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Abstract: Automated film certification remains an underexplored regulatory challenge, requiring scalable yet 

transparent models capable of handling full-length multilingual scripts. This paper presents a unified framework that 

delivers lightweight, explainable, and calibrated neural classifiers for multilingual movie script certification in English, 

Hindi, and Marathi. Unlike prior studies that operate on short snippets or monolingual text, our approach models 

entire scripts through chunk-level transformer encoding, knowledge distillation, and file-level temperature calibration, 

coupled with explainability-guided rule mapping for interpretable decision refinement. The proposed pipeline 

systematically integrates six stages—baselines, teacher modeling, distillation, calibration, explainability, and rule 

enrichment—yielding a compact yet trustworthy system. Experiments show that the distilled students retain over 85% 

of teacher accuracy while being 3× smaller, and temperature scaling substantially improves reliability (English 

Expected Calibration Error 0.303→0.086, Brier 0.684→0.540). Faithfulness analysis using deletion Area Under 

Curve confirms interpretable token attributions (0.157, 0.239, and 0.258 for English, Hindi, and Marathi respectively). 

Moreover, rule integration improves accuracy (English 0.581→0.587) while offering human-auditable rationales. All 

models are deployment-feasible, exported to ONNX/TorchScript with 3.5× compression (545 MB→150 MB) and no 

performance loss. Together, these results establish a reproducible, end-to-end pipeline that works multilingual long-

document modeling, calibration, and interpretability for film certification—advancing trustworthy Artificial 

Intelligence in regulatory Natural Language Processing. To our knowledge, this is the first work to build a unified, 

multilingual, and explainable pipeline for movie script certification using full-length scripts across MPAA and CBFC 

regulatory settings. 

 

Index Terms: Natural Language Processing, Deep Learning, Text Processing, Classification, Transfer Learning, 

Calibration, Explainable Artificial Intelligence (XAI), Movie Scripts. 

 

 

1.  Introduction 

Automating film certification has become increasingly relevant in the era of large-scale digital content production. 

Certification boards such as the Central Board of Film Certification (CBFC) and the Motion Picture Association of 

America (MPAA) assign age-based categories to guide audiences and enforce media regulations. However, manual 

certification is slow, subjective, and difficult to scale, especially when full scripts span diverse linguistic and cultural 

contexts. This motivates the development of reliable natural language processing (NLP) systems that can assist human 
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reviewers with transparent and consistent recommendations. 

Existing research has primarily relied on short text sources such as subtitles, reviews, or scene descriptions [1–5]. 

While these approaches achieve reasonable accuracy, they do not address core challenges in real-world certification: 

long scripts often exceed encoder limits; regulatory settings require calibrated probability estimates and interpretable 

decisions; and no prior work offers a unified multilingual benchmark to evaluate cross-language robustness. As a result, 

despite progress in transformer-based modeling, there remains no deployable or trustworthy system for multilingual 

movie script certification. To the best of our knowledge, no prior work has jointly addressed long-document modeling, 

multilingual variability, calibration, interpretability, and deployment efficiency within a single unified framework. 

This work fills these gaps by proposing a lightweight, explainable, and multilingual pipeline for automatic movie 

script certification. Our framework integrates chunk-level modeling, teacher–student distillation, temperature-based 

calibration, and explainability-guided rule mapping. Together, these components support accurate, well-calibrated, and 

auditable predictions for full-length scripts across English, Hindi, and Marathi. 

Empirical results demonstrate that the distilled student models retain over 85% of teacher accuracy while being 

three times smaller. Calibration significantly improves probability reliability (e.g., English ECE 0.303→0.086), and 

deletion-based faithfulness confirms the quality of token-level attributions. Hybrid neural–rule reasoning further 

enhances interpretability and yields modest accuracy gains. Finally, ONNX and TorchScript exports with dynamic 

quantization achieve 3.5× compression with no accuracy loss, enabling practical deployment. 

In summary, this study introduces the first multilingual benchmark and deployable pipeline for movie script 

certification that jointly integrates long-document modeling, distillation, calibration, and rule-based interpretability. By 

coupling neural explainability with symbolic rules, the proposed framework offers a reproducible and practical 

foundation for transparent decision-making in media governance. 

Contributions 

To clearly highlight the novelty of this work, we summarize our main contributions as follows: 

 

• First multilingual benchmark for movie script certification. We compile and standardize full-length scripts 

across English, Hindi, and Marathi—languages with distinct certification authorities (MPAA and CBFC). 

Prior work focuses only on monolingual or short-text settings. 

• Unified long-document modeling pipeline. We introduce a practical framework that combines chunk-level 

transformer encoding, file-level aggregation, teacher–student distillation, and post-hoc temperature 

calibration—an end-to-end design not explored in earlier studies. 

• Explainability-guided rule mapping. We propose a novel mechanism that links gradient-based token 

attributions to symbolic rule lists, enabling human-auditable rationales and bridging neural interpretability 

with rule-based transparency. 

• Comprehensive evaluation of trustworthiness. Beyond accuracy, we assess calibration (ECE, Brier score), 

deletion-based faithfulness, and cross-method attribution correlations, providing the first reliability analysis 

for multilingual film certification. 

• Efficient and deployable models. Dynamic quantization, ONNX/TorchScript export, and 3.5× compression 

yield lightweight student models suitable for deployment on commodity hardware—demonstrating practical 

readiness. 

