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Abstract

Current automated content moderation systems
fail to protect children from harmful YouTube
content, particularly in under-resourced, code-
switched settings. These systems are often
text-only, English-centric, and operate as black
boxes,” lacking the multimodal understanding
and transparency needed for effective moder-
ation. This thesis proposes a novel hybrid
framework for the explainable multimodal de-
tection of harmful content in videos with code-
switching. The proposed framework integrates
a fine-tuned classifier for accurate, scalable de-
tection with an LLM-powered module that syn-
thesizes the classifier’s internal evidential sig-
nals (e.g., text attention and visual heat maps)
to generate faithful, human-readable rationales
for each decision. As a primary case study,
the framework will be developed and validated
on an English-Filipino code-switched dataset.
Expected contributions include a new dataset
publicly available under controlled access (de-
identified transcripts, blacked-out frames, ex-
tracted feature representations, and metadata
via data-sharing agreement) and a blueprint for
building more equitable, transparent, and trust-
worthy Al safety systems.

1 Introduction

With billions of hours of video content consumed
daily, YouTube has become a primary source of
education and entertainment for children around
the world. However, the vast scale of the plat-
form makes it a fertile ground for the spread of
harmful content (misinformation, hate speech, vi-
olence, and sexually suggestive material) aimed
at this vulnerable audience. This harm appears in
many forms, including misinformation, discrimi-
natory hate speech, graphic violence, and sexually
suggestive content. Such harmful materials can
even be disguised as child-friendly programming
(Kim et al., 2023).

*Corresponding authors.

Children have a near-endless supply of both
harmful and beneficial content from the millions
of videos uploaded to YouTube daily. Parents of
younger children often rely on smartphones, tablets,
and video content to keep their kids occupied, es-
pecially during periods of stress or when parental
attention is limited. This is known as the “digital
babysitter” effect (Andrisano Ruggieri et al., 2024).
Relying on digital devices catries a significant risk.
Automated recommendation algorithms can easily
guide children from safe content to videos with
harmful ideologies and material, often with mini-
mal parental oversight.

In addition to YouTube’s own content modera-
tion system, significant research has been dedicated
to automated moderation. Many studies have de-
veloped sophisticated models for detecting specific
online harms in text and images. However, most
research on content detection targets resource-rich
languages, especially English, where abundant data
is available. Few resources address the nuances
of code-switched languages. As a result, current
moderation efforts are limited to resource-rich lan-
guages, which often leads to English-centric biases.
For example, a video might feature a child playing
with a seemingly benign English title, "Let’s play,’
but include the Tagalog phrase ’sa apoy’ (with fire)
in the audio. A standard English-only detector
would classify this video as safe, completely miss-
ing the severe physical danger conveyed through
the code-switched context. This creates situations
in which users of hundreds of other languages
may see policy-violating content on YouTube even
when searching for benign queries (Nigatu and Raji,
2024). This poses a more difficult challenge for
low-resource and code-switched languages, which
pose unique technical hurdles for standard NLP
models.

From a technical perspective, harmful content de-
tection in children’s media poses three compound-
ing challenges. First, harmful cues are inherently
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Figure 1: The proposed explainable multimodal framework decomposes Filipino-English YouTube videos into text,
visual, and audio streams. These are fused via cross-modal attention to generate harm-category predictions and
evidential traces, which an LLM-powered module synthesizes into human-readable rationales for moderators.

multimodal, requiring joint reasoning over text, vi-
suals, and audio. Second, real-world content fre-
quently exhibits code-switching, which violates
the assumptions of monolingual NLP pipelines
and degrades performance in low-resource settings.
Third, existing systems operate largely as black
boxes, providing little transparency or justification
for moderation decisions. Addressing all three chal-
lenges simultaneously remains an open problem.

Although there is existing research on multi-
modal content detection in videos, traditional mul-
timodal approaches often fail to capture nuances in
real-world content. A significant amount of contex-
tual information is lost when cultural differences
arise, leading current detectors to classify harmful
content, such as hate speech, as safe (Wei et al.,
2025). Implicit biases, such as stereotypes, are also
difficult to detect, as many cases show low agree-
ment among human annotators, making it a very
culturally dependent issue (De Grazia et al., 2025).

Finally, the majority of these advanced detection
models operate as ‘black boxes.” They can flag a
video as harmful, but would not be able to provide
interpretable explanations, if any, behind their de-
cision. There have been some content detection
systems that use explainable Al, although their im-
plementation has been limited to a single modality
(Joseph et al., 2025). It has been used for offensive
content and hate speech detection (Sivasundaram,
2025), although it also has uses in humor detection

(Jaiswal, 2025).

