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ABSTRACT
"Sludge" content refers to short-form videos that display multiple
unrelated streams on a single screen, designed to exploit algorithms
and sustain engagement through sensory overstimulation. This for-
mat presents significant challenges for content moderation, as it
often bypasses conventional detection systems while raising con-
cerns such as reduced attention spans and copyright infringement.
This study introduces Visual-Qwen, a multimodal deep learning ar-
chitecture with attention mechanisms for automated sludge content
detection. The model combines EVA-CLIP-G/14 for visual encoding,
Whisper V3 Turbo for audio transcription, a Querying Transformer
with cross-modal attention for feature fusion, and the Qwen3-4B
language model for classification and explanation generation. A
two-stage training strategy using transfer learning and Low-Rank
Adaptation (LoRA) was employed to maintain computational effi-
ciency. The system was trained and evaluated on a curated dataset
of 2,000 TikTok and YouTube Shorts videos. It achieved strong per-
formance on the held-out test set, with 96.67% accuracy, 95.58%
precision, 98.86% recall and a 97.19% F1 score. Expert evaluations
under ISO/IEC TR 24028 standards rated the model highly for func-
tionality, performance, and explainability, while usability testing
indicated strong acceptance among content creators and modera-
tors.

CCS CONCEPTS
• General and reference → Design; Performance; Computing
standards, RFCs and guidelines; • Computer systems organiza-
tion → Special purpose systems; • Software and its engineer-
ing → Model checking; • Computing methodologies → Neural
networks; Activity recognition and understanding; Speech
recognition; • Human-centered computing → Social media;
User models.

KEYWORDS
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1 INTRODUCTION AND BACKGROUND
[14]Short-form content has revolutionized digital media consump-
tion, with 72% of social media users preferring to watch the said for-
mat for entertainment, trends, products, and services over traditional-
length videos. [12] This led content creators to find innovative ways
to maximize engagement on short-form content. One trend in par-
ticular saw a way to increase user viewership: “sludge” content.
[30]This relatively new phenomenon involves the simultaneous
playback of two unrelated video clips on a single screen. For exam-
ple, one clip could be a scene from a cartoon or a person talking on a
podcast, and the other could be a satisfying soap-cutting clip - any-
thing that could catch a user’s attention (Mattson, 2024). [19]The
“sludge” content format is designed to make the user watch a cer-
tain short-form video longer by providing more attention points,
as users could just switch their focus between the two unrelated
videos (‌González, 2023). [59]The increase in watch time, even if
only a few seconds, increases the chances of it being recommended
to other users by the platforms’ recommendation algorithms, which
are heavily based on engagement metrics (Zhang et al., 2023).

Figure 1: Examples of "sludge content" taken from the social
media platform TikTok

[30]However, this type of content comes with many drawbacks.
One issue centers on the inherent media multitasking encour-
aged by sludge content. By delivering viewers various, unrelated
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streams of visual and auditory input, it compels an attention split.
[9]This type of media engagement is directly correlated with stud-
ies showing the adverse effects of multitasking on cognitive abili-
ties (Baumgartner, 2017). Interacting with multiple media sources
simultaneously has been associated with lower memory capac-
ity and a reduced capability to switch between tasks effectively.
[29]Additionally, media multitasking has been linked to higher lev-
els of stress and anxiety, indicating that the continuous influx of
varied stimuli can overstretch the brain’s processing capabilities
(Li, 2022).

In addition to the cognitive effects, sludge content represents
a considerable danger to the content moderation procedures on
social media platforms. Creators have found ways to manipulate
this format to bypass platform regulations and standards. By over-
laying seemingly harmless videos, such as ASMR content or gaming
streams, with material that violates platform rules (like hate speech,
misinformation, or explicit content), creators aim to obscure the
violating material by using the innocuous content as a distraction,
complicating the task for both automated detection algorithms
and human reviewers to swiftly locate and eliminate the underly-
ing harmful material. As a result, this strategy enables restricted
content to remain on platforms for longer durations, potentially
reaching and influencing a broader audience.

Further compounding these concerns are the ethical issues sur-
rounding copyright infringement and subsequent monetization.
[48]Sludge content frequently incorporates copyrighted material,
such as clips from movies, television shows, music videos, and
video games, without obtaining the required licenses or crediting
the copyright holders (Tran, 2023). This practice constitutes a clear
violation of intellectual property rights. Moreover, creators often
monetize this content, generating revenue through platform-based
advertising or other means, thereby directly profiting from the
unauthorized use of copyrighted works.