2.  Related WorkS 

Recent research has developed models such as RNNs, Transformers, and multi-aspect classifiers to predict age 

ratings (e.g. MPAA, CBFC) directly from movie scripts. These models analyze various content aspects—like violence, 

sex, profanity, and substance use—to determine severity and suitability for different age groups. Hierarchical and 

attention-based architectures have shown improved accuracy, with some models outperforming previous state-of-the-art 

methods by 3–10 F1 score points [6–8]; importantly, hierarchical designs that mirror document structure 

(words→sentences→document) are a natural fit for long texts [9] and the transformer family (BERT) underpins modern 

contextual encoders used throughout this work [10]. 

Surveying the field, we and others have documented a fragmented methodological landscape with reproducibility 

issues and a lack of standardized benchmarks; the survey therefore advocates more public datasets, benchmarking 

standards, and multimodal/reproducible frameworks to advance automated movie analytics [11]. In prior work 

specifically on scripts and rating prediction we showed that lexicon/lexical-baseline methods (including blended lexicon 

sentiment scoring) are still useful baselines for script-level tasks and that carefully designed hierarchical/ordinal 

frameworks can improve robustness on full-length scripts [12–14]. 

Interpretability is a key concern, as rating decisions must be explainable, and that’s because film ratings are high-

stakes, social decisions that affect people, companies, and legal compliance, so automated ratings must be transparent, 

contestable and auditable. Multi-aspect classification and visualization strategies have been introduced to provide 

explanations for model predictions, helping reviewers and stakeholders understand which script elements influenced the 

rating. This is crucial for transparency and trust in automated systems [6, 7]. 
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Prior NLP work on film and media has mainly investigated subtitles, reviews, and screenplay-level narrative 

analysis, producing useful datasets and methods for summarization, genre/scene extraction, and user-opinion mining, 

but these studies typically operate on short or mid-length text (subtitles, plot summaries, reviews, and scene-level script 

data) rather than full-length scripts and therefore do not directly address certification-style long-document classification 

[4, 5, 15–25]; script corpora such as ScriptBase exemplify this emphasis on narrative/scene analysis rather than 

regulatory labels [26]. 

At the same time, transformer-based advances and long-document architectures have made processing lengthy 

documents feasible: sparse and local-attention models (e.g., Longformer, BigBird) enable linear or near-linear scaling to 

thousands of tokens [27–31], and the transformer paradigm itself (BERT) forms the technical foundation for most 

modern encoders [10]. While multilingual pretrained encoders (mBERT, XLM-R) provide cross-lingual representations 

that can transfer knowledge between typologically diverse languages; nevertheless, multilingual models remain uneven 

across resource conditions and are not by themselves a complete solution for domain-specific, long-script tasks [32–35]. 

Multilingual pretrained encoders (mBERT, XLM-R) provide cross-lingual representations and benchmarks such as 

XNLI and MLDoc quantify cross-lingual transfer [36–38]. 

Complementary techniques from model compression and calibration are central when moving from research 

prototypes to fielded systems: knowledge distillation (and practical instantiations such as DistilBERT) reduces latency 

and memory while preserving much of the teacher’s performance [39–43], and simple post-hoc temperature scaling 

reliably corrects overconfident probabilities—properties that are essential when predictions inform high-stakes 

regulatory decisions [44–47]. 

For interpretability and operational safety, gradient-based attributions (e.g., Integrated Gradients) [48–52] and 

perturbation-faithfulness tests (deletion/insertion) [48,53–55] are commonly used to produce token-level evidence, 

though attention weights alone are known to be an imperfect explanation [48,56–59] and should be combined with other 

attribution signals [48, 60–62]; this motivates hybrid designs that align model attributions with symbolic lexical rules 

for auditable overrides [60–64]. 

Existing approaches hence face practical hurdles, full-length scripts exceed standard encoder limits and therefore 

demand careful chunking and long-document models [14,27]; knowledge-distillation and compression can alter 

probability distributions and degrade calibration or explanation fidelity [65–67]; and token-level attributions are often 

unfaithful or unstable when mapped to symbolic rules—a problem amplified across chunks and languages [64, 68, 69]. 

These technical issues are compounded by multilingual and low-resource gaps and the scarcity of shareable full-script 

corpora (notably for Indic languages) [13, 35, 38], while community incentives and evaluation practices still favor 

single-metric accuracy over deployable trustworthiness [70]. Legal/policy constraints further limit dataset sharing and 

operational adoption [71]. 

Collectively, these literature provide the tooling (long-document transformers, multilingual encoders, distillation, 

calibration, explainability, and deployment tooling) but stop short of a unified, reproducible benchmark and pipeline 

that (i) treats certification as a multilingual long-text classification problem, (ii) couples chunk-level modeling with 

chunk-level distillation and file-level aggregation, (iii) evaluates calibrated probabilities and attribution faithfulness, and 

(iv) demonstrates practical export/quantization for real-world deployment—gaps this paper addresses. 