Given these, there is a lack of explainable multi-
modal content-detection models for Filipino code-
mixed language. The proposed study will further
explore this gap by detecting YouTube videos harm-
ful to children under 13. The main objective of this
study is to answer the following questions:

* RQ1: How can a multimodal dataset for
harmful content in a target low-resource,
code-switched setting be systematically col-
lected and annotated to demonstrate the failure
points of standard unimodal systems?

e RQ2: What is an effective multimodal archi-
tecture that can fuse visual and textual signals
to accurately classify harmful content videos
featuring code-switched languages?

* RQ3: To what extent are LLM-synthesized,
evidence-constrained rationales plausible and
faithful to the classifier’s internal decision pro-
cess, as measured by automated metrics?

* RQ4: How effectively can the proposed ex-
plainable multimodal framework adapt to
other code-switched language distributions
(e.g., Cebuano-English or Hindi-English) un-
der zero-shot or few-shot conditions?

To answer these questions, four studies will be
conducted across the proposed research. Study 1
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establishes the foundation by collecting, annotat-
ing, and benchmarking a novel multimodal dataset
of Filipino-English videos, demonstrating the limi-
tations of current monolingual baselines. Study 2
develops the core multimodal classifier that fuses
textual and visual signals to perform video-level
harmful content detection. Study 3 evaluates the
explainability module via automated plausibility
and faithfulness metrics (with a human moderator
study planned as future work). Finally, Study 4 con-
ducts a preliminary cross-lingual feasibility study,
testing which components of the framework are
language-agnostic versus require adaptation when
applied to other code-switched settings. Figure 1
illustrates the full framework end-to-end.

2 Related Work

2.1 Automated Detection of Harmful Content

Many methods have been developed and used to
perform automated detection of harmful content,
mostly focusing on toxic and hateful speech. One
of these methods is traditional machine learning.
Early approaches to toxic content detection relied
on traditional machine learning models such as
SVMs and Naive Bayes, which were highly depen-
dent on extensive feature engineering, including
content-based, user-based, and network-based fea-
tures (Kaur et al., 2021).

Another approach would be deep learning meth-
ods. Badjatiya et al. (2017) investigated CNNs and
Long Short-Term Memory Networks (LSTMs) for
hate speech detection. Their study demonstrated
that deep learning models, such as Convolutional
Neural Networks and LSTMs, achieved better re-
sults in hate speech detection than existing meth-
ods. A study by Isha et al. (2025), which also fo-
cused on classifying toxic sentiments in comments,
evaluated deep learning and machine learning ap-
proaches and found that CNNs are the best and
most reliable models, while a keyword-based ma-
chine learning approach is ineffective.

Another study by Pavlopoulos et al. (2017) fo-
cused on Recurrent Neural Networks for user com-
ment moderation. It showed that a GRU-based
RNN operating on word embeddings outperforms
the previous leading methods for comment modera-
tion, which used classifiers like Logistic Regression
or Multi-layer Perceptrons with character or word
n-gram features. They also found that RNN-based
models consistently outperformed regular CNNs
designed for the same task across the datasets they

tested. The performance of these models improves
with classification-specific attention mechanisms
that help a model focus on the most "suspicious"
words in a comment, thereby enhancing classifica-
tion accuracy.

Today, the state of the art in text-based classifi-
cation is dominated by Transformer architectures
like BERT (Bidirectional Encoder Representations
from Transformers) and its variants, which generate
powerful contextual embeddings and achieve supe-
rior performance. Mozafari et al. (2019) introduced
a transfer learning approach using BERT to detect
hate speech. They used a pre-trained BERT model
and fine-tuned it with four architectural strategies.
Standard BERT fine-tuning in this study involves
taking the final-layer output for a specific token and
feeding it directly into a simple classification layer
to determine whether the tweet was hateful. The
best performing method, however, was inserting
a CNN layer. Instead of using the final layer of
BERT, it took the outputs from all 12 of BERT’s
transformer encoder layers, which were then com-
bined to form a matrix. A CNN was used to an-
alyze this matrix and extract the most important
features. Another study by Jansen et al. (2022),
which focused on detecting adult and harmful con-
tent, used transformer models as one of its classifi-
cation approaches. They chose to fine-tune BERT
and RoBERTa and found that they performed very
well on the data they were trained on, but failed
completely when applied to the actual target data,
where they generalized in ways that were mostly
harmful.

2.2 Multimodal Analysis for Content
Understanding

To address the limitations of text-only systems, re-
search has increasingly turned to multimodal anal-
ysis, fusing signals from text, images, and video.
A study by Jo et al. (2024) aimed to analyze and
classify YouTube videos by feeding a Multimodal
Large Language Model (MLLM) multiple types of
data (or “modes”) simultaneously. For each video
in their dataset, they extracted visual and textual
data, then used GPT-4 Turbo, one of OpenAl’s
flagship MLLMs, for classification. They utilized
zero-shot prompting, not fine-tuning or training
the model. They instead designed a ‘“zero-shot”
prompt that provided the model with all the neces-
sary context and instructions to perform the classifi-
cation task, in which the video would be classified
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into six harm categories (Information, Hate, Ad-
dictive, Clickbait, Sexual, Physical). They then
compared the results of this prompting with those
of non-expert human labelers and domain experts.
While GPT-4 Turbo outperformed non-expert label-
ers, it did not match domain experts’ performance,
achieving only about 60% accuracy on expert la-
bels.

