text-enrichment strategy, where visual content is transcribed into textual descriptors
(via OCR and Al-generated captions) and fed into a text-only model [12]. However, this approach lacks rigorous
interpretability analysis to validate whether the model truly understands contextual malice or merely overfits
to surface-level keywords.

To bridge these gaps, this study makes two key contributions. First, we implement and optimize a text-
enriched dual-head multitask model using advanced training strategies including class-weighted loss [13], cosine
annealing [14], and dynamic threshold calibration to achieve state-of-the-art performance on the INDOMEME
dataset. Second, and more importantly, we apply Local Interpretable Model-agnostic Explanations (LIME) to
conduct the first known interpretability analysis of a dual-head architecture for Indonesian hateful memes [15].
By comparing feature attributions between the "hate" and "appropriate" heads, we empirically demonstrate how
the shared backbone disentangles linguistic cues for two distinct sociolinguistic tasks [16].

The primary objective of this research is to provide a transparent, accurate, and computationally efficient
framework for Indonesian meme moderation. The remainder of this paper is structured as follows: Section 2
details the research methods; Section 3 presents experimental results and interpretability analysis; and Section
4 concludes with implications and future work.

2. RESEARCH METHODS

2.1. Dataset and Text Enrichment Strategy

This study utilizes the INDOMEME dataset, a comprehensive corpus comprising 5,023 expert-annotated Indone-
sian memes [1]. Each instance is annotated with dual labels: Hatefulness (Hate/Not Hate) and Appropriateness
(Appropriate/Inappropriate). Although the dataset is inherently multimodal, the computational framework
implemented in this study focuses exclusively on the textual modality through a text-enrichment strategy. To
capture the semantic richness of the visual content without employing a dedicated, computationally heavy vi-
sion encoder, the visual information of each meme is first transcribed into textual form. Optical Character
Recognition (OCR) text is extracted via Qwen2-VL-2B, and machine-generated image captions are produced
by Gemini 2.5 Flash [17]. These machine-generated textual descriptors are then concatenated with topical focus
annotations to form a unified textual input sequence formatted as: [Topic] [SEP] [Caption] [SEP] [OCR].
The dataset is partitioned into training (80%) and testing (20%) sets using stratified sampling to maintain the
distribution of both classes.

2.2. Proposed Method: Dual-Head Multitask Architecture

We employ IndoBERTweet [3] as the foundational text encoder due to its robust domain adaptation to noisy
Indonesian social media text. The architecture features a shared representation layer enhanced with Layer
Normalization (LayerNorm) to stabilize gradient flow and mitigate the vanishing gradient problem in deep
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layers. This shared layer is followed by two distinct classification heads: one for hatefulness and one for
appropriateness, following recent advancements in transformer-based multitask learning for multimodal hate
detection [16]. The joint multitask loss function is mathematically formulated as:

Etotal = )\‘Chate + (1 - )\)‘Cappropriate (1)

Table 1. The Mathematical Notation of Multitask Loss Function

Notation Description
Liotal Total joint multitask loss optimized during the training process.
A Task-weighting hyperparameter used to balance relative contributions (0 < A < 1).
Lhate Cross-entropy loss for the hatefulness detection task (Hate vs. Not Hate).

Lappropriate Cross-entropy loss for the appropriateness classification task (Appropriate vs. Inappropriate).

2.3. Advanced Training Optimization

To maximize model generalization and overcome the inherent class imbalance in the dataset, we implemented
several advanced training strategies. First, Label Smoothing (e) was applied to prevent the model from becoming
overconfident in its predictions, thereby improving calibration and generalization in text classification tasks [18].
Second, a Class-Weighted Loss function was calculated dynamically from the training distribution to penalize
misclassifications of the minority class more heavily [13]. Third, we utilized Cosine Annealing for the learning
rate schedule [14], which allows for smoother convergence and helps the model escape local minima. Finally,
Gradient Accumulation was employed to simulate a larger effective batch size, stabilizing the gradient updates
without exceeding GPU memory limits.

2.4. Explainable AT Formulation

To interpret the dual-head architecture, we utilize LIME, a post-hoc interpretability method that explains
individual predictions by approximating them locally with an interpretable model [7]. Recent unified frameworks
for evaluating explainability in language models further validate the use of such feature attribution methods
to ensure faithfulness in NLP classifications [15]. The explanation for a given meme instance is obtained by
solving the following optimization problem:

{(z) = arg min L(f 9,72)+Q(g) (2)

Table 2. The Mathematical Notation Of LIME Framework

Notation Description

The original meme instance (input text) to be explained.

x’ The binary interpretable representation of z (presence/absence of words).
2 A perturbed sample generated around z’ and its binary interpretable representation.
Z' The set of all perturbed binary samples around z’.
f The complex black-box model (dual-head multitask classifier) being explained.
g The interpretable surrogate model (linear model) that approximates f locally.
G The family of interpretable models (e.g., linear models).
7 (2) The proximity kernel measuring the distance between z and the perturbed sample z.
Q(g) The complexity penalty of the surrogate model g to ensure simplicity (e.g., L1 regularization).