3.  Dataset 

We used a multilingual benchmark dataset for movie script certification across three languages: English, Hindi, 

and Marathi [13,14]. Each script is labeled with its official certification category according to the Motion Picture 

Association of America (MPAA) and the Central Board of Film Certification (CBFC) [71, 72]. The dataset consists of 

full-length scripts rather than subtitles, ensuring that contextual cues such as scene descriptions, violence, and thematic 

elements are retained [1–3]. This makes the task more challenging but also more representative of the actual decision-

making process used by regulatory boards and agencies. Table 1 summarizes the dataset statistics. The English corpus is 

the largest with 1,142 scripts spanning five classes (G, PG, PG-13, R, NC-17). The distribution is skewed toward R-

rated content, highlighting a significant class imbalance. The Hindi subset contains 203 scripts across three categories 

(U, UA, A), reflecting CBFC certification conventions. Here, the UA class dominates, again introducing imbalance. The 

Marathi subset consists of 100 scripts, balanced evenly between U and UA, making it a useful low-resource but 

balanced testbed. 

To ensure reproducibility and fair evaluation, we adopt stratified splits into training, validation, and test sets [73–

77] at the file level. Stratification preserves class ratios across splits, while low-frequency classes are assigned using 

random splits when stratification is not feasible [78–81]. This is especially important in the English dataset, where 

classes such as NC-17 are rare. 

Overall, the dataset design reflects three complementary challenges: (i) large-scale, imbalanced, fine-grained 

classification (English), (ii) medium-scale, moderately imbalanced multilingual classification (Hindi), and (iii) low-

resource but balanced classification (Marathi). This diversity enables evaluation of methods under both high and low-

resource conditions, motivating the choice of macro-F1 as the primary evaluation metric [70, 82–85]. 
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Table 1. Dataset statistics across languages and certification labels 

Language Total Labels Train/Val/Test 

English 1142 G:65, PG:153, PG-13:290, R:595, NC-17:39 799 / 171 / 172 

Hindi 203 U:52, UA:93, A:58 142 / 30 / 32 

Marathi 100 U:50, UA:50 69 / 15 / 16 

 

It is important to clarify that MPAA and CBFC ratings are not merged or aligned into a single unified label set. 

Each language is evaluated strictly under its native certification scheme: MPAA labels are used only for English scripts, 

while CBFC labels are used independently for Hindi and Marathi scripts. No cross-standard mapping or pooling of 

categories is performed. This design preserves the integrity of each regulatory system and prevents label contamination 

across languages. 

Dataset Availability: To support reproducibility, processed dataset, label files, and code used in this study are 

publicly available in the GitHub repository titled “LightweightExplainableMovieCerti”. The raw scripts cannot be 

released due to copyright restrictions, but all processed resources required to reproduce the experiments are accessible 

through the repository. 

4.  Problem Definition and Evaluation Protocol 

4.1.  Task Definition and Label Taxonomy 

We frame movie script certification as a supervised text classification task. Each input is a full movie script 𝑑𝑖 

written in English, Hindi, or Marathi, and the goal is to predict its official certification label 𝑦𝑖. Because certification 

schemes differ by language and region, we evaluate models separately on each language under its native label taxonomy: 

 

• English: five classes following MPAA-style ratings, Len = {G, PG, PG-13, R, NC-17}. 

• Hindi: three classes following CBFC conventions, Lhi = {U, UA, A}. 

• Marathi: two classes following CBFC conventions, Lmr = {U, UA}. 

 

All results are reported in these native label sets. We emphasize that this design intentionally reflects the 

heterogeneity of real-world certification unbalance in movie releases: English involves fine-grained distinctions across 

five classes, Hindi shows mostly three categories in wide spread releases, and Marathi provides a balanced low-resource 

two-class scenario with almost no releases in A category. 

4.2.  Formal Task Definition 

Given a training set 𝒟 = {(𝑑𝑖 , 𝑦𝑖)}𝑖=1
𝑁 , where 𝑑𝑖 is the 𝑖-th movie script and 𝑦𝑖 ∈ Lℓ is its certification label from  

the label set Lℓ for language ℓ ∈ {en, hi,mr}, the objective is to learn a classifier 𝑓𝜃 parameterized by 𝜃 such that 𝑓𝜃 

(𝑑𝑖) ≈ 𝑦𝑖. With lightweight and explainable neural models. Since scripts are long (often tens of thousands of tokens), 

they exceed the maximum input length of transformer encoders. Each script 𝑑𝑖 is therefore split into 𝑛𝑖 contiguous 

chunks: 

 

𝑑𝑖 → {𝑐𝑖1, 𝑐𝑖2, . . . , 𝑐𝑖𝑛𝑖 }, 

 

where 𝑐𝑖𝑗 denotes the 𝑗-th chunk of script 𝑖. 
For each chunk 𝑐𝑖𝑗 , the model produces a logit vector 𝑧𝑖𝑗 ∈ R𝐶, where 𝐶 = |Lℓ | is the number of classes in the 

relevant label set. The file-level logits are obtained by mean pooling across chunks as in (1): 

 

𝑧𝑖̅ =
1

𝑛𝑖
∑ 𝑧𝑖𝑗

𝑛𝑖
𝑗=1 ,      𝑦𝑖̂ = arg max

𝑘∈{1,…,𝐶}
𝑧𝑖̅ [𝑘]                                                      (1) 

 

where 𝑧̅𝑖[𝑘] is the 𝑘-th component of the aggregated logit vector. 

4.3.  Evaluation Protocol 

We evaluate classifiers using standard classification metrics: Accuracy (proportion of correctly classified scripts), 

and Macro-F1 (unweighted mean of per-class F1 scores). 