Another study by AlDahoul et al. (2024) also
evaluated sensitive content in text, images, and
videos through LL.Ms. They had found that general-
purpose LLMs are more effective and flexible than
dedicated moderation tools. Specialized models
for detection, like Llama-Guard and OpenAl, per-
formed poorly in detecting graphic violence and
abuse categories as they were not part of their pre-
defined safety taxonomies. There does not seem to
be any single “best” model, as different LLMs ex-
cel at different tasks. Gemini 1.5 Pro was best for
video violence, while Llama-3.2-Vision-Instruct
was best for photo nudity, and GPT-40 was a top
performer on textual violence. General-purpose
LLMs also proved that they were capable of identi-
fying a wider and more nuanced range of sensitive
content (e.g., alcohol and child abuse) that spe-
cialized models with fixed categories completely
missed.

While recent multimodal large language models
(MLLMs) such as GPT-40, Gemini, and Qwen-
Omni demonstrate strong zero-shot capabilities
for video understanding, their effectiveness in low-
resource and code-switched contexts remains in-
consistent, as current multilingual LLMs have been
shown to underperform on code-mixed inputs com-
pared with fine-tuned models and struggle with lin-
guistic mixing in realistic data distributions (Zhang
et al., 2023). Moreover, adapting MLLMs to low-
resource languages remains a significant challenge
due to limited representation and the need for spe-
cialized datasets (Lupascu et al., 2025). Their abil-
ity to handle culturally nuanced content and pro-
vide consistent, transparent explanations is also
constrained, with evaluations showing inconsistent
decision explanations in multilingual and code-
mixed scenarios, and inherent black-box behav-
ior that resists auditability and faithful explana-
tion (Ochieng et al., 2024). These limitations
motivate the hybrid design, which uses a special-
ized multimodal classifier trained on verified Fil-
ipino—English data for scalable detection, paired
with an LLM used exclusively for grounded evi-

dence synthesis rather than primary prediction.

2.3 The Challenge with Low-Resource and
Code-Mixed Languages

Code-switched Filipino-English content, which flu-
idly mixes Filipino and English, poses a significant
challenge for standard NLP models that assume a
single grammatical and semantic structure. A study
that attempted to detect abusive language in low-
resource, code-mixed languages such as Nepali-
English and Telugu-English identified several rea-
sons why this is difficult. There is a lack of labeled
datasets for low-resource languages, and those that
exist are small, unbalanced, or not annotated for
abusive content, making it incredibly difficult to
build and train effective detection models (Pandey
et al., 2025). In addition, most hate-speech detec-
tion tools are trained on high-resource languages
such as English. These models struggle signifi-
cantly when they encounter code-mixed text be-
cause they cannot understand the grammar, syntax,
or vocabulary from other languages. Languages
like Tamil, Swahili, and Quechua are agglutina-
tive, meaning they form complex words by adding
morphemes to a root. Filipino is also considered
to be agglutinative. Frequency-based tokenizers
(like WordPiece or BPE used in BERT) are not de-
signed for this and incorrectly split words, leading
to meaningless tokens and flawed models (Shahid
et al., 2025).

2.4 Explainable AI (XAI) for Content
Moderation

Recent research demonstrates that explainable Al
(XAI) frameworks are being actively developed for
content detection, particularly for tasks such as de-
tecting fake news, harmful memes, and misogyny.
These frameworks combine multiple data types and
provide interpretable outputs to help users under-
stand model decisions. One study uses a two-part
framework that separates the task of understanding
hate speech from the task of classifying it, called
the TARGE Framework. Hashir et al. (2025) uses
an LLM to generate rationale explanations and then
feeds those explanations back to improve the final
classification model. The framework achieved ac-
curacy that was comparable to, and in some cases
better than, traditional black-box models.

There have also been efforts for multimodal
XAI models. Another paper used a framework
called LogicDM (Logic-based multimodal misin-
formation Detection Model), which is built on the
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principles of Neural-Symbolic Al. It combines the
pattern-recognition power of neural networks with
the explainable reasoning of symbolic logic. It has
been shown to outperform existing state-of-the-art
multimodal detection methods in both accuracy and
F1-score on three public datasets (Twitter, Weibo,
and Sarcasm) (Liu et al., 2023).