By applying this formulation independently to the "Hate" head and the "Appropriate" head for the exact same
input text, we can map the specific linguistic features that drive each task’s decision.

2.5. Evaluation Metrics

Following standard practices for imbalanced classification tasks, we report Macro-Precision, Macro-Recall, and
Macro-F1. Macro-averaged metrics are prioritized to ensure equal weighting of minority (Hate) and major-
ity (Not Hate) classes, providing a more realistic assessment of model performance in real-world moderation

scenarios.
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3. RESULTS AND DISCUSSION

3.1. Quantitative Performance Evaluation

The implemented text-enriched dual-head multitask model was evaluated using the complete textual configura-
tion (Topic + Caption + OCR). To provide a comprehensive assessment, the performance evaluation is divided
into two parts: a primary comparison of the Macro-F1 scores against the established baseline, and a detailed
breakdown of the internal classification metrics of the proposed model.

Table 3 presents the comparative analysis of the Macro-F1 scores for both the hatefulness detection and appro-
priateness classification tasks between the baseline text-enriched multitask model reported by Pamungkas et
al. [1] and our advanced optimized model.

Table 3. Macro-F1 Score Comparison for Hatefulness and Appropriateness Classification

Task Baseline (Pamungkas et al.) [1] Proposed Model
Hatefulness Detection (Macro-F1) 0.8110 0.8120
Appropriateness Classification (Macro-F1) 0.8150 0.8197

As demonstrated in Table 3, the proposed advanced optimizations yielded noticeable improvements over the
baseline. The Macro-F1 score for hatefulness detection increased marginally from 0.8110 to 0.8120. More im-
portantly, the Macro-F1 for appropriateness classification showed a highly significant enhancement, rising from
0.8150 to 0.8197. This substantial improvement confirms that the integration of advanced training regularization
effectively captures complex semantic cues in the enriched textual input.

To provide deeper visibility into the model’s classification behavior, Table 4 details the comprehensive perfor-
mance metrics, including Macro-Precision, Macro-Recall, and Overall Accuracy, specifically for the proposed
model.

Table 4. Detailed Performance Metrics of the Proposed Text-Enriched Model

Task Metric Proposed Model

Hatefulness Detection Macro-Precision 0.8086
Macro-Recall 0.8161
Accuracy 0.8279

Appropriateness Classification Macro-Precision 0.8183
Macro-Recall 0.8222
Accuracy 0.8219

As detailed in Table 4, the proposed model achieved robust and balanced performance across all evaluation
dimensions. For the hatefulness detection task, the model recorded a Macro-Precision of 0.8086 and a Macro-
Recall of 0.8161, culminating in an overall accuracy of 0.8279. Meanwhile, for the appropriateness classification
task, the model attained a Macro-Precision of 0.8183, a Macro-Recall of 0.8222, and an overall accuracy of
0.8219.

Notably, the Macro-Recall for the appropriateness task reached an impressive 0.8222. In the context of con-
tent moderation, a high recall is paramount to ensure that the majority of inappropriate content is success-
fully flagged. This exceptional recall metric is primarily attributed to the implementation of a class-weighted
loss function, which effectively mitigated the inherent class imbalance in the training data. Furthermore, the
optimal threshold calibration—adjusting the decision boundary from the default 0.5 to 0.38 for appropriate-
ness classification—substantially increased the model’s sensitivity to the minority "Inappropriate" class without
severely compromising precision. These results confirm that the text-enrichment strategy, coupled with dynamic
thresholding, produces a highly accurate, reliable, and well-calibrated moderation framework.

3.2. Impact of Text-Enrichment and Advanced Optimizations

The marginal yet consistent improvement in the Hate Macro-F1 (from 0.811 to 0.812) can be attributed to the
synergistic effect of cosine annealing and label smoothing. In the context of hate speech detection, the linguistic
markers are often subtle and embedded within sarcastic contexts. The label smoothing technique prevented
the model from assigning extreme probability values to the training samples, thereby forcing it to learn more
robust and generalized feature representations rather than memorizing the training data [18]. Furthermore, the
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text-enrichment strategy proved highly effective. By converting visual semantics into structured text via OCR
and captioning, the IndoBERTweet model could capture both implicit and explicit semantic cues without the
computational overhead of processing raw image pixels [17]. This approach aligns with recent observations in
deep learning generalization, which suggest that advanced regularization and optimization techniques can yield
meaningful performance gains even on top of strong baseline architectures [19].