In addition to accuracy-based metrics, we assess the reliability of predicted probabilities. Two calibration metrics 

are used: 

Brier score. For 𝑁 test scripts and 𝐶 classes, let 𝑝𝑖𝑘 denote the predicted probability that script 𝑖 belongs to class 𝑘, 

and let 1[𝑦𝑖 = 𝑘] denote the indicator of the true class. The Brier score is defined as (2) 

 

Brier =
1

𝑁
∑ ∑ (𝑝𝑖𝑘 − 𝟏[𝑦𝑖 = 𝑘])2𝐶

𝑘=1
𝑁
𝑖=1                                                           (2) 
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Expected Calibration Error (ECE). Predictions are partitioned into 𝑀 bins according to confidence. For each bin 𝐵𝑚, 

acc(𝐵𝑚) is the empirical accuracy and conf(𝐵𝑚) is the mean predicted confidence. The ECE is computed as (3) 

 

ECE = ∑
|𝐵𝑚|

𝑁

𝑀
𝑚=1   |acc(𝐵𝑚) − conf(𝐵𝑚)|                                                         (3) 

 

where |𝐵𝑚| is the number of predictions in bin 𝑚. 

Lower Brier and ECE values should indicate better calibration of predicted probabilities [65, 86]. 

5.  Methodology 

Figure 1 provides an overview of our experimental pipeline, which integrates baseline models, transformer-based 

teacher models, knowledge distillation, calibration, explainability, and rule-based refinement into a unified framework 

for multilingual script certification. Each component is described in detail below. 
 

 

Fig.1. Overview of the experimental pipeline. Scripts are preprocessed, split into chunks, classified by teacher and student models, calibrated, 

explained, and refined through rule mapping for final predictions 

We begin with baseline models to validate dataset quality and establish reference, before progressing to more 

sophisticated transformer-based approaches. 

5.1.  Baseline Models 

As the first step in our pipeline, we establish classical baselines to validate the dataset and provide lower-bound 

performance estimates. Scripts are represented using the Term Frequency–Inverse Document Frequency (TF–IDF) 

scheme. For a term 𝑡 in document 𝑑 within a corpus 𝐷, the weight is defined as in Equation 4. 

 

tfidf(𝑡, 𝑑, 𝐷) = tf(𝑡, 𝑑) ⋅ log  
|𝐷|

|{𝑑′∈𝐷:𝑡∈𝑑′}|
                                                           (4) 

 

where tf(𝑡, 𝑑) is the frequency of term 𝑡 in document 𝑑, |𝐷| is the total number of documents, and |{𝑑′ ∈ 𝐷 : 𝑡 ∈ 𝑑′}| is 

the number of documents containing 𝑡. In our experiments we used scikit-learn’s TfidfVectorizer with ngram 

range=(1,1), max features=10000, min df=2, max df=0.98, and strip accents="unicode". 

Two linear classifiers were evaluated: Logistic Regression (C=1.0, solver="lbfgs", max iter=2000) and a Linear 

Support Vector Machine (LinearSVC, C=1.0, max_iter=10000, dual=False). Since linear SVMs do not produce 

calibrated probabilities, we applied Platt scaling [87] using CalibratedClassifierCV with sigmoid calibration and cv=2 (a 

pragmatic choice that reduces runtime while maintaining stable calibration; pilot runs with cv=3 and cv=5 produced 

nearly identical metrics). 

Performance is reported using Accuracy and Macro-F1, while probability quality is assessed with Expected 

Calibration Error (ECE, computed over 15 bins using top-label confidence) and a multiclass Brier score. The latter is 

implemented as the mean of one-vs-all Brier scores across classes, a standard extension of the binary Brier definition to 

multi-class settings. While these linear models here establish reliable baselines, they are inherently limited in capturing 
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long-range dependencies and semantic richness in scripts of different languages [88–91]. To address these limitations, 

we next introduce transformer-based teacher models capable of handling richer contextual information. 

5.2.  Teacher Model with Chunking 

Building on the baseline results, we employ transformer-based teacher models. However, since scripts are often 

tens of thousands of tokens long—far exceeding the input limits of standard encoders—we adopt a chunking / 

hierarchical strategy that mirrors hierarchical document representations [9]: each script is split into overlapping 

segments of fixed length, processed independently (or with long-document encoders such as Longformer/BigBird) [27, 

31], and re-aggregated into file-level predictions. The file-level logits are obtained by mean pooling across chunks as in 

(1). While mean aggregation is the primary strategy, we also evaluated alternatives such as max pooling and majority 

voting. Teacher models are based on DistilBERT and XLM-R, fine-tuned using the AdamW optimizer with a linear 

learning-rate schedule and warmup, gradient clipping, and early stopping based on validation Macro-F1. Chunk-level 

logits from the teacher model are stored for later use in knowledge distillation. 

5.3.  Knowledge Distillation 

Teacher models deliver strong performance, but their computational cost makes them impractical for large-scale 

deployment. To address this, we distill knowledge from the teacher into a smaller student model. Distillation aligns the 

student’s output distribution with both the teacher’s soft predictions and the ground-truth labels. We minimize the 

combined loss in (5) – (6)  with softened distributions (7). 

