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Supplementary Note: extended related work
Urdu abusive-language detection. Urdu abusive-language research spans classical features, deep learning and transformers. On native Nastaliq script, work includes the FIRE-2021 UrduThreat shared task [1,2], the ISE-Hate benchmark for inter-faith, sectarian and ethnic hatred [3], transfer learning on the Nastaliq HSTC corpus [4], attention-augmented recurrent baselines [5], multi-label Urdu toxicity built on the UTC corpus [6], and a fine-tuned Urdu-BERT that detects threatening tweets and identifies whether an individual or a group is targeted [7]. A parallel line targets Roman (Latin-script) Urdu, which dominates informal social media: character and word n-gram studies across both scripts [8], the RUHSOLD corpus with a CNN-gram architecture [9], transformer models for Roman Urdu [10], hybrid machine learning with hyperparameter optimisation [11], and quantised low-rank adaptation (QLoRA) fine-tuning of open-weight large language models for Roman-Urdu–English code-mixed text [12]. These systems are strong but monolingual or single-script, and rarely interpretable.
Arabic abusive-language detection. Arabic research is anchored by dialectal corpora and shared tasks: early abusive-language studies [13], the Levantine L-HSAB dataset [14] and the OSACT campaigns [15]. Monolingual Arabic transformers dominate: AraBERT [16], MARBERT pre-trained on roughly one billion dialectal tweets [17], and the Saudi-dialect SaudiBERT [18]. Dialectal breadth is an active concern, addressed by the arHateDataset/arHateDetector framework [19], the multi-dialect ADHAR corpus [20] and multi-task learning with per-dialect heads [21]. Recent work addresses class imbalance with an optimisation-based undersampling framework for short Arabic cyberbullying texts [22], separates hateful from abusive Arabic tweets with a CNN-attention model and a metaheuristically optimised random forest [23], and handles extremely imbalanced Arabic toxicity labels with two-stage multi-task learning [24]. As with Urdu, this body of work is overwhelmingly monolingual and single-corpus, and not directly comparable to a model that must carry two languages at once.
Cross-lingual and multilingual models. Built on the self-attention Transformer [25], multilingual encoders such as mBERT [26,27] and XLM-RoBERTa [28] learn a shared representation that we exploit for a single bilingual detector. Cross-lingual transfer of hate-speech models is, however, mixed and language-pair dependent, as a recent systematic review documents [29]; prior work improves zero-shot transfer through label modification and bootstrapping [30], multilingual auxiliary-task training [31] and linguistic-similarity-based transfer-language selection [32]. El-Alami et al. [33] compared a jointly trained multilingual model with a translate-then-classify approach for offensive language and found translation to AraBERT strongest. Beyond these languages, hate-speech and toxic-comment detection have been approached with attention-based CNN–BiLSTM hybrids [34], AlexNet-style convolutional networks [35] and child-safety applications [36].
Explainability and its evaluation. Token-level attribution is dominated by Integrated Gradients (IG) [37] and SHapley Additive exPlanations (SHAP), including its KernelSHAP estimator [38], with Local Interpretable Model-agnostic Explanations (LIME) [39] as a perturbation baseline, all accessible through Captum [40]. The two attribution families do not always agree, a divergence characterised formally by Feng et al. [41] and observed on toxicity by Dhara and Sheth [42], where IG yields diffuse, contextual attributions while SHAP concentrates on explicit lexical cues. For evaluation, HateXplain [43] supplies human rationales and ERASER [44] standardises comprehensiveness and sufficiency metrics, while surveys and recent benchmarks stress that faithfulness and plausibility are distinct properties [45,46] and that rationale evaluation is itself contested [47]. The multilingual X-MuTeST benchmark [48] and LLM-extracted rationales [49] extend explainable hate-speech detection to more languages, but not to the Urdu–Arabic pair with a dual-attribution plus generative pipeline. Explainability is also gaining ground in applied text classification, for example SHAP and attention explanations for fake-review detection [50] and a large language model combined with SHAP- and LIME-explained classifiers for aspect-based sentiment analysis [51]; the robustness of Arabic transformers has been assessed by comparing several pre-trained models [52]. These studies show explanations qualitatively or compare models, but none measures whether a generated explanation is faithful. The nearest Urdu precedent, HateInsights [53], compares IG, SHAP and LIME on a monolingual Urdu classifier but stops at attribution and adds no generative stage.
Generative (LLM) explanation. A newer line renders decisions as natural language. Damo et al. [54] feed BERT signals to LLMs (GPT-4 and the open-weight Mistral and Alpaca) to explain implicit and subtle hate; HateCOT [55] curates LLM-generated explanations for generalisable offensive-speech detection; and open-weight moderation models such as Llama Guard [56] demonstrate the viability of local LLM safety systems. Whether such generated explanations are faithful to the model, rather than merely plausible, is contested: recent work finds LLM self-explanations only conditionally faithful [57,58]. We therefore ground our open-weight Aya-23 explainer in the IG evidence and measure its faithfulness explicitly rather than assuming it.
Supplementary Methods
Corpus. Each source's native labels (hate, offensive, abusive or toxic) were mapped to the binary target, and duplicate texts were removed by exact matching within and across sources before the split was drawn, so that no text appears in more than one split. Naturally occurring Roman Urdu was included in training as a deliberate design choice intended to harden the model against code-switching. The composition of the corpus by language, script and label is given in Supplementary Table S11.