The very structure that makes sludge content engaging also al-
lows it to be exploited to circumvent platform policies. Creators
have discovered that layering seemingly innocuous visuals (e.g.,
ASMR content, game recordings) over content violating platform
guidelines (hate speech, misinformation, explicit material) [24]can
obscure the objectionable material from both automated detection
systems and human moderators (Hua, 2023). This "sludge" format of
having two running clips at the same time serves as visual conceal-
ment to [57]circumvent content moderation flagging built on social
media platforms, increasing the difficulty of rapidly identifying and
addressing policy violations, thus allowing prohibited material to
persist and potentially reach a wider audience (Zannettou et al.,
2018).

The limitations of unimodal analysis, focusing on single elements
like text or individual video frames, have spurred a crucial shift to-
ward multimodal deep learning in content moderation research.[37]
This approach involves training models on multiple data modali-
ties concurrently – integrating video and textual analysis (Poria et
al., 2020).[40] By synthesizing information from diverse sources,
multimodal models achieve a more comprehensive understanding,
enabling the detection of subtle cues and contextual relationships
that single-modality systems might miss (Ramachandram & Taylor,
2017). Within multimodal deep learning, attention mechanisms
have emerged as an influential technique.[11] These mechanisms

allow models to focus on the most relevant components of the input
data instead of treating all input elements equally (Chaudhari et
al., 2021). In a multimodal setting, this ability enables the model
to [16]prioritize information from various modalities dynamically,
depending on its contextual importance for a specific task (Gao et
al., 2020).

[43]This selective attention enables the model to place greater
emphasis on the semantic relationship between text and video when
evaluating potential policy infringements or to focus on specific
time segments within a video where inconsistencies between the
modalities are most evident (Shi, 2022). The capability to flexibly
direct attention across and within different modalities presents valu-
able and sophisticated content moderation systems. By thoughtfully
incorporating attention mechanisms, approaches to tackle the chal-
lenges introduced by misleading content formats like sludge, which
could result in more effective multimodal deep learning models,
exhibit the potential for enhanced identification and flagging of
sludge content.

The primary objective of this study is to develop and evaluate a
novel multimodal deep learning model, augmented with attention
mechanisms, specifically designed for the automated detection of
sludge content within short-form videos.

2 RELATED WORK
2.1 Sludge Content and Content Moderation

Challenges
Automated moderation systems typically analyze video frames
through computer-vision classifiers or process audio transcripts via
speech-to-text models using predefined violation patterns. However,
sludge formats undermine these unimodal pipelines by fragment-
ing and masking policy-violating material across separate panels,
reducing detection accuracy [17].

Since most moderation algorithms operate in purely visual or
audio domains, they fail to capture cross-modal inconsistencies
inherent in sludge videos, which is a concern as disallowed content
can evade automated moderation systems when made into ’sludge’
format.

2.2 Multimodal Deep Learning Approaches
2.2.1 Theoretical Foundations. Baltrušaitis et al.[7] established five
core challenges in multimodal machine learning: representation,
translation, alignment, fusion, and co-learning. These principles
provide the theoretical foundation for designing systems that inte-
grate diverse data types. Recent empirical studies have validated
these theoretical frameworks, with hybrid fusion models demon-
strating 19% increases in classification accuracy compared to single-
modality models on datasets including CMU-MOSEI and AVEC
[56]

2.2.2 Vision-Language Pre-training Components. The development
of robust vision-language models has been crucial for multimodal
understanding. Radford et al. [38] introduced CLIP (Contrastive
Language-Image Pre-training), which connects visual data with
textual descriptions through contrastive learning. Building on this
foundation, [28] Li et al. developed BLIP-2, introducing the Query-
ing Transformer (Q-Former) as a lightweight bridge between frozen
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vision encoders and language models. The Q-Former learns to ex-
tract concise and semantically meaningful visual features using
learnable query embeddings, achieving an 8.7 percentage point
improvement over the 80-billion-parameter Flamingo model on
zero-shot VQAv2 despite using 54× fewer trainable parameters. Re-
cent extensions have further validated the Q-Former’s effectiveness.
Azad et al. [6] introduced HierarQ, a hierarchical framework for
sequential frame processing that overcomes context-length lim-
itations. Chatterjee et al. [13] demonstrated the effectiveness of
ProVideLLM in real-time procedural video understanding, achiev-
ing state-of-the-art performance in online step detection and fore-
casting. For video-specific applications, several studies have adapted
image-based architectures. [54]Xing et al. (2023) showed that CLIP’s
visual embeddings achieve competitive performance in few-shot
video action recognition. [5]Arnab et al. (2021) established with
ViViT (Vision Transformer for Video) that transformer architectures
effectively capture spatio-temporal dependencies, while [47]Tong
et al. demonstrated that masked autoencoders pre-trained on video
datasets generate powerful spatio-temporal representations.