 

ℒ = 𝛼 ℒ𝒦𝒟 + (1 − 𝛼) ℒ𝒞ℰ                                                                     (5) 

 

where L𝐶𝐸 is the cross-entropy loss with the true labels, and L𝐾𝐷 is the Kullback–Leibler (KL) divergence between 

softened teacher and student distributions: 

 

ℒ𝒦𝒟 = 𝑇2 𝐷𝐾𝐿(𝑃𝑇  || 𝑃𝑆)                                                                       (6) 

 

Here 𝑧𝑇 ∈ R𝐶 and 𝑧𝑆 ∈ R𝐶 are the teacher and student logits respectively, with 𝐶 the number of classes. The 

softened probability distributions are 

 

𝑃𝑇 = softmax (
𝑧𝑇

𝑇
),    𝑃𝑆 = softmax (

𝑧𝑆

𝑇
)                                                         (7) 

 

where 𝑇 > 1 is the temperature parameter that smooths the distributions. The scaling factor 𝑇2 balances gradient 

magnitudes between the distillation and cross-entropy terms. 

This procedure yields a compact student model with significantly reduced inference cost and memory footprint, 

while retaining performance close to that of the high-capacity teacher. Distilled students form the basis for subsequent 

calibration, explainability, and rule-mapping stages in our pipeline. 

5.4.  Temperature Calibration 

Deep neural classifiers are often miscalibrated, producing overconfident probabilities that do not reflect true 

correctness likelihoods [65]. To address this, we apply temperature scaling to the logits of the distilled student model. A 

single scalar parameter 𝑇 > 0 is learned on the validation set by minimizing the Negative Log-Likelihood (NLL). 

Optimization is performed over log 𝑇 using gradient-based methods (L-BFGS or Adam). 

The resulting calibrated probabilities preserve the model’s classification accuracy but better align predicted 

confidence with observed accuracy. We evaluate calibration improvements using NLL, Brier score, and Expected 

Calibration Error (ECE) as defined in Section Evaluation Protocol. 

This post-processing step is crucial for regulatory tasks where decisions may depend on probability thresholds [67, 

92–94]. By applying temperature calibration, the compact student model achieves trustworthy probability estimates 

while maintaining efficiency. Beyond probability reliability, however, it is equally important to provide 

interpretability—especially in sensitive censorship-related contexts. 

5.5.  Explainability 

To this end, we apply two complementary explainability methods on the calibrated student model, ensuring that 

interpretability analyses reflect the final predictions used in downstream refinement. 

 

• Attention-based scores: Following [95], we extract attention weights from each transformer layer and head. 

Although attention has often been used as a proxy for explanation, its faithfulness as an interpretability 

mechanism remains debated [64]. Given 𝐿 layers and 𝐻 attention heads, attention-based importance is 

computed via (8) and aggregated as (9). 
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MeanAttentions,t =
1

𝐿⋅𝐻
∑ ∑ Attentionl,h,s,t

𝐻
ℎ=1

𝐿
𝑙=1                                                    (8) 

 

Imp
t
attn = ∑ MeanAttentions,t𝑠                                                                  (9) 

 

Token-level importance scores are then computed as the sum of incoming attention weights to each token. 

 

• Gradient-based scores: For a token embedding 𝑒𝑖 ∈ R𝑑 and the gradient of the target logit with respect to that 

embedding 𝜕𝐿target/𝜕ei , we compute gradient-based scores using Grad*Input as in (10) [68]. 

 

Grad ∗ Inputi = ∑ 𝑒𝑖,𝑘
𝑑
𝑘=1  

𝜕𝐿target

𝜕𝑒𝑖,𝑘
                                                              (10) 

 

where 𝑑 is the embedding dimension and 𝑒𝑖,𝑘 is the 𝑘-th component of the embedding. This score approximates 

Integrated Gradients and captures how perturbations of the embedding affect the model’s decision. 

Chunk-level importance scores are aggregated across the full script, and faithfulness is quantified via deletion tests: 

iteratively removing top-ranked tokens should reduce the predicted probability for the chosen class [53]. The retained 

probability curve is summarized using the deletion AUC, where a lower AUC indicates stronger faithfulness [69, 96]. 

Outputs include (i) quantitative scores such as deletion AUC per file and per language, and (ii) qualitative artifacts 

such as HTML highlights of sensitive tokens, which illustrate how the model grounds its certification decisions. These 

complementary analyses provide both human-facing interpretability and quantitative reliability checks. Importantly, the 

token-level evidence derived from explainability also enables us to integrate symbolic lexical rules into the pipeline. 

5.6.  Rule Mapping 

While neural models capture patterns from data, film certification often relies on explicit lexical rules such as 

detecting references to violence, sexual content, or drug use. To incorporate this domain knowledge, we implement a 

hybrid rule-mapping system that leverages explainability outputs as triggers. Each rule 𝑟 produces a candidate label 

𝑦𝑟𝑢𝑙𝑒 and an associated confidence score conf𝑟 (𝑑𝑖) ∈ [0, 1], computed as the fraction of top tokens in script 𝑑𝑖 that 

belong to the lexical set V𝑟: 

 

confr(𝑑𝑖) =
1

𝐾
∑ 𝟏𝑡∈TopK(𝑑𝑖) {𝑡 ∈ 𝒱𝓇}                                                                 (11) 

 

The final prediction combines the student model output with the rule-based override as follows: 

 

ŷ𝑓𝑖𝑛𝑎𝑙(𝑑𝑖) = {
𝑦𝑟𝑢𝑙𝑒,                     𝑖𝑓 𝑐𝑜𝑛𝑓𝑟(𝑑𝑖) ≥ 𝜏,

ŷ𝑚𝑜𝑑𝑒𝑙(𝑑𝑖),                   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,
                                                (12) 

 

where 𝑦ˆmodel is the student model’s prediction and 𝜏 is a threshold tuned on the validation set. 

