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This study investigates automated multi-label detection of hate speech and
abusive language (HSAL) in Indonesian social media, addressing challenges
of data imbalance, especially in minority labels. Two training approaches are
compared: standard supervised learning and meta-learning using the model-
agnostic meta-learning (MAML) algorithm. IndoBERTweet-BiGRU is
adopted as the baseline model, while MAML is leveraged to enhance
generalization and adaptability with limited training data. Both models are
trained on a multilabel dataset with 13 HSAL categories exhibiting highly
imbalanced distributions. The best supervised model achieved an F1-Micro
of 84.02% and an Fl-macro of 77.97%, whereas the best MAML-trained
model reached 84.12% and 76.85%, respectively. Although the overall gap
is small, MAML demonstrates notable improvements on minority classes
such as hate speech (HS) physical, gender, and race, shown through higher
Fl-score and area under the receiver operating characteristic curve
(AUROC) values. These results highlight its strength in low-resource
classification settings. This study is limited to Indonesian language and
YouTube transcript contexts, and MAML incurs higher training complexity.
Cultural and linguistic nuances also present potential bias in real-world use.
Despite these constraints, the proposed system offers practical benefits by
enabling fine-grained HSAL classification and supporting earlier detection
of harmful online content.
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1. INTRODUCTION

The rapid dissemination of harmful and aggressive content on the internet, including hate speech
(HS) and abusive behavior, poses significant risks to online communities, particularly in digital environments
that lack emotional regulation and are prone to miscommunication [1]-[3]. To support safer interactions,
automated HS and abusive language (HSAL) detection systems are urgently required. This study aims to
improve multi-label HSAL detection in Indonesian online media by addressing practical challenges in real-
world deployment, especially under data imbalance and low-resource conditions.

Previous studies have applied machine learning and deep neural models, including support vector
machines (SVM), convolutional neural networks (CNN), long short-term memory (LSTM), bidirectional
encoder representations from transformers (BERT), and RoBERTa, to HSAL detection [4], [5].
IndoBERTweet, trained on informal Indonesian social media text, effectively handles code-switching and
informal vocabulary [6]-[10], yet most research focuses only on Twitter. Conversely, HSAL detection in
video-based environments, especially for Indonesian-language content, remains significantly underexplored [5].
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Existing Indonesian HSAL datasets also exhibit extreme class imbalance, especially in multilabel scenarios
where multiple harmful categories may co-occur [11]-[14]. Moreover, current deep learning models struggle
with transcript-style inputs, computational efficiency, and generalization in low-resource settings [12].

To address these limitations, this study proposes an adaptive HSAL detection approach integrating
IndoBERTweet and bidirectional gated recurrent unit (BiGRU) with the model-agnostic meta-learning
(MAML) algorithm, enabling improved generalization and faster adaptation to minority classes. To the best
of our knowledge, this is the first study applying a meta-learning framework for fine-grained multi-label
HSAL detection on Indonesian YouTube transcripts, using a model pre-trained on social media text data. The
proposed system is designed as an early-stage moderation tool to assist proactive monitoring rather than fully
automated content removal, supporting the practical need to reduce exposure to harmful online material in
Indonesian digital platforms. This study demonstrates the potential of meta-learning to enhance HSAL
detection robustness in real deployment settings with limited data availability.

2. METHOD
2.1. Dataset

This study uses an Indonesian multilabel HSAL dataset released by Darmawan et al. [15],
containing 13,169 tweets. The dataset was developed in collaboration with the Cyber Crime Directorate of
Bareskrim Polri through a focus group discussion (FGD) with relevant stakeholders, resulting in 12 HSAL
labels and one non-harmful label. The HSAL labels include: HS, Abusive, HS Individual, HS_Group,
HS_Religion, HS_Race, HS_Physical, HS_Gender, HS_Other, HS Weak, HS Moderate, and HS_Strong.
The additional label PS (Positive/Neutral) marks tweets without harmful content. Each label represents a
different target or severity level of offensive language, allowing for fine-grained classification. The label
distribution is shown in Figure 1.
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Figure 1. Dataset distribution

These labels categorize tweets based on the type and intensity of HS or abusive language. However,
the label distribution is highly imbalanced, as shown in Figure 1. For instance, 5,561 tweets are labeled as
HS, while only 306 tweets fall under HS_Gender. Other minority classes include HS_Strong, HS_Moderate,
HS_Physical, HS_Race, HS_Religion, and HS_Group.