2.2.3 Audio Processing and Integration. Radford et al. [39] intro-
duced Whisper, showcasing remarkable robustness in speech recog-
nition across diverse languages and noisy conditions. [51]Wang et
al. developed multimodal approaches for video anomaly detection
using deep audio features alongside visual features, demonstrating
significant performance improvements in complex video environ-
ments.

2.3 Attention Mechanisms for Multimodal
Learning

[21]Gorti et al. introduced cross-modal attention networks that
dynamically align visual and textual features, achieving 12% im-
provement in multimodal alignment tasks on the MSR-VTT dataset
compared to non-attention-based models. These mechanisms are
particularly relevant for identifying misaligned content where vi-
sual and audio/textual elements may not correspond.

2.4 Modality Selection and Computational
Efficiency

The selection of input modalities significantly impacts both perfor-
mance and computational cost. [45]Sun et al. (2019) demonstrated
with VideoBERT that combining ASR-derived word tokens with vi-
sual features yields state-of-the-art action classification. [23]Hessel
et al. (2019) showed that multimodal models using ASR word embed-
dings plus visual frame features outperformed visual-only baselines
by over 10% in ROUGE-L and 15% in CIDEr. [31]Miech et al. (2019)
released HowTo100M, finding that pretraining on aligned text-video
data produces up to 10% accuracy gains over visual-only pretraining.
Critically, ASR transcripts generate only tens of tokens per second
versus hundreds of spectrogram patches, reducing transformer self-
attention operations by roughly 100× [2](Akbari et al., 2021). While
tri-modal approaches adding raw mel-spectrogram patches can gain
further improvements, they incur 1.5× computational overhead for
marginal gains[2].

Table 1: Performance vs. Computational Overhead for Dif-
ferent Modality Combinations Summary

Modalities Relative Gain in F1-score (%) Compute Overhead (%)
Visual frames only 0 100
Visual frames + ASR text transcription 10 105
Frames + raw audio spectrogram 5 150
Frames + ASR text + audio spectrogram 12 155

2.5 Synthesis
Advances in multimodal machine learning show that integrating
visual, textual, and audio modalities consistently outperforms uni-
modal approaches. Vision-language pretraining models such as
CLIP and BLIP-2 have provided effective mechanisms for aligning
visual and textual inputs, while recent extensions have expanded
these methods to sequential and real-time contexts. Work on video-
specific transformers and robust speech transcription models like
Whisper has further enriched the multimodal toolkit. At the same
time, cross-modal attention mechanisms and modality selection
strategies demonstrate that combining visual features with ASR-
derived transcripts offers the best balance of accuracy and efficiency,
without the heavy computational cost of tri-modal approaches.

Despite these advances, research has largely concentrated on
tasks such as captioning, sentiment analysis, and action recognition,
leaving unexplored the challenge of detecting intentional audio-
visual misalignments. This study addresses that gap by adapting
proven components such as EVA-CLIP-G/14 for visual encoding,
Whisper for transcription, and Q-Former with cross-modal atten-
tion for fusion into an architecture tailored for sludge content
detection. In doing so, it extends multimodal learning into a novel
application where deliberate inconsistencies between modalities
are the defining signal.

3 METHODOLOGY
3.1 Model Architecture
The proposed Visual-Qwen architecture comprises four modular
components processing visual and audio inputs into language-
interpretable features.

3.1.1 EVA-CLIP-G/14 Vision Encoder. Video frames are prepro-
cessed to 224×224 pixels and encoded using frozen EVA-CLIP-G/14
[46], producing 257×1408-dimensional embeddings per frame. The
frozen encoder preserves robust pre-trained visual features while
avoiding overfitting during multimodal training.

3.1.2 Q-Former and Linear Projection. A lightweight Q-Former
with 32 learnable query embeddings attends to EVA-CLIP-G/14
features through cross-attention layers, condensing visual informa-
tion into 32×768-dimensional representations. A linear projection
layer maps these to 2560 dimensions, matching the Qwen3-4B input
space.

3.1.3 Audio Processing. Audio streams are separated using MoviePy
and transcribed via Whisper V3 Turbo, producing timestamped text
segments converted to tokens, preserving temporal alignment with
visual content.

3.1.4 Language Model Integration. Qwen3-4B processes projected
visual tokens, transcription tokens, and instruction tokens through
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transformer layers enhanced by attention mechanisms, generating
sludge/non-sludge classifications with natural language explana-
tions.

Figure 2: Visual-Qwen model architecture.

3.2 Training Strategy
Training proceeds through two stages, leveraging transfer learning
principles:

Stage 1 - Pre-training: EVA-CLIP-G/14, Q-Former, and Qwen
remain frozen while training only the linear projection layer on
the LLAVA pre-training dataset containing image-caption pairs.
This preserves broad visual-language capabilities while learning
multimodal alignment.