This integration allows the system to override the neural prediction in cases where strong rule-based evidence 

exists. Evaluation metrics include accuracy, macro-F1, precision, recall, and confusion matrices, comparing model-only, 

rule-only, and hybrid predictions. By combining machine learning with interpretable rules, the system produces 

decisions that are both more accurate and more transparent in sensitive regulatory contexts. Building on this foundation, 

we next enhance the rule-based component by directly coupling it with explainability outputs and systematically tuning 

thresholds for rule application. 

 

Rule Construction. The lexical rules used in the hybrid stage were built using a three-step procedure applied separately 

for English, Hindi, and Marathi. First, we compiled seed terms corresponding to age-relevant categories (e.g., violence, 

sexual content, profanity, substance use) by referencing MPAA/CBFC rating guidelines and established domain 

terminology. Second, we expanded these seeds using corpus statistics: tf–idf scores were computed on the training 

scripts to surface additional unigrams and multi-word expressions that co-occurred frequently with the seed terms. Third, 

the combined candidates were filtered using frequency and ambiguity heuristics and then manually screened to retain 

only unambiguous lexical indicators. Each rule is activated only when a matched lexical item also receives high 

attribution from the explainability module (attention or gradient saliency), ensuring that symbolic overrides are applied 

only when supported by both lexical cues and model-derived importance signals. 

5.7.  Explainability-Guided Rule Enrichment and Threshold Tuning 

We enrich rule mapping predictions with token-level evidence and perform automated threshold tuning for rule 

activation. For each file, the top tokens identified by explainability methods are attached to the model predictions, 

producing qualitative evidence that links model behavior with lexical triggers. Each enriched record contains both the 

predicted label and an explainability snippet (e.g., the top 5 most important tokens). 
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Building on this enrichment, we introduce a token-fraction proxy to guide rule application. For each rule category 

(violence, sex, drugs), we compute the fraction of top tokens that match a predefined lexical list. A rule is considered 

triggered if this fraction exceeds a threshold. To calibrate these thresholds, we perform a grid search over candidate 

values on held-out validation data, selecting the configuration that maximizes accuracy. The final prediction is 

determined by combining the student model’s output with rule overrides according to the tuned thresholds. 

This step provides two benefits. First, it validates whether incorporating rule-specific keyword presence in 

explainability tokens can improve predictive accuracy. Second, it produces interpretable enriched outputs, allowing us 

to trace both the model’s reasoning and the circumstances under which symbolic rules are applied. These enriched 

predictions serve as the foundation for the final hybrid system and for qualitative case studies. Having established the 

full pipeline, we now focus on preparing the models for practical deployment in multilingual regulatory settings. 

5.8.  Deployment and Quantization 

We export the calibrated student models—augmented with explainability and rule-based refinement—to 

TorchScript and ONNX formats for interoperability, and apply dynamic quantization to reduce storage footprint. 

6.  Results & Discussions 

Results for the baselines, transformer teachers, distilled students, and our final hybrid system on each language are 

reported in Table 2. We do not discuss calibration metrics for teacher models, since they serve only as logit generators 

for distillation, and calibration metrics are not defined for rule mapping, which does not operate on probabilistic outputs 

[66,97]. 

Table 2. Final results across the pipeline, per language. Metrics are Accuracy, Macro-Precision, Macro-Recall, Macro-F1 (primary), Expected 

Calibration Error (ECE, lower is better), and Brier score (lower is better). Best value per language/metric is bold 

Lang Model Acc Prec Rec Macro-F1 ECE ↓ Brier ↓ 

English 

Baseline (SVC) 0.576 0.75 0.46 0.476 0.048 0.114 

Teacher 0.628 0.659 0.586 0.591 - - 

Student 0.581 0.628 0.492 0.506 0.303 0.684 

+ Calibration 0.581 0.628 0.492 0.506 0.086 0.540 

+ Rules 0.587 0.644 0.492 0.507 - - 

Hindi 

Baseline (SVC) 0.871 0.85 0.83 0.841 0.135 0.075 

Teacher 0.871 0.842 0.842 0.843 - - 

Student 0.806 0.768 0.759 0.757 0.143 0.239 

+ Calibration 0.806 0.768 0.759 0.757 0.139 0.239 

+ Rules 0.806 0.768 0.759 0.757 - - 

Marathi 

Baseline (SVC) 0.500 0.500 0.500 0.467 0.109 0.233 

Teacher 0.563 0.603 0.563 0.515 - - 

Student 0.563 0.573 0.563 0.547 0.050 0.438 

+ Calibration 0.563 0.573 0.563 0.547 0.049 0.437 

+ Rules 0.563 0.573 0.563 0.547 - - 

 

Baselines and Teacher Models. Baselines perform well in Hindi (Macro-F1 0.841) due to strong lexical cues, but 

collapse in English (0.476) and Marathi (0.467), confirming their brittleness. Teacher models with chunk aggregation 

improve substantially (English 0.591, Marathi 0.515), validating our long-text design, but remain computationally 

heavy.  