Class imbalance in multi-label classification is commonly addressed using techniques such as
random oversampling, under sampling, cost-sensitive learning, focal loss, or class-balanced loss. In this
study, synthetic minority oversampling technique (SMOTE) (k = 3) was selected because it generates
synthetic minority samples without duplicating instances, provides more stable minority coverage, and does
not require modifications to the loss function or model architecture, an important consideration for
maintaining stable MAML inner-loop optimization. Preliminary experiments showed that SMOTE yielded
more consistent improvements than focal loss and class-balanced loss, which tended to produce unstable
gradients when combined with meta-learning. Cost-sensitive learning also showed sensitivity to weight
scaling under highly skewed label distributions, resulting in fluctuating updates during meta-training. These
observations indicate that SMOTE offers a more reliable imbalance-handling strategy for both conventional
and MAML-based training in this setting.
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2.1.1. Preprocessing dataset

A preprocessing pipeline was applied before model training. It consists of five stages: case folding,
filtering, tokenization, conversion to tensor format, and dataset construction. First, all text is converted to
lowercase to standardize word representation. Filtering then removes irrelevant characters, such as symbols,
numbers, and extra whitespace. Next, tokenization is performed using the IndoBERTweet tokenizer, which
applies a WordPiece-based subword approach to handle informal and out-of-vocabulary terms. The tokenizer
generates three outputs: input_ids which represent the tokenized text as numerical indices based on the
model’s vocabulary, attention_mask which indicates meaningful tokens with values of 1 and padding tokens
with values of 0, and token_type_ids which indicate whether the input consists of a single sentence (value 0)
or a pair of sentences (value 1). Table 1 shows the final structured format of the preprocessed data.

Table 1. Example of preprocessing results

Real text Preprocessed text Token|p  Attention - Token

mask type ids
41. Sometimes | wonder why | still believe sometimes i wonder why i still believe ingod  [3, 3851, [1,1,1,1, [0, 0,0,
in God even though | keep falling over and even though i keep falling over and over 2254, L,L,1,..., 00,0,
over again. Sometimes | feel that God has again sometimes i feel that god has 10990, 0] 0,...,0]

abandoned me. When my parents planned to  abandoned me when my parents planned to 5396, 2254,
separate, when my sibling chose to become separate when my sibling chose to becomea 2261, ..., 0]
a Christian, when | was a child Christian, when i was a child

After tokenization, the data were converted into tensor format, as required by the model. The dataset
was then divided into three subsets: training, validation, and test. The split proportions were 80% for training
and 10% each for validation and testing. Table 2 shows the label distribution across these subsets.

Table 2. Label distribution on subset dataset
Amount of data

Label Amount of data Training  Validation  Testing

HS 5561 4438 543 580
Abusive 5043 4010 502 531
HS_Individual 3575 2872 341 362
HS_Group 1986 1566 202 218
HS_Religion 793 633 74 86
HS_Race 566 454 58 54
HS_Physical 323 276 24 23
HS_Gender 306 250 26 30
HS_Other 3740 2960 374 406
HS_Weak 3383 2714 322 347
HS_Moderate 1705 1350 167 188
HS_Strong 473 374 54 45
PS 5860 4698 592 570

Total amount data 13.169 10535 1317 1317

2.2. Base line model

The primary model in this study combines IndoBERTweet and BiGRU in a collaborative
architecture. Initially, IndoBERTweet acts as a feature extractor, converting input text into dense vector
representations that capture the contextual meaning of words. Its output is a three-dimensional tensor of
shape [batch_size, sequence_length, hidden_size], where each token is represented by a vector encoding
semantic and contextual information in high-dimensional space. This representation comes from pretrained
BERT and reflects relationships between words in context. The overall architecture of the proposed model is
shown in Figure 2.

The tensor is then passed to a BiGRU layer, which captures sequential dependencies in both directions.
The bidirectional BiGRU produces a tensor of shape [batch_size, sequence_length, hidden_size x 2],
combining information from forward and backward passes. Finally, the output is fed into a fully connected
layer that serves as the classification head. It predicts 13 labels per sample, producing 13 logit values. These
logits are converted to probabilities between 0 and 1 using a sigmoid activation. Labels with probabilities
above 0.5 are considered positive.

Improving multilabel classification of hate speech and abusive language in Indonesian ... (Jasman Pardede)



552 a ISSN: 1693-6930

Tokenizer Input Embedding Forward Backward Output Pooling
IndoBERTweet Layer IndoBERTweet GRU GRU BiGRU Layer
Max length 128 768 hidden di 512 hi i i 512 hidden di 1024 i vector 1792 i
Case Folding - Pooling Layer Fully Connected Layer
°_> oy o B
e% GRU GRU

Multi-Label Output
13clasaes oroeb

b ste samoid)

@—) GRU GRU Mean Pooling

Figure 2. Model architecture

2.2.1. IndoBERTweet

BERT is a deep learning model based on the attention mechanism [16]. It is widely used in natural
language processing due to its effectiveness in transfer learning and its ability to model contextual
relationships between words [17]. BERT operates within the Transformer encoder framework, comprising 12
layers and 12 attention heads, with 768-dimensional embeddings and hidden states [12], [18]. Tokenization is
performed using WordPiece, with additional [CLS] and [SEP] tokens to structure input [19].

IndoBERTweet is a domain-adapted BERT variant, pretrained specifically on Indonesian tweets
using approximately 409-490 million tokens, nearly twice that of IndoBERT [6], [9], [15]. Its vocabulary and
corpus are optimized for informal social media text, making it more robust in handling linguistic variations
than IndoBERT or mBERT [6].