Baselines. The classical baselines use scikit-learn defaults except sublinear term frequency, a minimum document frequency of 2 and 2,000 iterations for logistic regression; character n-grams are taken within word boundaries. Multilingual BERT was trained with the same protocol as XLM-RoBERTa (up to ten epochs with early stopping on validation macro-F1), and a run capped at two epochs is also reported. The two single-language specialists, MARBERTv2 [17], pretrained on Arabic social-media text, and MuRIL [59], which covers Urdu in native and transliterated script, were trained with the same settings and early stopping, and each was compared with the bilingual XLM-RoBERTa on the same language's test posts. The replicate XLM-RoBERTa runs (seeds 43 and 44), the transformer baselines and the specialists were trained on a CPU owing to computational constraints (Supplementary Table S12).
Additional results. The mBERT run capped at two epochs (0.811 test accuracy) is significantly weaker than the main model (p = 0.015) and than seed 44 (p = 0.033), but not significantly weaker than seed 43 (p = 0.08). The context-aware model is statistically indistinguishable from the original on the test set (McNemar p = 0.26) and has higher specificity (0.805 versus 0.773). Within each source, the bilingual model reaches 0.88 accuracy on the Roman-Urdu portion, 0.83 on the original Arabic sources and 0.79 on native-script Urdu, the hardest portion; the low macro-F1 on the MLMA portion (0.53 despite 0.89 accuracy) reflects its strongly skewed labels in a small sample of 260 posts (Supplementary Table S9). For the reliability card, the gazetteer rule used for comparison takes the first listed person or group noun, or otherwise the first pronoun.
Supplementary Discussion
Limitations and threats to validity. First, all results come from a single stratified train/validation/test split (seed 42); test-set uncertainty is quantified with bootstrap intervals, but variation across training runs is estimated from only three seeds, and the replicate runs were trained on a CPU rather than the GPU used for the main model. The Urdu–Arabic gap is small but not always zero, so the detector is best described as near-parity with a slight Arabic advantage. Second, the Arabic portion, although merged from several corpora, has limited dialectal breadth, and some of its sources are regionally concentrated (for example, the Levantine L-HSAB). Third, the attribution-agreement and explanation analyses rest on a 40-sample probe, so their estimates carry wide uncertainty. Fourth, the deletion test shows that the words quoted by the generated explanations are only weakly decisive, so these explanations should be read as summaries anchored in the IG evidence rather than as independent evidence of the model's reasoning. Fifth, Aya-23 does not list Urdu among its official languages; Urdu explanations therefore depend on cross-lingual generalisation, and an explainer with official Urdu coverage might produce more fluent or more accurate Urdu explanations. Sixth, plausibility was scored automatically by Aya-23 acting as a judge of its own outputs, so it measures the explainer's self-assessment rather than an independent judgement. Seventh, the context study and the reliability card rest on a small contrast set (49 held-out Urdu sentences, 24 of them insults) that was drafted with AI assistance, whose targets we annotated ourselves, and which does not yet cover Arabic or Roman Urdu; the reason categories come from a hand-built lexicon. Eighth, the robustness perturbations are deterministic approximations, so robustness to naturally occurring noise and transliteration may differ. Finally, the classical baselines were not tuned, the transformer baselines were trained on a CPU owing to computational constraints, and each language specialist was trained once, while AraBERT and a dedicated Urdu encoder were not evaluated; comparisons with published single-language systems therefore remain indirect (Supplementary Table S9).
Ethical considerations. Automated moderation is dual-use and risk-laden. The training corpora are public datasets that may encode geo-cultural and demographic bias (for example, the documented Lebanese skew of L-HSAB), which a trained model can propagate; the per-language and dialectal-robustness analyses are safeguards, not guarantees of fairness. The same detector that protects users can be misused for censorship or surveillance, so the system is designed to support a human moderator with an explanation and an appeal path rather than to act autonomously. Prioritising abusive-class recall minimises missed harmful content but raises false positives that can wrongly flag legitimate speech, making a human in the loop essential. All data used are already public, de-identified social-media text; no new personal data were collected.
Future work. We propose the following extensions: (1) augment training with naturally occurring and back-translated Roman Urdu to close the synthetic-transliteration gap; (2) broaden Arabic dialectal coverage and add k-fold cross-validation with confidence intervals to strengthen statistical claims; (3) compare Aya-23 with a generative explainer whose official language coverage includes Urdu, on the same probe; (4) extend the specialist comparison to AraBERT and a dedicated Urdu encoder, and explore bilingual training initialised from language-specific encoders to close the Arabic gap; (5) enlarge the contrast set to Arabic and Roman Urdu with native-speaker review and train the target tagger on a larger, independently annotated corpus; and (6) deploy the explanation layer, with temperature-scaled confidence, in a moderation workflow so that flagged users receive a justification and an appeal path.
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Supplementary Table S1. Classification performance of the bilingual XLM-RoBERTa detector on the held-out test set (n = 9,802)
	Subset
	Accuracy
	Macro-F1
	ABUSIVE precision
	ABUSIVE recall
	ABUSIVE F1