Chunk-aware distillation compresses heavy teachers while retaining accuracy. Unlike prior work on short snippets, 

we distill at the chunk level and re-aggregate at the file level [29,98,99] . This adaptation improves robustness: the 

Marathi student surpasses its teacher (0.547 vs. 0.515), and the English student retains > 85% of teacher accuracy while 

being 3× smaller — confirming that our models are lightweight yet effective. 

Temperature scaling was applied at the file level, aligning confidence with full-script predictions rather than noisy 

chunk outputs. This substantially reduced miscalibration without affecting accuracy. For example, in English, Expected 

Calibration Error dropped from 0.303 to 0.086 and Brier score from 0.684 to 0.540, while accuracy remained 

unchanged (Table 2). Calibration required the largest adjustment in English (Table 3) with a learned temperature 𝑇 = 

3.16 reflecting strong overconfidence in the uncalibrated student (NLL 1.64 → 0.99). Hindi (𝑇 = 0.98) and Marathi (𝑇 = 

0.89) required minimal correction, and their NLL remained essentially unchanged (0.36 → 0.36 for Hindi, 0.691 → 

0.690 for Marathi). This pattern is consistent with the calibration metrics: English showed the largest benefit, while 

Hindi and Marathi were already close to well-calibrated. Taken together, these results confirm that our lightweight 

student models can also produce trustworthy probability estimates, a property critical in regulatory contexts where 

decisions hinge on calibrated confidence thresholds. 
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Table 3. Temperature values and Negative Log-Likelihood (NLL) before and after calibration 

Language 𝑇 NLL ↓ 

English 3.16 1.64 → 0.99 

Hindi 0.98 0.36 → 0.36 

Marathi 0.89 0.691 → 0.690 

 

Token importance was derived from attention and gradient attributions, then validated via deletion tests and cross 

method agreement, this is from Explainability and Rule Integration step. Faithfulness analysis, refer figure 2, showed 

that removing high-importance tokens sharply reduced model confidence, with average Deletion AUC of 0.157 

(English), 0.239 (Hindi), and 0.258 (Marathi). Interestingly, the correlation between attention-based attributions and 

gradient-based saliency is near zero for English (𝑟 = −0.008) and Hindi (𝑟 = −0.001). A near-zero correlation does not 

imply complementarity in a positive sense, but rather that the two attribution methods capture largely independent and 

potentially inconsistent signals, as also reported in prior explainability studies [64]. This behavior is expected because 

attention weights reflect model-internal distribution mechanisms, whereas gradient scores measure local sensitivity. For 

Marathi, the correlation is moderately positive (𝑟 = 0.181), likely due to the smaller evaluation set. Overall, these results 

indicate that raw attention weights should not be interpreted as faithful explanations on their own, which further 

motivates our use of deletion-based faithfulness tests and rule-grounding procedures. These empirically grounded 

signals were operationalized in rule mapping: thresholds were tuned automatically via grid search, producing 

interpretable rule overrides that corrected sensitive misclassifications (e.g., English accuracy 0.581 → 0.587). Thus, 

explainability was not only diagnostic but directly contributed to hybrid predictions, making model outputs both 

interpretable and accountable. 

 

 

Fig.2. Explainability metrics across languages. Deletion AUC (blue, lower is better) measures faithfulness of token importance, while Attention–
Gradient correlation (orange, higher indicates stronger agreement) measures consistency between two attribution methods. English and Hindi 

correlations are near zero (slightly negative), while Marathi shows moderate positive agreement 

Per-Language Insights. English benefits most from calibration (ECE drop 0.303 → 0.086). Hindi already achieves 

high baseline accuracy, so the value lies in rule-based interpretability. Marathi benefits most from distillation, where the 

student generalizes better than the teacher despite low resources. These trends show that trustworthiness and 

explainability behave differently across resource conditions. 

Across baselines, distillation, calibration, explainability, rules, and deployment, the results confirm our claim: we 

deliver lightweight and explainable neural models for multilingual movie script certification. The pipeline achieves 

efficiency, reliability, and interpretability — a combination rarely reported in multilingual regulatory NLP. 

The confusion matrices provide a more granular view of model behavior across languages. For English (Figure 3a), 

the most frequent errors occur between UA and A, reflecting ambiguity in scripts with moderate violence or thematic 

intensity. Misclassification into NC-17 is rare, indicating that the model does not over-predict the most restrictive label. 

Hindi results (Figure 3b) show a recurring confusion between U and A, consistent with cultural differences in 

annotation guidelines where depictions of mild violence are sometimes inconsistently labeled. Marathi (Figure 3c) 

exhibits a simpler binary setting, yet the confusion between U and A remains noticeable, highlighting the challenge of 

low-resource scenarios where domain-specific subtleties are underrepresented in training data. These observations align 

with the overall quantitative metrics: English benefits from larger and more standardized training material, while Hindi 

and Marathi suffer from orthographic variation and data scarcity. Importantly, the confusion matrices illustrate that the 

errors are not random but cluster around adjacent certification categories, suggesting that the model captures broad 

distinctions but struggles at fine-grained boundaries—precisely where rule-based overrides and human oversight remain 

essential. 
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(a) English (b) Hindi (c) Marathi 

Fig.3. Confusion matrices for (a) English, (b) Hindi, and (c) Marathi movie datasets 

To evaluate practical feasibility, we exported the distilled students across all three languages, refer (Table 4). 