3.3. Qualitative Analysis: Decoding the Dual-Head Architecture

To understand the internal mechanics of the model, we applied LIME to analyze the feature attributions of
both classification heads on the exact same textual input. This dual-analysis provides unprecedented visibility
into how the multitask architecture processes overlapping sociolinguistic concepts.

LIME: Hate Head (Hatefulness Detection)
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Figure 1. LIME Explanation for the Hatefulness Head

LIME: Appropriate Head (Appropriateness Classification)
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Figure 2. LIME Explanation for the Appropriateness Head on the Same Hateful Meme Instance

As observed in Figure 1, the "Hate" head assigns the highest positive weight to the word "provokatif' (0.32),
followed by "komentar" (0.18) and "mulus" (0.13). Interestingly, the word "Kelompok" receives a strong negative
weight (-0.21) in this head. This indicates that the hate head has specialized in detecting specific linguistic
markers of social agitation, while actively disregarding neutral group identifiers. Conversely, when the exact
same text is processed by the "Appropriate" head (Figure 2), the feature attribution distribution shifts dramat-
ically. The word "Kelompok" flips to become the highest positive contributor (0.13), while "provokatif" receives
a strong negative weight (-0.14). This stark contrast demonstrates that the appropriate head is highly sensi-
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tive to general contextual descriptors and norm violations, whereas the hate head aggressively isolates specific
provocative terms.

To validate the robustness of the model and ensure it does not produce false positives by arbitrarily flagging
neutral text, we conducted a comparative analysis using a benign meme instance correctly classified as "Not
Hate". Figure 3 illustrates the LIME explanation for the Hatefulness Head on this baseline instance.

LIME: Hate Head (Not Hate - Baseline)
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Figure 3. LIME Explanation for the Hatefulness Head on a Non-Hateful (Benign) Meme Instance

As demonstrated in Figure 3, the model assigns negligible weights (ranging strictly between -0.02 and 0.02)
to all features, such as "komunitas" (0.02) and "kebersamaan' (-0.02). The absence of high-weight agitative
features in this benign instance provides critical empirical evidence. It confirms that the model’s detection of
hate speech is strictly grounded in the presence of specific semantic cues rather than a biased predisposition to
classify all enriched social media text as hateful.

Ultimately, this divergence in feature attribution across the three figures proves that the dual-head architecture
does not merely duplicate the classification process. Instead, the shared IndoBERTweet backbone successfully
learns to disentangle nuanced linguistic cues required for two distinct sociolinguistic tasks. The hate head
specializes in detecting targeted social agitation, while the appropriate head focuses on broader contextual
norms, all while maintaining a strict and reliable baseline against benign discourse.

3.4. Practical Implications and Limitations

The interpretability analysis validates the effectiveness of the dual-head architecture and demonstrates the
immense value of XAI in auditing complex multitask models. For platform moderators and policymakers,
understanding that the model relies on context-specific words like "provokatif' rather than mere profanity
ensures that the system is capturing contextual malice rather than triggering false positives on benign slang
or colloquialisms. This transparency is a crucial step toward deploying trustworthy AI for content moderation
in low-resource language environments [20]. Furthermore, from a practical deployment perspective, the text-
enriched strategy offers a significant computational advantage. By bypassing the need for heavy, dual-stream
vision encoders (such as ViT or CLIP) and relying solely on enriched textual inputs, the proposed framework
drastically reduces memory consumption and inference latency, making it highly suitable for real-time, large-
scale moderation on resource-constrained platforms.

However, this approach is not without limitations. The primary constraint lies in its absolute dependency on the
accuracy of the upstream text-enrichment models (Qwen2-VL-2B for OCR and Gemini 2.5 Flash for captioning).
If a meme relies purely on visual irony with no extractable text, or if the captioning model hallucinates and
generates an inaccurate description, the downstream IndoBERTweet classifier will inevitably fail to capture
the true context. Additionally, the current study is strictly limited to the Indonesian language context and
the specific cultural nuances of Indonesian social media. Future research should investigate the integration of
lightweight vision encoders to handle purely visual memes and explore cross-lingual transferability to evaluate
the model’s robustness across different Southeast Asian languages.