Closely related to this proposal are video- and
multimodal-specific pipelines for harmful or child-
safety content. MultiHateLoc (WS-MHL) (Sun
et al., 2026) uses tri-modal temporal encoders
with MIL top-K localization for hateful content.
TikGuard and MTikGuard (Balat et al., 2024;
Nguyen et al., 2025) employ video transformers
for child-safety on short-form video, with multi-
modal fusion of ASR and OCR. SHORTCHECK
(Vatndal and Setty, 2025) provides a modular in-
terpretable pipeline with replaceable components.
Hate-CLIPper (Kumar and Nandakumar, 2022)
uses CLIP-based mid-level fusion (FIM) for in-
terpretable cross-modal interaction. MemeMind
(Gu et al., 2025) introduces the MemeMind dataset
and the MemeGuard detection framework, which
together explore chain-of-thought supervision for
interpretable content moderation. These works mo-
tivate the need for temporal and tri-modal reasoning
as well as replaceable, auditable components in the
present framework.

Prior work has explored harmful content detec-
tion using text-only models, multimodal architec-
tures, and large multimodal language models. How-
ever, existing approaches typically address these
challenges in isolation. There remains a lack of
frameworks that jointly support multimodal reason-
ing, robust handling of code-switched data, and
faithful, human-interpretable explanations. This
gap motivates the proposed explainable multimodal
framework.

3 Proposed Methodology

To address the challenges of multimodal reasoning,
code-switching, and black-box moderation, the pro-
posed methodology is structured into four studies.

3.1 Study 1: Dataset Construction and
Linguistic Baselines

The proposed task is multilabel video-level classi-
fication of harmful content in children’s YouTube
videos featuring code-switched language. Each
video may be assigned zero, one, or multiple
harm labels corresponding to misinformation, hate

speech, violence, and sexually suggestive content.
In this study, the framework is instantiated and
evaluated using an English—Filipino code-switched
case study.

In this work, code-switching refers to the use of
Filipino and English either within the same utter-
ance (intra-sentential) or across adjacent utterances
(inter-sentential) within a single video, as defined
by Li (2020).

Harm labels are assigned at the video level.
Annotators additionally provide localized ratio-
nales (relevant transcript phrases and visual
frames/regions) that justify each harmful label.

To build a multimodal, multilabel dataset of
harmful Filipino-English children’s content, four
steps must be taken: data sourcing, data extraction,
data preprocessing, and data annotation. To miti-
gate keyword selection bias and ensure a sufficient
yield of harmful examples, initial keyword-based
searches will be augmented by algorithmic snow-
ball sampling from known harmful seed videos.
Human annotation will occur after this model-
assisted pre-filtering. The target is 500 videos,
achieved through broader keyword coverage and
more seed channels. A finalized annotation en-
try consists of video metadata, multilabel harm
categories, and transcript spans plus visual frame
timestamps justifying the labels.

Candidate videos are initially defined through
keyword-based search queries that include both Fil-
ipino and English terms commonly co-occurring in
video content. During annotation, annotators ver-
ify the presence of code-switching by confirming
the use of both languages either within the same
utterance or across adjacent utterances in the video
transcript. Videos that do not exhibit verified code-
switching are excluded from the final dataset. Code-
switching is not assigned as a label; rather, it serves
as an inclusion criterion for the dataset. Annotators
are provided with brief guidelines and examples to
ensure consistent identification of code-switching
across videos.

For each video identified, text, audio, and visu-
als (thumbnails and sampled frames) will be ex-
tracted for further pre-processing. Audio will be
transcribed using OpenAl Whisper. For the anno-
tation process, annotators will assign one or more
video-level harm labels reflecting the overall pres-
ence of harmful content in the video. They will
provide a brief written rationale for any "harmful’
label, highlighting the specific transcript segments
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(words or phrases) and visual evidence (frames
or regions) that justify each assigned label. At
least two annotators will label each video. Inter-
Annotator Agreement will be quantified using Co-
hen’s or Fleiss’ kappa for video-level harm labels,
and token-level or frame-level F1 or Jaccard over-
lap for rationale spans, to ensure consistency and
adjudicate disagreements.

Code-switching is an inclusion criterion, not a
prediction target. Children’s content is defined as
videos labeled for children or whose metadata and
visuals target under-13 audiences.

Differentiation from prior code-mixed abusive
language work. Prior shared tasks such as Dra-
vidianLangTech (Chakravarthi et al., 2021) estab-
lished text-only benchmarks for abusive language
detection in Tamil-English and related pairs. This
framework advances beyond that line of work
in three ways: (1) it extends detection to the
video domain with synchronized visual and audio
streams; (2) it targets children’s YouTube content,
absent from prior shared tasks; and (3) it produces
faithful, human-readable explanations grounded in
classifier-internal evidence. The novelty lies in the
multimodal, child-safety-focused, and explainable
instantiation of the problem.

To establish linguistic baselines, the newly anno-
tated data will be evaluated against standard text-
only and monolingual models (such as ROBERTa
Tagalog Base). This will empirically demonstrate
the capture of the semantic and structural nuances
of Filipino-English code-switching, thereby justify-
ing the need for a specialized multimodal approach.