	Overall (n = 9,802)
	0.821
	0.820
	0.802
	0.866
	0.833

	Urdu (n = 4,907)
	0.816
	0.813
	0.801
	0.872
	0.835

	Arabic (n = 4,895)
	0.826
	0.825
	0.804
	0.859
	0.830

	Cross-lingual gap (Urdu − Arabic)
	−0.010
	—
	—
	—
	—



Supplementary Table S2. In-language versus zero-shot cross-lingual transfer
	Train
	Test
	Setting
	Accuracy
	ABUSIVE recall
	Macro-F1

	Urdu
	Urdu
	in-language
	0.814
	0.856
	0.812

	Urdu
	Arabic
	zero-shot
	0.532
	0.611
	0.529

	Arabic
	Arabic
	in-language
	0.829
	0.823
	0.829

	Arabic
	Urdu
	zero-shot
	0.504
	0.167
	0.446



Supplementary Table S3. Integrated Gradients and KernelSHAP agreement (n = 40 samples, 644 shared word pairs)
	Metric
	Value

	Pooled Spearman ρ
	0.369

	Mean per-sample Spearman ρ
	0.331

	Mean top-3 word Jaccard
	0.253

	Mean ρ — Arabic / Urdu
	0.360 / 0.301



Supplementary Table S4. Aya-23 explanation faithfulness and plausibility (n = 40 explanations)
	Metric
	Value

	Mean faithfulness — overall
	0.690

	Mean faithfulness — Urdu / Arabic
	0.71 / 0.67

	Live Aya-23 explanations (no fallback)
	40 / 40

	Mean plausibility — LLM judge (1–5)
	2.2

	Plausibility — Urdu / Arabic
	2.4 / 2.0

	Faithfulness ↔ plausibility (Spearman ρ)
	0.20



Supplementary Table S5. Deletion-based faithfulness on the 40-post probe, with 95% bootstrap intervals
	Word set
	Comprehensiveness ↑ (remove the words)
	Sufficiency ↓ (keep only the words)
	Predictions flipped by removal
	Wilcoxon p versus random (comp. / suff.)