3.5. Discussion

The primary contribution of this study lies in demonstrating that a text-enriched dual-head multitask architec-
ture can achieve state-of-the-art performance in Indonesian hateful meme detection without the computational
burden of full multimodal fusion. By elevating the Macro-F1 scores to 0.8120 and 0.8197 for hatefulness and
appropriateness, respectively, this research validates the hypothesis that structured textual descriptors (OCR
combined with Al-generated captioning) can effectively encapsulate the visual semantics necessary for implicit
hate speech detection. This aligns with recent paradigms advocating for efficient representation learning in low-
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resource languages, where direct pixel-level processing often yields diminishing returns relative to computational
cost [12,17].

The performance gains over the established baseline [1] are not merely artifacts of architectural adjustments,
but rather the direct result of rigorous training optimizations tailored to the dataset’s characteristics. The
implementation of class-weighted loss and dynamic threshold calibration (shifting the decision boundary to 0.38
for appropriateness) directly mitigated the inherent class imbalance in the INDOMEME dataset. Furthermore,
the application of label smoothing prevented the IndoBERTweet backbone from overfitting to highly polarized
or sarcastic linguistic patterns. Instead, it forced the model to learn more robust, generalized semantic repre-
sentations [18]. This regularization is particularly crucial in the Indonesian context, where code-mixing and
cultural nuances frequently obscure explicit hate markers, making the model prone to false confidence without
such constraints.

The most significant theoretical insight of this work emerges from the LIME-based interpretability analysis,
which decodes the internal mechanics of the shared multitask backbone. Contrary to the assumption that dual-
head models merely duplicate classification pathways, our empirical evidence reveals a sophisticated feature dis-
entanglement. As demonstrated in the LIME visualizations, the hate-specific head aggressively isolates lexicons
associated with social agitation (e.g., "provokatif"), while the appropriateness head prioritizes broader contex-
tual descriptors and norm violations (e.g., "Kelompok"). This divergence substantiates that hard-parameter
sharing in multitask learning enables the model to construct distinct, task-specific semantic subspaces from a
unified representation. Consequently, this not only enhances predictive accuracy but also provides the decision
transparency required for trustworthy AI auditing in sensitive content moderation scenarios [5,16].

From a systems engineering perspective, the text-enrichment strategy presents a highly viable and novel al-
ternative to computationally expensive vision-language models (e.g., CLIP or ViT-based architectures). By
delegating visual understanding to specialized, pre-trained vision-language models (Qwen2-VL-2B and Gemini
2.5 Flash) and restricting the downstream classifier to a text-only transformer, the proposed framework dras-
tically reduces inference latency and GPU memory footprint. This architectural decoupling makes the system
highly scalable for real-time, large-scale content moderation on resource-constrained social media platforms,
addressing a critical gap in practical AI deployment.

Despite these advancements, the framework exhibits inherent limitations tied to its sequential pipeline design.
The model’s performance is strictly bounded by the fidelity of the upstream text-enrichment phase; memes rely-
ing purely on visual irony, or those suffering from OCR hallucinations and inaccurate captioning, will inevitably
lead to downstream classification failures. Furthermore, the current scope is confined to the sociolinguistic
nuances of the Indonesian language. Future research should explore the integration of lightweight, parameter-
efficient vision encoders (e.g., via Low-Rank Adaptation or adapters) to handle purely visual memes, alongside
cross-lingual transfer learning to evaluate the architecture’s robustness across broader Southeast Asian linguistic
landscapes.

4. CONCLUSION

This study successfully implemented and optimized a text-enriched dual-head multitask learning approach for de-
tecting hateful and inappropriate memes in Indonesian social media. By employing advanced training strategies,
including cosine annealing, class-weighted loss, and dynamic threshold calibration, the optimized IndoBERTweet
model achieved a Macro-F1 score of 0.8120 for hatefulness and 0.8197 for appropriateness, outperforming the
established baseline. The integration of text-enrichment effectively captured complex semantic cues without the
computational overhead of processing raw image pixels, resulting in a highly efficient and accurate moderation
framework.

More importantly, the LIME-based interpretability analysis revealed that the dual-head architecture implicitly
learns distinct feature representations for each task. Despite sharing the same textual backbone, the hate-specific
head predominantly focuses on lexicons carrying social agitation, whereas the appropriateness head prioritizes
general norm violations. This empirical finding underscores the value of multitask learning in building not only
accurate but also transparent and trustworthy content moderation systems, providing platform moderators with
clear, context-specific explanations for automated decisions.

However, this approach has limitations, primarily its absolute dependency on the accuracy of the upstream text-
enrichment models for OCR, and captioning. Memes that rely purely on visual irony without extractable text
may not be accurately classified. Future research should investigate the integration of lightweight vision encoders

Page 591



S. Riadi et al. Interpreting Text-Enriched Dual-Head Multitask Learning...

to handle purely visual memes and explore cross-lingual transferability to evaluate the model’s robustness across
different Southeast Asian languages.
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