3.2 Study 2: The Multimodal Classification
Engine

The classifier operates on naturally occurring code-
switched input without explicit language segmen-
tation or prior code-switch detection. Sub-models
for each modality will be trained.

For the text modality sub-model, the inputs are
the video title, description, and audio transcript.
These will undergo specialized preprocessing to
account for the agglutinative nature of Filipino. Be-
cause standard frequency-based tokenizers (such
as WordPiece) often incorrectly fragment complex
Tagalog words, this study will use CalamanCy, a
specialized NLP toolkit for Philippine languages,
to perform rule-informed morphological segmenta-
tion and part-of-speech tagging.

Following this preprocessing, feature extraction

will use the text-only SEA-LION v4 4B model with
AWQ 4-bit quantization, given GPU constraints.
SEA-LION is decoder-only; embeddings are ob-
tained by EOS-token last-hidden-state extraction
(e.g., via vVLLM’s pooling runner). Decoder-only
models have been shown to yield competitive em-
beddings when pooled appropriately (Wang et al.,
2024; Muennighoff et al., 2024). The model was
not contrastively fine-tuned for embedding tasks, so
representations may be less well-clustered than ded-
icated encoders—this limitation is acknowledged
and will be evaluated via an encoder baseline ab-
lation (XLM-R-large or mDeBERTa-v3) to assess
whether SEA pre-training still yields gains on this
task. Training will use either a frozen quantized
backbone with a light classification head (MLP)
or LoRA fine-tuning, given the dataset size of
500 videos. Unlike standard monolingual mod-
els such as RoOBERTa Tagalog Base, SEA-LION
is pre-trained on Southeast Asian corpora, includ-
ing extensive Filipino data, which is a linguistic
advantage for code-switching. These embeddings
will be collated to produce a text vector that sum-
marizes the video’s linguistic and semantic intent.
Language ID tagging will be applied during prepro-
cessing to signal switch points to the transformer
before embedding.

These embeddings will be augmented with fea-
tures such as all-caps ratios and excessive punctua-
tion to capture the sensationalism often correlated
with harmful content. While transformers capture
semantics, certain stylistic patterns also indicate
low-quality, harmful content. The embeddings
from the transformer model will be augmented
with a small set of handcrafted features. Examples
would include counting the ratio of all-caps words
and the frequency of excessive punctuation (e.g.,
“1 <227”). These features directly capture sensa-
tionalism and clickbait-style language, which often
correlates with misinformation and other harms.
They provide strong and interpretable signals that
complement the dense embeddings.

As for the visual modality submodel, it is de-
signed to capture harmful cues that are not men-
tioned in the text or transcript. It analyzes the
video’s thumbnail and frame-by-frame content.
One of the features to be extracted would be ob-
ject and scene semantics. A pre-trained vision-
language model, such as CLIP, will be used. Each
frame and thumbnail will be passed through CLIP’s
image encoder. While traditional object detectors
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(like YOLO) are good at finding specific things
like a knife or a person, CLIP models are more ad-
vanced, as they understand the semantic content of
an image. Its embeddings can distinguish between
a “cartoon knife in a kitchen” and a “person hold-
ing a knife menacingly” due to its spatial awareness
(Geng et al., 2023). This helps to capture visual
concepts to assist in understanding visual narratives
in videos. This will result in a sequence of visual
vectors, one for each frame, representing the visual
content over time.

Crucially, to understand which parts of an image
the model is focusing on, a post-hoc explainability
technique will be applied. Because this framework
uses the CLIP image encoder, which is built on
a Vision Transformer (ViT) architecture, gradient-
based saliency methods such as Grad-CAM are
mathematically incompatible and prone to resolu-
tion degradation. The study will therefore inte-
grate FocusViT (Ali et al., 2026), an interpretabil-
ity framework for ViTs that combines gradient-
weighted attention attribution with dynamic layer-
skipping, as presented at AISTATS 2026. FocusViT
produces localized heatmaps that reflect the hierar-
chical token processing of the visual model. These
heatmaps will highlight the pixels and regions (e.g.,
a face, a weapon, a specific gesture) that were most
influential in the model’s final prediction for a given
harm category.

Audio modality sub-model. Non-verbal audio
(prosody, tone, background music, sound effects)
will be represented as a third modality stream. Au-
dio feature extraction will use PANNs (CNN14)
to produce fixed-size 2048-dimensional audio em-
beddings. The cross-modal attention mechanism
will be extended to tri-modal fusion so that text,
visual, and audio streams can attend to each other.
The audio stream will contribute evidential traces
(e.g., which time windows or spectral bands are
most attended) for the explainability module. An
ablation comparing bi-modal (text+visual) vs. tri-
modal (text+visual+audio) will be included in the
evaluation plan. The pipeline figure will be updated
to reflect the tri-modal design.