	Words quoted in the Aya-23 explanation (n = 37)
	0.218 (0.113–0.336)
	0.250 (0.120–0.391)
	18.9%
	0.49 / 0.41

	Integrated Gradients top-k words (n = 40)
	0.289 (0.179–0.407)
	0.065 (−0.004–0.144)
	35.0%
	0.023 / < 0.001

	k random words, 20 draws (n = 40)
	0.106 (0.054–0.167)
	0.297 (0.218–0.373)
	13.1%
	—



Supplementary Table S6. Accuracy under adversarial and dialectal perturbation (n = 1,200)
	Perturbation
	Overall (Δ)
	Arabic (Δ)
	Urdu (Δ)

	Clean
	0.809
	0.805
	0.813

	Character noise
	0.780 (−0.029)
	0.780 (−0.025)
	0.780 (−0.033)

	Diacritic stripping
	0.808 (−0.001)
	0.803 (−0.002)
	0.813 (0.000)

	Character masking
	0.706 (−0.103)
	0.709 (−0.096)
	0.703 (−0.111)

	Roman-Urdu transliteration
	0.699 (−0.110)
	0.805 (0.000)
	0.595 (−0.218)



Supplementary Table S7. Context sensitivity and calibration of the base and context-aware detectors
	Measure
	Base detector
	Context-aware detector

	Contrast-set accuracy (49 unseen sentences)
	0.571
	0.857

	Harmless sentences correct / insults detected
	0.240 / 0.917
	0.880 / 0.833

	S2 (advice): p(abusive)
	0.992 (misclassified)
	0.003 (correct)

	Test accuracy / macro-F1 (n = 9,802)
	0.821 / 0.820
	0.823 / 0.823

	Test abusive recall
	0.866
	0.841

	ECE before → after temperature scaling
	0.107 → 0.026
	0.138 → 0.037



Supplementary Table S8. All models on the identical test set (n = 9,802)
	Model
	Accuracy (95% CI)
	Macro-F1
	Recall
	Specificity
	AUC
	MCC
	Urdu / Arabic acc.
	McNemar p

	TF-IDF + Naive Bayes
	0.787 (0.779–0.795)
	0.787
	0.813
	0.759
	0.867
	0.574
	0.794 / 0.780
	< 0.001

	TF-IDF + Logistic Regression
	0.796 (0.788–0.804)
	0.796
	0.798
	0.794
	0.878
	0.592
	0.791 / 0.801
	< 0.001

	TF-IDF + Linear SVM
	0.780 (0.771–0.788)
	0.779
	0.787
	0.772
	0.866
	0.559
	0.772 / 0.787
	< 0.001

	TF-IDF + Random Forest
	0.772 (0.764–0.781)
	0.772
	0.779
	0.765
	0.857
	0.544
	0.769 / 0.775
	< 0.001

	mBERT, two epochs
	0.811 (0.804–0.819)
	0.811
	0.827
	0.794
	0.890
	0.622
	0.807 / 0.815
	0.015

	mBERT, early stopping
	0.804 (0.796–0.812)
	0.803
	0.837
	0.768
	0.890
	0.608
	0.792 / 0.816
	< 0.001

	XLM-RoBERTa (ours)
	0.821 (0.813–0.828)
	0.820
	0.866
	0.773
	0.900
	0.642
	0.816 / 0.826
	—

	XLM-RoBERTa, context-aware (ours)
	0.823 (0.816–0.830)
	0.823
	0.841
	0.805
	0.899
	0.646
	0.816 / 0.831
	0.26



Supplementary Table S9. Comparison with results reported in earlier studies on related data
	Language / script
	Earlier study (reported result)
	This work: test subset (n)
	Accuracy / macro-F1

	Urdu, Nastaliq
	UrduThreat @ FIRE 2021, best abusive F1 ≈ 0.88 [1]; ISE-Hate, BERT F1 ≈ 0.83 [3]; Urdu-BERT threat detection, accuracy 0.875 [7]
	Urdu Nastaliq sources (3,689)
	0.794 / 0.790

	Urdu, Roman script
	RUHSOLD, CNN-gram compared with seven baselines [9]
	RUHSOLD portion (1,218)
	0.881 / 0.880

	Arabic, mixed
	MARBERT, offensive-language F1 ≈ 0.92 [17]; OSACT4, offensive F1 ≈ 0.89 [15]; L-HSAB, average F1 0.816 [24]
	L-HSAB and other original Arabic sources (3,711)
	0.834 / 0.834

	Arabic, multi-source
	—
	Arabic hate-speech superset sample (924)
	0.773 / 0.771

	Arabic, MLMA
	—
	MLMA Arabic portion (260)
	0.888 / 0.531



Supplementary Table S10. Reliability card for the two example sentences
	Parameter
	How it is produced
	S1 (insult)
	S2 (advice)

	Decision
	Context-aware XLM-RoBERTa
	Abusive
	Not abusive

	Confidence
	Temperature-scaled probability (T = 2.95)
	92.6%
	88.3%

	Explanation
	Strongest Integrated-Gradients evidence
	بے حیا
	no abusive evidence