NSP = softmax(W - H_[CLS] + b) 1)
Attention(Q,K,V) = softmax (LJ;(_: . V) 2

During pretraining, BERT uses two main objectives: masked language modeling (MLM), which
predicts masked tokens to learn contextual word representations, and next sentence prediction (NSP), which
evaluates sentence coherence using the [CLS] token and a softmax layer (1) [6]. BERT also employs scaled
dot-product self-attention (2) to compute inter-token dependencies via learned query (Q), key (K), and value
(V) matrices, enabling rich semantic encoding across sequences [16].

2.2.2. BiGRU

The BiGRU extends the standard gated recurrent unit (GRU) by processing sequential data in both
forward and backward directions. This bidirectional design captures contextual information from past and
future tokens simultaneously, improving understanding of word relationships within a sentence [19], [20].

zr = o(W,ir + Uzhr_y + by) 3
rp = o(Wpir + Urhr—y + by) 4
h7 = tanh(Wyiz + Uy (ryOhy_q) + by) (5)
hy = (1 —zp)Ohy_y + z; O (6)
hy = Concat(hL, hb) @)

BiGRU simplifies traditional recurrent neural networks (RNNSs) by combining the input and forget
gates into a single update gate and adding a reset gate to control information flow. This makes it more
efficient at handling long sequences [19], [21]. The model receives embeddings from IndoBERTweet and
computes hidden states through both forward and backward GRU layers. These layers process the sequence
from start to end and vice versa, capturing bidirectional context [20]. The GRU mechanism computes the
update gate (3), reset gate (4), candidate hidden state (5), and current hidden state (6) [21]. The final
contextual representation is formed by concatenating hidden states from both directions (7), yielding a richer
and more comprehensive encoding of the input sequence.
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2.3. Training method
2.3.1. Conventional supervised learning training

In conventional training, the model is trained iteratively for a predefined number of epochs, each
consisting of a training and validation phase. This study adopts a supervised multi-label classification
approach, where human annotations are required [21]. To meet this requirement, label development was
conducted through a FGD with the Criminal Investigation Agency of the Indonesian National Police
(Bareskrim Polri). The objective during training is to minimize loss and improve performance metrics,
including F1-score, AUROC, and exact match accuracy.

During training, the model operates in training mode to allow gradient updates. Input data are
grouped into mini-batches using a data loader. For each batch, the model generates probability outputs
through a sigmoid activation function for every label. Loss is then calculated using binary cross-entropy loss
(BCELuoss). Backpropagation updates the model by computing gradients from the loss function, followed by
parameter updates using the optimizer and gradient resetting with optimizer.zero_grad().

In the validation phase, the model switches to evaluation mode with gradients disabled using
torch.no_grad(), reducing memory usage and preventing parameter updates. The predicted probabilities are
converted into binary labels through a predefined threshold. Performance is evaluated using micro and macro
F1-scores, exact match accuracy, and micro-macro-averaged AUROC. Two model checkpoints are stored:
the most recent model and the best-performing model based on macro F1-score. A learning-rate scheduler
adjusts the training dynamics, and tqdm is used to display progress during the training process.

2.3.2. MAML

MAML is a meta-learning framework designed to help models quickly adapt to new tasks using
minimal training data [22], [23]. Being architecture-agnostic, MAML can be applied to any gradient-based
model for tasks such as classification, regression, or reinforcement learning [10], [24]. The flowchart of the
MAML process is illustrated in Figure 3.

Inner Loop for Each Task Outer Loop (Meta-Update)

Te
Sample Batch of Update Temporary Update Parameter (8)

Initialize model Aggregate Meta-Loss ¥ .
Task ific Model h h -
parameters {6) — B —>  Task Spesific Model Parameters (8') wit smp— with Meta-Gradient
Gradient Descent Descent
Compute Support Compute Query Set

Loss Loss (Meta-Loss)

Figure 3. MAML flowchart

The core idea of MAML is to learn an optimal initialization of model parameters. With this
initialization, only a few gradient steps are needed to achieve high performance on unseen tasks [22]. Its
training consists of two loops: the inner loop updates parameters using the support set of a given task (8),
while the outer loop optimizes meta-parameters by minimizing the meta-loss across tasks, as formalized
in (9) [22], [24].

8; = 0 — BVLr,(fo) 8)
6 < 6 = BV Xripcry Lr,(fo!) ©)

By repeatedly adapting to multiple tasks, the outer loop enhances generalization. As a result, MAML -trained
models perform efficiently and effectively, especially in low-resource scenarios.

2.3.3. Evaluation metrics

This study employs three primary evaluation metrics, namely F1-score, AUROC, and exact match
accuracy. The F1-score is particularly important for imbalanced datasets as it balances precision and recall,
and is reported in both micro and macro forms. Micro F1 aggregates true/false positives and negatives across
all labels, while macro F1 averages the scores per class, assigning equal weight to each label. AUROC
measures the model’s ability to distinguish between positive and negative labels without relying on a fixed
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threshold, by analyzing sensitivity true positive rate (TPR)) and specificity (false positive rate (FPR)) [12],
which is crucial for imbalanced multi-label tasks. Exact Match Accuracy measures whether the predicted
label set fully matches the ground truth [25], making it a strict indicator of predictive performance. All
hyperparameter combinations were evaluated on the held-out test set using these metrics to ensure
comprehensive assessment. Table 3 summarizes the baseline model performance comparison. Furthermore,
Table 4 presents the results of the three best-performing models from each training method, including these
metrics and the lowest training and validation losses.