These sub-models (text, visual, and audio) will
then be combined. The baseline strategy will use a
simple fusion technique: the final text, visual, and
audio vectors would be concatenated into one long
vector as a benchmark. The design rationale for
maintaining separate submodels rather than using
early fusion is that it isolates modality-specific fea-

tures and enables the extraction of distinct eviden-
tial traces (token attributions, FocusViT heatmaps,
and audio attention) required for the downstream
explainability stage.

The more advanced strategy is to implement a
cross-modal attention mechanism that allows the
text, visual, and audio sub-models to combine infor-
mation across modalities to make a decision. The
attention mechanism enables the model to dynam-
ically weight different features. For instance, if
the transcript contains the word "dulas" (slippery),
the model can learn to pay much closer attention
to visual frames that show a wet floor or a per-
son falling (Song et al., 2022). The final fused
vector will be passed to a classifier head (like a
Multi-Layer Perceptron) with a sigmoid activation
function to produce two outputs: a prediction vec-
tor and evidential traces. The prediction vector
gives the probability for each of the four harm la-
bels (misinformation, hate speech, violence, sexu-
ally suggestive) for multi-label classification; “safe”
corresponds to the absence of any label (all-zeros).
The evidential traces are the internal model data
needed for explanation: text token attributions (see
below) and visual FocusViT heatmaps from the
visual sub-model.

FocusViT is used consistently for visual attribu-
tion; LIME or SHAP are not used for frame-by-
frame video analysis due to computational cost.

Handling cross-modal contradictions. A
known evasion tactic in harmful children’s content
is the deliberate pairing of innocuous signals in
one modality with harmful content in another
(e.g., cheerful audio over violent visuals). The
cross-modal attention mechanism surfaces such
incongruities: semantically opposing streams
produce high inter-modality mismatch in the
attention weights. The evaluation plan includes
an adversarial diagnostic subset with deliberately
misaligned audio/visual sentiment; per-label
confidence and attention entropy will be reported
for these cases.

These evidential traces do not constitute explana-
tions by themselves, but serve as structured inputs
for the downstream LLM-based explanation mod-
ule.

Study 2 will empirically evaluate these archi-
tectures. The primary objective is to demonstrate
that the cross-modal attention mechanism yields a
statistically significant improvement in multi-label
classification accuracy over the simple concatena-
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Figure 2: Cross-modal attention architecture. Three
modality encoders (text, visual, audio) feed into the
attention fusion module. The classifier head pro-
duces both harm-label predictions via sigmoid activa-
tion and evidential traces (token attributions, FocusViT
heatmaps, audio attention maps) for the downstream
explainability module.

tion baseline. The classifier will yield a prediction
vector for the four harm labels and the evidential
traces needed for explainability. The full architec-
ture is illustrated in Figure 2.

3.3 Study 3: An LLM-Powered Explainability
Module

Unlike end-to-end MLLM-based moderation, the
LLM is constrained to synthesizing explanations
from externally generated evidential signals, tar-
geting human platform moderators as the end
audience—the goal being to enable faster and more
accurate accept/reject decisions than reviewing raw
video alone.

The LLM will be prompted with all the infor-
mation from the previous stages: the classifier’s
verdict, evidence, and the original data. The ver-
dict would be the specific harm labels predicted
by the Stage 2 model, and the evidence would be

“center”,

textual token attributions (see below) and a struc-
tured textual description of the visual FocusViT
heatmaps. The original data consists of the full
transcript and specific video frames with the high-
est visual attention.

Heatmap-to-text conversion pipeline. Fo-
cusViT heatmaps are converted to natural-language
evidence in three steps: (1) the map is thresh-
olded at the 90th percentile and contiguous
high-activation regions are extracted over the
ViT patch grid; (2) each region is mapped to
a semantic location label and the top-3 CLIP
text-image similarity scores over a harm-relevant
vocabulary (e.g., “weapon,” “explicit gesture”) are
retrieved; (3) region labels and scores are serialized
into a structured evidence block (e.g., region:
label: “weapon”, score:
0.81) and appended to the LLM prompt. This
preserves spatial and semantic signal without
requiring the LLM to interpret raw pixels; fidelity
is validated by comparing LLM region refer-
ences against the ground-truth heatmap during
faithfulness evaluation.

Using attention weights as the primary textual ev-
idence is contested (Jain and Wallace, 2019; Wiegr-
effe and Pinter, 2019). The study will therefore
use Integrated Gradients (or input x gradient) as a
complementary token attribution method alongside
attention. Faithfulness of the chosen attribution
will be validated via erasure and sufficiency tests
in the evaluation plan, and the approach will be
justified in light of this planned validation.

The LLM will then be instructed to act as an
analyst, synthesizing evidence into a report for a
human moderator. This design is inspired by struc-
tured reasoning approaches such as ReAct-style
prompting. Unlike ReAct, the LLM is constrained
to synthesizing explanations strictly from exter-
nally provided evidence, promoting faithfulness
and reducing hallucination risk. The prompt will re-
quest a structured JSON output. This JSON object
will contain a human-readable explanation that con-
nects the model’s prediction to specific evidence
from the video.