Stage 2 - Fine-tuning: The projection layer freezes, and Low-
Rank Adaptation (LoRA) modules are injected into Qwen layers,
fine-tuning only these adapters on the custom sludge dataset. This
approach confines learning to minimal parameters while specializ-
ing for sludge detection.

3.3 Dataset Construction
A balanced dataset1 of 2,000 videos was assembled through ethical
scraping from public TikTok and YouTube Shorts feeds, searching
sludge-related hashtags. The collection process involved:

(1) Automated scraping using official platform APIs
(2) Manual screening by trained reviewers
(3) Synthetic feature generation using Gemini 2.5 Flash
(4) Human verification of generated features
(5) Dataset validation by external experts

The final dataset contains 1,000 sludge and 1,000 non-sludge
videos, split into 70% training, 15% validation, and 15% test sets
with stratified sampling ensuring balanced representation.

3.4 Inference Pipeline
During inference, the system processes uploaded videos through a
multi-step pipeline. The video frames and audio are extracted using
MoviePy. The video is sampled at 1 frame per second (fps) across
the video’s duration, then resized to 224×224 pixels for EVA-CLIP-
G/14 encoding. Simultaneously, the audio stream is transcribed via
Whisper V3 Turbo to generate timestamped text segments.

1Dataset in Kaggle: https://doi.org/10.34740/kaggle/dsv/12104583

Figure 3: Model inference pipeline.

The system combines the projected visual tokens with the ASR
transcript and task-specific instruction prompts (e.g., "Are the visu-
als and text relevant to each other?"). Qwen3-4B processes this mul-
timodal input sequence to assess the relationships between visual
and textual content. The model outputs both a binary sludge/non-
sludge classification and a natural language explanation detailing
the reasoning behind its decision.

4 RESULTS AND DISCUSSION
4.1 Model Performance
The Visual-Qwen model achieved strong performance on the held-
out test set of 300 videos:

• Accuracy: 96.67% (95% CI 94.33–98.67)
• Precision: 95.58% (95% CI 92.61–98.31)
• Recall: 98.86% (95% CI 97.06–100.00)
• F1-Score: 97.19%

The confusion matrix (Figure 4) demonstrates effective classifi-
cation with minimal false negatives, crucial for content moderation
applications.

Figure 4: Confusion matrix for sludge content classification

4.2 Training Efficiency
Training in Google Cloud TPU v4-64 demonstrated computational
efficiency:

• Stage 1: 177 minutes for 4 epochs on image-caption pairs
• Stage 2: 9.6 minutes for 6 epochs on sludge dataset
• Total training time: 3 hours

https://doi.org/10.34740/kaggle/dsv/12104583
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This efficiency comes from freezing large components of the
backbone while training only lightweight adapters, making the
approach practical for real-world deployment.

4.3 User Evaluation
Three stakeholder groups evaluated the system: - 20 content cre-
ators rated perceived usefulness (4.73/5), ease of use (4.72/5), and be-
havioral intention (4.55/5) - 20 content moderators provided similar
positive ratings across Technology Acceptance Model dimensions -
10 machine learning experts assessed the system against ISO/IEC TR
24028 standards, rating functionality (4.57/5), performance (4.50/5),
and transparency (4.40/5) highly

All survey sections exceeded Cronbach’s alpha threshold of 0.70,
confirming reliable measurement instruments.

4.4 Multimodal Advantage
The combination of visual embeddings and ASR-transcribed text
delivered optimal accuracy-to-compute trade-offs. Related studies
consistently show 10% F1-score improvements when pairing visual
features with transcribed text, while adding only 5% computational
overhead compared to vision-only approaches [23, 31].

This efficiency advantage stems from transcripts generating tens
of tokens per second versus hundreds of visual patches, significantly
reducing transformer self-attention operations while capturing
complementary semantic information.

5 CONCLUSION AND FUTURE WORK
This study successfully developed a multimodal deep learning ar-
chitecture augmented with attention mechanisms for automated
sludge content detection in short-form videos. The Visual-Qwen
model achieved 96.67% accuracy by effectively leveraging visual
and textual modalities through vision-language training.

Key contributions include:

(1) Novel application of Q-Former architecture for video con-
tent moderation

(2) Balanced dataset of 2,000 annotated sludge/non-sludge videos
(3) Comprehensive evaluation following ISO/IEC TR 24028

standards

Future work should explore richer temporal modeling, knowl-
edge distillation for edge deployment, and active learning feedback
loops. Pilot integrations with live platforms will address practical
deployment challenges and threshold calibration needs.

The approach demonstrates multimodal deep learning’s potential
for content moderation, providing foundations for safer online
environments while maintaining computational efficiency suitable
for large-scale deployment.
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