3. RESULTS AND DISCUSSION
3.1. Model creation

The experiments were carried out in two phases. The first optimized the IndoBERTweet-BiGRU
baseline via conventional supervised learning, evaluating 185 configurations that varied in learning rates,
optimizers, loss functions, pooling strategies, batch sizes, and hidden sizes. This step established a stable
baseline for comparison with meta-learning.

The second phase applied the same architecture using MAML, testing variations in outer and inner
learning rates, number of inner steps, and meta-batch sizes to achieve optimal few-shot adaptation.
Additional hidden-size and batch-size settings were also explored. The three top models per method were
then compared. All experiments were conducted on Kaggle’s Tesla T4 graphics processing unit (GPU) for
consistent evaluation.

3.1.1. Metric evaluation results on testing data

To justify the choice of IndoBERTweet-BiGRU as the core architecture, baseline comparisons were
performed using BiGRU alone, IndoBERTweet alone, and their combination, trained under both
conventional and MAML settings. The combined model produced the most balanced performance,
supporting its use in subsequent evaluations of meta-learning. The results of these experiments are presented
in Table 3. This experiment was conducted using the configuration presented in Table 4, referred to as
Conventional_1.

Table 3. Comparison of baseline model performance

Best loss AUROC F1-score
Model Train Val Exact match Micro  Macro  Micro  Macro
BiGRU 0.1557 0.3255 0.4973 0.8816 0.8464 0.6565 0.4059
IndoBERTweet 0.0021 0.1712 0.7517 09612 0.946 0.8339 0.7618
IndoBERTweet+BiGRU 0.0015 0.1639 0.7570 0.9641 0.9526 0.8402 0.7797
BiGRU + MAML 0.2681 0.3154 0.3675 0.8936 0.8301 0.5869 0.3031
IndoBERTweet + MAML 0.0285 0.1739 0.7449 0.9689 0.9546 0.8358 0.7623

IndoBERTweet+BiGRU + MAML  0.0237  0.1766 0.7441 0.9694 0.9552 0.8398 0.7701

Based on the results presented in Table 3, the IndoBERTweet-BiGRU model was selected for
further hyperparameter tuning under both conventional and MAML setups. The corresponding
hyperparameter configurations of the top three models for each training method are summarized in Table 4,
all trained for 30 epochs.

Table 4. Hyperparameter configuration

Model Scheduler Optimizer Loss Seed  Learning rate Inner Meta Hidden Batch

function Outer  Inner step batch size size
Conventional_1  CosineAnnealingLR  AdamW BCELoss 99 4e-5 - - - 256 16
MAML_1 CosineAnnealingLR ~ AdamW BCELoss 99 4e-5  2e-3 9 4 256 16
Conventional_2  CosineAnnealingLR  AdamW BCELoss 99 4e-5 - - - 512 16
MAML_2 CosineAnnealingLR ~ AdamW BCELoss 99 4e-5 le-4 10 4 512 16
Conventional_3  CosineAnnealingLR  AdamW BCELoss 99 4e-5 - - - 512 32
MAML_3 CosineAnnealingLR ~ AdamW BCELoss 99 4e-5  5e4 5 4 512 32
Conventional_4  CosineAnnealingLR Adam BCELoss 99 4e-5 - - - 256 16
MAML_4 CosineAnnealingLR Adam BCELoss 99 4e-5  2e-3 9 4 256 16
Conventional_5 CosineAnnealingLR Adam BCELoss 99 5e-5 - - - 512 32
MAML_5 CosineAnnealingLR Adam BCELoss 99 5e-5  2e-3 3 4 512 32
Conventional_6  CosineAnnealingLR Adam BCELoss 99 4e-5 - - - 512 32
MAML_6 CosineAnnealingLR Adam BCELoss 99 4e-5  5e4 5 4 512 32
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The chosen hyperparameters reflected a balance between adaptation speed and stability. Outer
learning rates of 4e-5 and 5e-5, effective in conventional training, were also used in MAML for better
generalization. Inner learning rates (2e-3, 5e-4, 1e-4) were tested to evaluate their impact on quick adaptation
versus optimization stability.

The study varied inner-loop steps (3, 5, 9, 10) to gauge adaptation depth and used a meta-batch size
of 4 to balance diversity and cost. Hidden sizes of 256 and 512 were tested for efficiency versus
representational strength, along with batch sizes of 16 and 32 for stable gradient updates. A sequence length
of 128 matched the dataset’s token distribution. Table 5 reports the performance across configurations.