	Target (who)
	Trained target tagger (named-entity step)
	لڑکیاں (group, female)
	none

	Reason (why)
	Attack category of the evidence word + topic cue
	modesty and morality, in the context of dress
	no one is attacked (advice)

	Context
	Softening cues around the keyword
	none
	negation, advice



Supplementary Table S11. Composition of the bilingual corpus
	Language / script
	Non-abusive
	Abusive
	Total
	Mean words per post
	Train / validation / test

	Arabic
	16,420
	16,213
	32,633
	15.5
	22,843 / 4,895 / 4,895

	Urdu, Nastaliq script
	11,491
	13,228
	24,719
	20.0
	17,325 / 3,705 / 3,689

	Urdu, Roman script
	3,720
	4,272
	7,992
	17.1
	5,572 / 1,202 / 1,218

	Total
	31,631
	33,713
	65,344
	17.4
	45,740 / 9,802 / 9,802



Supplementary Table S12. Training settings and computational cost of the fine-tuned models
	Setting
	XLM-RoBERTa (main model)
	Context-aware continuation
	mBERT baseline
	Specialists: MARBERTv2 / MuRIL

	Starting weights
	xlm-roberta-base
	main model
	bert-base-multilingual-cased
	MARBERTv2 / muril-base-cased

	Optimiser
	AdamW, weight decay 0.01, warmup 0.1
	same
	same
	same

	Learning rate
	2 × 10⁻⁵
	1 × 10⁻⁵
	2 × 10⁻⁵
	2 × 10⁻⁵

	Batch size / maximum length
	16 / 128 tokens
	16 / 128 tokens
	16 / 128 tokens
	16 / 128 tokens

	Epochs
	up to 10, early stopping (patience 1); seed 42 stopped after 6, best = 5
	1
	up to 10, early stopping; stopped after 6, best = 5 (capped run: 2)
	up to 10, early stopping; stopped after 3, best = 2

	Model selection
	best validation macro-F1
	final weights
	best validation macro-F1
	best validation macro-F1

	Hardware
	NVIDIA RTX 3060, 12 GB, FP16 (seed 42); CPU (seeds 43 and 44)
	CPU
	CPU
	CPU

	Training time
	46 min (seed 42); about 2–3 h per epoch on CPU (seeds 43 and 44, resumed from checkpoints after interruptions)
	—
	about 2–3 h per epoch on CPU (capped run: 5.1 h)
	3.0 h / 3.3 h

	Seed
	42 (main model); 43, 44 (replicates)
	42
	42
	42



Supplementary Table S13. Complete procedure for explainable bilingual detection and reliability evaluation
	Step
	Operation

	1
	Merge Urdu (Nastaliq, Roman) and Arabic sources; map labels to abusive / non-abusive; remove duplicate texts

	2
	Split 70/15/15, stratified by language × label (seed 42)

	3
	Fine-tune XLM-RoBERTa; keep the checkpoint with the best validation macro-F1

	4
	For each post: predict label and confidence p

	5
	Integrated Gradients (50 steps, pad baseline) → word scores; KernelSHAP on a probe → agreement ρ

	6
	Pass the top-5 toward and top-5 against words, label and p to Aya-23-8B → written explanation

	7
	Faithfulness = share of the top-5 toward words quoted in the explanation; deletion comprehensiveness and sufficiency against random words; plausibility on a 1–5 scale

	8
	Reliability: per-language gap, zero-shot transfer, robustness perturbations, contrast set, calibration (ECE)

	9
	Context-aware fine-tuning with contrast pairs; temperature scaling on the validation set

	10
	Compare with TF-IDF, mBERT and single-language specialists (bootstrap CI, McNemar test) and with published results

	11
	Reliability card: tag the target, map the top evidence word to a reason category, report calibrated confidence and context cues



Supplementary Figures
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Supplementary Figure S1. Confusion matrices on the held-out test set for (a) all test posts, (b) Urdu and (c) Arabic. Cells show counts and row percentages; rows indicate true classes and columns predicted classes.
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Supplementary Figure S2. Training dynamics of the XLM-RoBERTa detector: (a) training loss and validation loss; (b) validation macro-F1 and abusive recall by epoch, with the restored checkpoint marked.
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Supplementary Figure S3. Integrated Gradients word evidence for example sentences S1 (insult) and S2 (advice); red indicates evidence toward abusive and green against. Sentences are shown right to left.
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