ONNX conversion and quantization reduced model size by 3.5× (545 MB → 150 MB) with no loss in accuracy. This 

confirms that our approach yields deployment-feasible, lightweight models suitable for real-world censorship boards. 

The near-identical sizes across languages are expected because all models share the same DistilBERT backbone, 

which dominates parameter count. The language-specific classification head contributes only ≈1–2 MB, making dataset 

size and label distribution influential for accuracy but not for storage footprint. 

These results demonstrate that our distilled students can be exported into deployment-feasible formats without loss 

in predictive performance, while achieving significant reductions in model size. Although runtime latency was not the 

primary focus of this stage, the consistent shrinkage across formats highlights the feasibility of deploying lightweight, 

calibrated, and explainable models in multilingual regulatory environments. 

Table 4. Model sizes before and after deployment optimizations. Values are reported in megabytes (MB) 

Language Original TorchScript ONNX Quantized 

English 545.2 541.5 185.0 150.8 

Hindi 545.2 541.5 184.5 150.7 

Marathi 545.2 541.5 184.0 150.5 

 

Taken together, these results show that our approach delivers not only compact and accurate models but also 

interpretable outputs whose explanatory faithfulness is strongest in high-resource settings and remains meaningful, 

though noisier, in low-resource contexts. This finding underscores the practical value of explainability for multilingual 

movie script certification, where trust in automated systems depends on both predictive accuracy and the ability to 

justify restrictive decisions with human-interpretable evidence. 

 

Statistical Validation. To assess whether the small improvements observed across pipeline stages (Student → 

Calibrated and Calibrated → Hybrid), we applied McNemar’s test to the per-example predictions on the test sets. For 

Hindi and Marathi, the calibrated and hybrid models produced identical predictions to the student model, resulting in 

zero discordant pairs; in such cases McNemar’s test is undefined and no statistical difference can be inferred. For 

English, only 3 prediction differences were observed between the calibrated and hybrid models, yielding a McNemar p-

value of 𝑝 > 0.05, indicating that the improvement is not statistically significant. This is expected given the very small 

number of prediction changes. Overall, while the pipeline yields small accuracy improvements, its primary benefits 

come from calibration quality, explainability, and deployability rather than statistically large performance gains. 

7.  Conclusions 

This work presented the first unified and reproducible framework for multilingual movie script certification, 

combining teacher–student distillation, temperature calibration, explainability, and symbolic rule integration into a 

single deployable system. Unlike previous studies focused on short or monolingual inputs, our pipeline addressed the 

challenge of full-length, heterogeneous movie scripts across English, Hindi, and Marathi—each with distinct label 

taxonomies and resource conditions. The proposed chunk-aware distillation strategy effectively compressed large 

transformer teachers while preserving performance: distilled students achieved over 85% of teacher accuracy while 

being three times smaller, and in Marathi, the student even surpassed the teacher (Macro-F1 0.547 vs. 0.515). File-level 

temperature calibration significantly improved probability reliability without loss of accuracy, reducing Expected 

Calibration Error from 0.303 to 0.086 and Brier score from 0.684 to 0.540 in English, confirming that lightweight 

models can also be trustworthy. Explainability analyses showed high attribution faithfulness (Deletion AUC: 0.157 for 

English, 0.239 for Hindi, 0.258 for Marathi), and attention–gradient correlations revealed language-specific 

interpretability patterns. These attributions were operationalized into explainability-guided rule mappings, yielding 

measurable improvements in sensitive categories (English accuracy 0.581→0.587) and ensuring that model predictions 

remained both interpretable and auditable. 
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Beyond modeling, deployment experiments validated that quantized student models retained full accuracy while 

reducing size by 3.5× (545 MB→150 MB), demonstrating readiness for real-world censorship boards with limited 

computational resources. Taken together, these results establish that regulatory-grade NLP systems can balance 

accuracy, calibration, interpretability, and efficiency within a multilingual, long-document setting. The framework not 

only advances automation for movie certification but also offers a generalizable design for building lightweight, 

transparent, and reliable AI systems in other high-stakes multilingual domains such as legal and media compliance. 
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AI - Artificial Intelligence 

ONNX – Open Neural Network Exchange 

MB – Megabyte 

MPAA – Motion Picture Association of America 

CBFC – Central Board of Film Certification 

XAI – Explainable Artificial Intelligence 

NLP – Natural Language Processing 

ECE – Expected Calibration Error 

BERT – Bidirectional Encoder Representations from Transformers 

XLM-R – Cross-lingual Language Model – RoBERTa 

XNLI – Cross-lingual Natural Language Inference 

G – General Audiences 

PG – Parental Guidance Suggested 

PG-13 – Parents Strongly Cautioned (Under 13) 

R – Restricted 

NC-17 – No One 17 and Under Admitted 
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U – Universal 

UA – Universal Adult  

A – Adults Only 

TF-IDF – Term Frequency–Inverse Document Frequency 

KL – Kullback–Leibler Divergence 

NLL – Negative Log-Likelihood 

L-BFGS – Limited-memory Broyden–Fletcher–Goldfarb–Shanno 

AUC – Area Under the Curve 

HTML – HyperText Markup Language 

SVC – Support Vector Classifier 
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