Table 5. Comparison of model performance in two training methods

Model Best loss Exact AUROC F1-score Training Memory Model size
Train Val match Micro  Macro  Micro  Macro time usage (MB) (MB)
Conventional_1  0.0015 0.1639  0.7570  0.9641 0.9526 0.8402 0.7797  02:05:15 3661 427.829
MAML_1 0.0246 0.1734 0.7418 09687 09565 0.833 0.7627  06:05:04 1437.49 427.83
Conventional_2  0.0013 0.1679  0.7585  0.9633 0.9499 0.8375 0.7710  02:20:22 3715 436.866
MAML_2 0.0294 0.1818 0.7267  0.9647 0.9478 0.8196 0.7453  07:54:19 1506.12 436.87
Conventional_3 0.0018 0.1650  0.7525  0.9662 0.9540 0.8384 0.7662  02:16:14 4765 436.866
MAML_3 0.0254 0.1749  0.7449  0.9694 0.9552 0.8385 0.7693  04:36:20 1541.89 436.87
Conventional_4 0.0017 0.1722  0.7411 0.9664 0.9573 0.8273 0.7636  02:05:32 3661 427.829
MAML_4 0.0250 0.1773  0.7464 09703 0.957 0.8412 0.7685  06:27:31 1424.87 427.83
Conventional _5 0.0019 0.1621  0.7487  0.9629 0.9526 0.8305 0.7629  02:24:07 4765 427.829
MAML_5 0.0237 0.1766  0.7441  0.9694 0.9552 0.8398 0.7701  03:46:48 1538.14 436.87
Conventional_6 0.0018 0.1696  0.7525 0.9650 0.9538 0.8359 0.7721  01:55:05 4765 436.866
MAML_6 0.0271 0.1770  0.7472  0.9698 0.9567 0.8393 0.7674  04:40:58 1539.62 436.87

Across six configuration pairs, conventional training showed lower training/validation loss but a
larger gap, indicating stronger overfitting. The overfitting comparison showed that MAML exhibited more
stable generalization despite higher training loss, which is reinforced by research suggesting that the bi-level
optimization framework of MAML can reduce overfitting compared to conventional methods [26].
Performance differences were small, with four configurations favoring MAML and two favoring
conventional training. MAML required 2-3.5 x longer training but used only 30-40% of the GPU memory,
while inference time differed only by a few milliseconds, making both approaches practically similar for
deployment.

MAML hyperparameter sensitivity has been noted in previous studies [27] and was further
examined from an optimization perspective here. MAML performance depended heavily on the ratio between
inner-loop and outer-loop learning rates. Meta-batch size also played a key role: too small led to unstable
gradients, while too large reduced task diversity. Experiments indicated that a meta-batch size of four
produced the most stable outcomes and was adopted for all reported settings. The number of inner steps
influenced results as well, but its effect was closely tied to learning rate choices. With these settings, per-
label performance was evaluated, with detailed results shown in Table 6.

Table 6. Evaluation metric for each label

Label F1-score ) AUROC )
MAML  Conventional MAML Conventional
HS 0.8904 0.8776 0.9599 0.9504
Abusive 0.926 0.9244 0.9816 0.9774
HS_Individual  0.8062 0.7945 0.9413 0.9374
HS_Group 0.7319 0.7036 0.9267 0.9165
HS_Religion 0.75 0.7602 0.9839 0.9756
HS_Race 0.8155 0.7961 0.9914 0.9883
HS_Physical 05 0.5581 0.966 0.9775
HS_Gender 0.6667 0.6 0.9215 0.9468
HS_Other 0.834 0.8263 0.9466 0.9371
HS_Weak 0.7825 0.7776 0.9372 0.9328
HS_Moderate 0.6648 0.6232 0.9136 0.8996
HS_Strong 0.7312 0.7708 0.972 0.973
PS 0.9124 0.9056 0.9765 0.9708

For the fifth model pair, MAML improved F1-scores and AUROC for several minority labels,
including HS_Group, HS_Gender, and HS_Moderate. Despite the significant data imbalance, MAML proved
stable and effective [28]. MAML increased average F1-Macro by 5.19% and improved minority-label F1 by
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up to 1.00%. AUROC rose by an average of 0.28%, confirming that MAML leads to a better generalized
model initialization for fast adaptation [29] and generalizes better under data imbalance. Table 7 provides an
extended comparison that includes normalization and dropout to further support this finding.

With normalization and dropout, conventional models still achieved higher F1 and Exact Match
scores but continued to exhibit overfitting. MAML maintained higher AUROC, indicating better
discriminative ability under imbalance, while showing more stable validation performance. The application
of regularization strategies within the meta-learning framework [26] confirms a trade-off: conventional
models optimize accuracy on dominant classes, whereas MAML vyields stronger generalization. Layer
normalization and dropout contribute to training stability, but the inherent methodological differences
remain.