To evaluate the efficacy of this explainability
module, Study 3 will employ a rigorous suite of
automated metrics focusing on two dimensions:
plausibility and faithfulness. A human modera-
tor study (N~15-20) is planned as future work to
assess the impact on moderator accuracy and trust.

Plausibility measures how well the generated ex-
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planations align with human reasoning. This will
be evaluated by comparing the LLM-synthesized
rationales against the human-written rationales col-
lected during the Study 1 annotation phase. Se-
mantic similarity metrics, such as BERTScore and
ROUGE, will quantify this overlap.

Faithfulness measures how accurately the ex-
planation reflects the classifier’s internal decision-
making process. This will be tested via erasure
and sufficiency: masking the specific text tokens or
visual regions (highlighted by token attribution and
FocusViT) that the LLM claims are evidence, and
measuring the subsequent drop in the classifier’s
confidence. A significant drop confirms the ratio-
nale is faithfully grounded in the model’s architec-
ture. Deletion and insertion AOPC (Area Over the
Perturbation Curve) metrics (Samek et al., 2017)
will be reported alongside these tests. The out-
puts of this constrained synthesis approach will be
compared against unconstrained, zero-shot MLLM
baselines to demonstrate a reduction in hallucina-
tions and an increase in grounded auditability.

3.4 Study 4: Preliminary Cross-Lingual
Feasibility

Study 4 is a preliminary cross-lingual feasibility
study. The central hypothesis is that visually-
grounded modalities (CLIP, PANNG5) transfer more
effectively across code-switched pairs than text-
dependent components (SEA-LION, CalamanCly),
predicting a per-class F1 drop of <10 points for the
visual-only ablation versus >15 points for the text-
only ablation. The classifier will be tested under
zero-shot and few-shot conditions on a secondary
dataset (e.g., Cebuano-English or Hindi-English),
with performance drops quantified per modality
stream to confirm this decomposition. The ex-
plainer module will be assessed for its ability to syn-
thesize evidential traces under a shifted grammat-
ical structure. This pilot identifies which pipeline
components require language-specific adaptation;
claims about generalizability are tempered accord-

ingly.
3.5 Evaluation Plan

Classification evaluation will report per-class F1,
macro F1, micro F1, and AUROC. Given the
dataset size, confidence intervals and permutation
tests will be reported where applicable. Evaluat-
ing the LLM-generated explanations will utilize
ROUGE and BERTScore to measure overlap with
human-written rationales. Explanation faithfulness

will be rigorously tested through: span alignment
(whether text spans cited by the LLM correspond to
tokens with high attribution from the classifier); era-
sure and sufficiency testing; and deletion/insertion
AOPC metrics. LLM-as-judge evaluation methods
will be explicitly avoided to prevent compound-
ing hallucination risks. The classifier’s perfor-
mance evaluation will include: (1) baselines—text-
only RoBERTa Tagalog, CLIP zero-shot, a video-
transformer baseline (TimeSformer or ViViT), and
an MLLM zero-shot baseline (GPT-40 or Gem-
ini); (2) an ablation comparing bi-modal vs. tri-
modal (with the audio stream); (3) an encoder ab-
lation (XLM-R-large or mDeBERTa-v3) for the
text stream; and (4) an ablation on high-density
vs. low-density code-switched videos. Thumbnails
and sampled frames with pooled CLIP embeddings
may miss short harmful segments; temporal local-
ization will be addressed either by incorporating
MIL top-K frame selection or by including a video-
transformer baseline to contextualize the frame-
sampling limitation (relevant prior work includes
Sun et al. (2026) and Balat et al. (2024); Nguyen
et al. (2025)).

4 Conclusion

Harmful content on platforms like YouTube threat-
ens children’s well-being, especially in linguistic
communities underserved by mainstream Al. Cur-
rent moderation systems, designed for English, are
inadequate for low-resource and code-switched lan-
guages.

This thesis proposes a hybrid framework com-
bining a fine-tuned multimodal classifier with an
LLM-powered explanation module. It will be vali-
dated on Filipino-English children’s media: a spe-
cialized model enables scalable detection while
the LLM produces faithful, human-readable ratio-
nales. Expected contributions: (1) a multimodal
dataset for harmful Filipino-English children’s con-
tent, publicly available under controlled access (de-
identified transcripts, blacked-out frames, features,
metadata); (2) a hybrid detection and explanation
framework; and (3) analysis of a relatively unex-
plored domain in Al safety. This work contributes
toward more transparent, equitable content detec-
tion for Filipino children and beyond.
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Ethics Consideration