Table 7. Comparison of model performance in two training methods with normalization and dropout

Model 'Best loss Exact ) AUROC ) F1-score

Train Val match Micro Macro Micro Macro
Conventional_1  0.0016  0.1736 0.757 0.9636  0.9505 0.839 0.7699
MAML_1 0.0265 0.1785 0.7418 0.9708 09591 0.8313 0.7714
Conventional_2  0.0013  0.1661  0.7509  0.9629  0.9519  0.8337 0.7655
MAML_2 0.0214 0.1804 0.7335 09709 09605 0.8363 0.7574
Conventional_ 3  0.0019 0.1616 0.7426  0.9629  0.9522 0.8328  0.7653
MAML_3 0.0240 0.1803 0.7365 0.9692 09582 0.8326  0.7606
Conventional_4  0.0018 0.1693  0.7616 0.965 0.9548  0.8437  0.7682
MAML_4 0.0242  0.1793 0.7365 0.9692  0.9566 0.828 0.7544
Conventional 5 0.0015 0.1681  0.7517  0.9634 0.952 0.8404  0.7624
MAML_5 0.0266 0.1794  0.7289  0.9689 0.957 0.8311  0.7567
Conventional 6 0.0019 0.1661  0.7593  0.9627 0.952 0.8431  0.7818
MAML 6 0.0246  0.1767 0.7365 0.9695 0.9571  0.8373  0.7534

To more clearly quantify the observed performance trade-offs, the results show that MAML
achieves an average F1-macro improvement of 0.91% across the six model pairs in Table 5, with gains of up
to 1.00% on minority labels such as HS_Gender and HS_Moderate Table 6. In terms of AUROC, MAML
exceeds conventional training by an average margin of 0.28%, indicating significant adaptation benefits [29]
and improved discriminative capability across imbalanced classes. When normalization and dropout are
applied Table 7, the conventional models retain a slight advantage in F1-scores, but MAML consistently
yields higher AUROC, up to + 0.75% on some configurations, demonstrating stronger generalization to
unseen distributions. These quantitative results reinforce that MAML offers a more balanced trade-off
between accuracy and robustness, particularly under low-resource and imbalanced conditions. To extend the
analysis, an additional data-balancing method, SMOTE with k = 3, was applied. The oversampled dataset
was trained using both conventional supervised learning and MAML for only two epochs due to runtime
limits in Kaggle. These models follow the fifth configuration in Table 4, and their performance is
summarized in Table 8.

Table 8. Performance comparison of models on the oversampled dataset using two training methods

Model Best loss Exact AUROC F1-score Training Memory usage ~ Model size
Train Val match Micro  Macro  Micro  Macro time (MB) (MB)
Conventional  0.0027  0.0029 0.9951 1.0 0.9999 0.9987 0.9942  03:27:16 5403 436.866
MAML 0.0189 0.0214  0.9725  0.9996 0.9987 0.9921 0.9729  05:57:13 1538.98 436.87

On the SMOTE-oversampled dataset (two epochs due to runtime limits), conventional training
achieved slightly better F1 and validation loss than MAML. However, the short training duration likely
prevented MAML from fully optimizing. Longer training would be needed to fairly assess MAML’s
performance under oversampling.

To quantitatively compare conventional and MAML-based training, paired Wilcoxon signed-rank
tests were conducted using per-sample macro-F1 and exact-match scores for each configuration (Table 9),
based on the models summarized in Table 5. The mean per-sample scores are reported along with the
corresponding Wilcoxon p-values, with statistically significant results (p < 0.05) shown in bold.

The statistical analysis shows that only configuration 2 presents a significant performance
difference, with the conventional model outperforming MAML in both macro-F1 and exact-match accuracy.
All other configurations exhibit no significant differences, although configuration 4 indicates a slight
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tendency in favor of MAML. These findings suggest that MAML’s generalization capability is highly
sensitive to hyperparameter choices, a challenge recognized in studies on meta-optimization for low-resource
scenarios [27], yielding competitive or superior results only under appropriately aligned settings. Despite this
variability, the overall comparable macro-F1 scores demonstrate that MAML can reliably match
conventional training while offering advantages in rapid adaptation. Furthermore, alternative meta-learning
strategies, such as Reptile and ProtoMAML, which simplify inner-loop optimization or leverage metric-based
representations [10], [15], may provide enhanced stability in low-resource or imbalanced scenarios.
Positioning MAML within this broader meta-learning landscape underscores both its potential and the
opportunities for future work to refine HSAL detection under multilingual and imbalanced conditions.
Additionally, imbalance-oriented strategies such as class-balanced loss or focal loss could also be explored in
combination with meta-learning, offering alternative ways to mitigate minority-label sparsity beyond
synthetic oversampling.

Table 9. Statistical comparison between conventional and MAML-based models across six configurations

Configuration n F1-macro Exact match accuracy
Conventional  MAML p Conventional MAML p
1 1317 0.906 0.905 0543 0.757 0.742  0.107
2 1317 0.906 0.897  0.026 0.759 0.727  0.001
3 1317 0.907 0.907 0884 0.752 0.745  0.365
4 1317 0.899 0.906  0.061 0.741 0.743  0.863
5 1317 0.903 0.908  0.203 0.738 0.741  0.298
6 1317 0.905 0.907  0.779 0.744 0.746  0.386

3.1.2. Loss and F1-score accuracy graph

To provide a deeper analysis of the findings, graphs are presented to illustrate the dynamics of loss
and F1-score (both micro and macro) during training and validation processes. These visualizations are based
on the fifth model pair in Tables 5 and 7. Figure 4 shows the detailed progression of these metrics under
different training conditions, comparing conventional and MAML-based models with and without
normalization and dropout.