While all video data will be sourced from the pub-
licly accessible YouTube platform, the responsi-
bility to protect the privacy of the individuals, es-
pecially the children, depicted in this content, is
recognized. Before any data collection or annota-
tion commences, formal approval will be sought
from the relevant Institutional Review Board (IRB)
or ethics committee at the lead institution, and
data sharing will proceed only under a data-sharing
agreement reviewed and approved by that body.
To the greatest extent possible, all data will be
anonymized. Identifiable faces, particularly those
of children, will be fully blacked out (not merely
blurred, as blurring techniques can be reversed) in
the video frames used for model training and anal-
ysis. Personal identifying information (such as real
names or locations mentioned in comments) will
be scrubbed from the textual data. The collected
dataset will be stored on a secure, encrypted server
with access strictly limited to the research team.
The data will not be publicly redistributed with-
out further ethics review and potential data-sharing
agreements that enforce these privacy standards.

Another primary ethical concern is the potential
for psychological harm to the human annotators
who will be required to view and label potentially
distressing content. To protect their well-being, all
annotators will be fully informed of the nature of
the content they will be viewing and the potential
for psychological distress. Participation will be
strictly voluntary. Annotators will also receive a
briefing on how to handle exposure to harmful ma-
terial and recognize symptoms of vicarious trauma.
Annotators will be provided access to mental health
and counseling resources and encouraged to take
regular breaks. They will have the right to opt out
of the annotation task at any time without penalty.

Limitations

This work has several limitations that should be
considered when interpreting its findings.

First, the proposed framework is evaluated
on a newly constructed dataset focused on Fil-
ipino—English code-switched children’s YouTube
content. While this dataset enables targeted study
of an under-resourced and high-risk domain, it is
limited in scale and scope. Videos are sourced
using keyword-based retrieval, which may bias
the dataset toward more explicit manifestations of
harm and under-represent subtle or emerging harm-
ful patterns. As a result, the trained models may
not capture the full diversity of harmful content
encountered on large-scale platforms.

Second, although the framework is designed to
be language-agnostic, it is instantiated and vali-
dated only on Filipino—English code-switched data.
Cultural norms, linguistic structures, and interpre-
tations of harm vary across regions and language
pairs. Consequently, the reported findings may
not directly generalize to other code-mixed set-
tings (e.g., Hindi—English or Spanish—English) or
to other Philippine languages such as Cebuano or
Ilocano without additional data collection and adap-
tation.

Third, harm annotation in children’s media is in-
herently subjective, particularly for categories such
as suggestive content and misinformation. While
multiple annotators and inter-annotator agreement
measures are used to mitigate individual bias, cul-
tural background, and personal interpretation may
still influence labeling decisions. The resulting an-
notations, therefore, represent informed judgments
rather than absolute ground truth.

Fourth, the multimodal classifier does not fully
model all available modalities. While non-verbal
audio (prosody, tone, background music, sound ef-
fects) is represented via PANNs embeddings, these
fixed-size representations may not capture the full
richness or subtle nuances of such cues. Addition-
ally, harm is labeled at the video level rather than
temporally localized, which may obscure brief or
context-dependent harmful segments within other-
wise benign videos.

Fifth, the explainability components rely on
post-hoc techniques such as token attribution (Inte-
grated Gradients or input x gradient) and FocusViT
heatmaps, which provide approximate rather than
causal explanations of model behavior. Although
the LLM-based explanation module is constrained
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to synthesize externally generated evidence, the
resulting explanations may still abstract away low-
level model behavior or reflect prompt sensitivity,
limiting their interpretability in high-stakes moder-
ation settings.

Comments are not included as a text input (only
video title, description, and audio transcript) be-
cause comments are frequently disabled on chil-
dren’s videos, motivating this design choice.

Sixth, training the custom cross-modal atten-
tion mechanism from scratch on a dataset of only
500 videos poses a significant risk of overfitting,
which may inflate performance metrics and com-
promise the validity of baseline comparisons. To
mitigate this, three strategies will be employed: (1)
pre-trained backbone encoders (SEA-LION, CLIP,
PANNSs) will be frozen or LoRA-adapted rather
than trained end-to-end, with only the fusion head
and classification layer updated; (2) dropout regu-
larisation will be applied to the cross-modal atten-
tion layers; and (3) stratified 5-fold cross-validation
will be used in place of a single train/test split,
with permutation significance tests applied to all
reported performance differences.

Finally, this study does not evaluate real-time
deployment. The proposed tri-modal pipeline car-
ries a substantially higher inference cost than a
text-only baseline: processing a single video re-
quires one forward pass through SEA-LION v4 4B
(AWQ 4-bit quantized), CLIP ViT-L/14 (307M),
PANNs CNN14, and a cross-modal attention mod-
ule, amounting to an estimated inference latency on
the order of several seconds per video on a single
GPU. This makes the framework most suitable for
asynchronous batch moderation rather than real-
time streaming. Optimization strategies such as
model distillation or early-exit classification are
left as future work, as are long-term human-in-the-
loop effectiveness studies.
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