Figure 4 compares the training dynamics of the conventional and MAML models, both with and
without layer normalization and a 0.2 dropout rate. In the conventional model without regularization
Figure 4(a), severe overfitting occurs. Training loss quickly approaches zero, while validation loss continues
to rise, and validation F1-scores show minimal progress with occasional declines. MAML without
regularization Figure 4(b) exhibits more stable learning behavior. Both training and validation loss decrease,
although validation progresses more gradually, and micro and macro validation F1-scores increase
consistently from early epochs, reflecting better generalization. When normalization and dropout are added to
the conventional model Figure 4(c), overfitting is reduced Validation loss becomes more stable, and
validation F1-scores improve slightly; however, a clear gap between training and validation loss remains,
indicating limited generalization to minority classes. With regularization applied to MAML Figure 4(d),
performance improves further. This configuration produces the smallest train-validation loss gap, while
validation F1-scores rise smoothly and plateau at strong levels.

Overall, the conventional model learns rapidly but is highly prone to overfitting. MAML offers a
more balanced learning process by optimizing parameters for adaptability across tasks, which is a key benefit
of the meta-learning optimization strategy [29]. Regularization further enhances training stability and reduces
performance fluctuations. Thus, MAML with normalization and dropout provides the most reliable
performance among the tested configurations.

Finally, although MAML improves generalization in low-resource settings, ethical risks must be
considered when deploying HSAL detection in real platforms. Indonesian linguistic nuances, such as
sarcasm, regional expressions, and dialects, may affect predictions and introduce unintended bias. This
concern is particularly relevant for sensitive categories like HS_Gender, HS_Group, and HS_Religion, where
misclassification could unfairly impact marginalized communities. Therefore, any real-world deployment
should include fairness assessments, user feedback loops, and ongoing monitoring to prevent discriminatory
outcomes.

3.2. Web application development

The best-performing model from this comparative study was then used as the basis for developing a
web-based application and subsequently tested using transcription data from YouTube videos. The model
used at this stage is the fifth model pair from Table 5. The results of this evaluation are presented in Figure 5.
Figure 5(a) illustrates the overall analysis output of the proposed web-based content moderation application
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after processing a YouTube video transcript. Figure 5(b) presents the detailed sentence-level analysis
produced by the classification model.
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Figure 4. Graphs: (a) conventional model, (b) MAML-based model, (c) conventional model with
normalization and dropout, and (d) MAML-based model with normalization and dropout
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W Ringkasan Hasil Deteksi:

A PERINGATAN: Lobih dari 10% konten video ini terdeteksi sebagai konten tidok positif (jaran kebencian/abusive) dan tidak layak dikonsumsi secara

Dari 96 kalimat, 10 katimat (10.4%) terklasifikasi sebagal konten bermasalah (Ujaran Kebencion | Abusive)

A Kalimat Bermasalah

(b)

Figure 5. Model implementation results: (a) overall content analysis results and (b) detailed analysis per

sentence

Table 10. Detected sentence and predicted class rankings on applications

Predicted class rankings

Time -
Detected sentence . Without
stamp With MAML MAML
00:48 The late hero has arrived come on, you stupid Titan! [2]; [9; [20];  [1L; [21; [3;
[3]; [1] [9]; [10]
00:54 Wow, huge body *big come on guys, run! [2]; [3]; [1] [2]; [11; [9]
01:47 Jan Jin Juean [confused about saying his own name] what do you want coming here!? - [3]; [10]
02:07 Okay Eren, you can do it damn, almost there! [2] [2]; [10]
03:18  Who are you going to kick in the butt? [2] [2]
03:24 Come here, you giant Titan why did you disappear? This is an emergency, everyone get [2] [2]
ready, babe whatever happens we’ll be lovey-dovey forever. Ew, lovey-dovey, bebe, Eren
where are you?
04:07 Eren is dead! [1]; [20]; [3]; -
[9]
04:13  WHAT A BURDEN! [10]; [3]; [1];  [101; [3]; [1];
[9]; [2] [2]; [9]
77 Bye! [10]; [3]; [1;  [2]
[
05:38 Come on, admit it you’re an evil Titan, right? [10]; [1]; [3];  [3I; [201; [1];
[l [2]; [9]
09:29 You really crossed the line! - [31; [91; [10];
[1
10:57 This was all your plan after this you’ll definitely be roasted oh, don’t worry | can handle it. [9]

What the heck, sir? Facilities are destroyed, people are falling, who’s responsible?

[10]; [3]; [1];
[

This application implements a multi-label classification approach that analyzes each sentence
extracted from YouTube video transcripts. The transcripts are retrieved via SearchAPl.io to avoid limitations
in the YouTube API. Sentences are segmented using punctuation-based regex and preprocessed with the
same steps used during training: case folding, filtering, and tokenization with the IndoBERTweet tokenizer.
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The classification model outputs probabilities for 13 labels per sentence. Any label exceeding 0.5 is
considered active. If a sentence contains any harmful category other than positive content (PS), it is classified
as problematic. A video is flagged as potentially inappropriate if problematic sentences exceed 10% of its
total content. The 10% threshold is based on studies on threshold optimization [30], moderation trade-offs
between sensitivity and false positives [31], and evidence that small amounts of harmful content can
influence online discourse [32]. It also aligns with evaluations that emphasize proportional cutoffs [33].
Figure 5 illustrates the application workflow and output interface, including video input, overall analysis,
sentence-level detection, and detailed predictions.

To compare inference performance, the fifth conventional supervised model was also evaluated. The
MAML-based model processed a sample video in 11.42 seconds, faster than the baseline model at 13.99
seconds. It also produced slightly more accurate results, detecting 10 problematic sentences compared to 11
detected by the baseline, which included several misclassifications. Table 10 shows the predicted class
rankings for each detected sentence. The label indices are defined as follows: a) HS, b) abusive language,
¢) individual, d) group, e) religion, f) race or ethnicity, g) physical attributes, h) gender, i) other categories,
j) mild severity, k) moderate severity, I) severe severity, and m) positive content.

The application was developed using Streamlit for the interface, HuggingFace Transformers and
PyTorch for inference, and safetensors.torch for efficient model loading, supported by gdown, requests, re,
and os for auxiliary processing tasks. Although YouTube’s restrictions on cloud-based traffic necessitated the
use of a hardcoded API key, occasionally resulting in RequestBlocked or IpBlocked errors, the MAML-based
model consistently delivered stronger generalization and inference efficiency during real-world evaluation,
demonstrating its practical suitability for content moderation. To ensure reliable deployment, the system
should incorporate bias-mitigation strategies such as human-in-the-loop review, continuous feedback
refinement, and drift monitoring across dialects and demographic groups, particularly for sensitive HSAL
categories involving gender, religion, and ethnicity.

3.3. Cross-domain evaluation

A cross-domain evaluation was conducted to assess how well the conventional and MAML -based
models generalize beyond Twitter data. The models were tested on a short news transcript and several
Indonesian YouTube comments, which differ in linguistic style and context. As described in section 3.2, the
fifth model pair in Table 5 was used for this evaluation. The results, summarized in Table 11, highlight the
robustness of both models in real-world moderation scenarios across different online platforms.

Both models successfully detected HS and abusive language in the news and YouTube data,
showing broadly similar performance. However, further validation is needed since no officially annotated
datasets exist for these sources in the Indonesian context. Thus, these results should be viewed as preliminary
evidence of the models’ cross-domain generalization, with future research required to confirm their reliability
in practical moderation settings.

Table 11. Cross-domain evaluation

Source Detected sentence Predicted class
YouTube  Even though it’s 02 who cheated, they say it’s 01 who cheated, remember, Allah doesn’t HS_other
comment  sleep.

YouTube My friend in Malaysia said from the start it’s 02 who has already cheated, but the one being HS_other, HS
comment  accused is 01.
YouTube  But 01 doesn’t make noise this and that like the other side. HS
comment
YouTube  Am I the only one who didn’t get an envelope or ‘dawn attack” (money politics)? Is this PS
comment  Fritz the one who appeared in Ria Ricis’s YouTube video?
YouTube  KPU is stupid, too much talking... they said don’t abstain, so | came to the polling station HS abusive,
comment  with my e-KTP but couldn’t vote. Leaders tell us not to abstain but in reality we are rejected ~ HS_group,
as voters because e-KTP alone isn’t enough to vote. Second, the campaign period is long but ~ HS_other,
why does KPU have so many problems and still seems like an unprepared institution HS_moderate
News “The higher the level of leadership, the broader the scope, the more complex the PS
organization becomes, the more a leader relies on values, not just technical aspects, but
values. That is what distinguishes complex leadership from simple leadership. Now, the
question | would like to ask you, Sir, is: what is the relationship between a national leader’s
ethical standards and their ability to safeguard the nation’s defense, security, and
sovereignty?” Anies asked Prabowo during the 2024 Presidential Debate at Istora Senayan,
Jakarta, Sunday (January 7, 2024).
News According to Prabowo, the data presented regarding “insiders” and the food estate program HS, HS_Individual,
was incorrect. He stated that all the data Anies presented was wrong. “So, all the data you HS_Other,
revealed is entirely incorrect. | am willing for us to sit down and be transparent. If you want HS_Weak

to talk about the food estate, or about PT Teknologi Militer Indonesia, we can lay everything
out,” Prabowo said.
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4. CONCLUSION

This study investigated the use of MAML to improve multi-label HSAL detection in Indonesian
under severe class imbalance. The results show that MAML provides more stable generalization and stronger
discrimination across minority labels than conventional supervised training, making it suitable for low-
resource classification settings. The approach also offers practical benefits in deployment, including lower
memory usage and competitive inference efficiency. These findings position meta-learning as a promising
direction for HSAL detection, particularly in environments with distribution shifts and noisy real-world data.
Future work may explore alternative meta-learning algorithms and broader cross-domain evaluations to
further validate robustness in practical moderation scenarios.
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