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Abstract

We present SafelLens, a lightweight segment-level video
moderation system that fuses speech, text, and visual frames
to produce hateful content detection for each segment. For ev-
ery segment, Safel.ens returns a structured prediction: label,
prediction confidence, reasons for flag, harm categories. The
structured predictions are optimized for triage, appeals, and
downstream enforcement. The system is modular (pluggable
speech, text, and visual processing modules back-ends and
a mid-size policy Language Language Model (LLM) agent
with parameter-efficient tuning). In the live demo, attendees
can upload or select clips, scrub the timeline to flag hateful
segments, inspect rationales, and vary the policy LLM agent
to benchmark the hateful content moderation performance.

Code — https://github.com/Social- AI-Studio/SafeLens

Introduction

Short-form video has become a key channel for the dissem-
ination of hate speech and other forms of online abuse, yet
moderation research and tools continue to prioritize text and
images (Hee et al. 2024). Off-the-shelf visual language mod-
els (VLMs) struggle to separate hateful content from nearby
benign context, sarcasm, or rapid scene shifts, and most pub-
lic benchmarks annotate entire videos with a single label, in-
troducing temporal label noise that is ill-suited for enforce-
ment, appeals, and creator feedback. Recent releases have
begun to close this gap, e.g., MultiHateClip (Wang et al.
2024) and ImpliHateVid (Rehman et al. 2025), but these
are primarily video-level resources and document how mod-
els still confuse “hateful” vs. “offensive” categories. To our
knowledge, HateClipSeg (Wang, Wang, and Lee 2025) is the
first dataset to provide comprehensive segment-level annota-
tions (11,714 segments across fine-grained offense types and
targets). Segment-level supervision is crucial: platforms act
on moments, not whole uploads, and moderators need pre-
cise jump-to-segment evidence, detection confidence, and
compact rationales to make fast moderation decisions.

This demo addresses that gap with SafeLens, a practical
system that makes per-segment, multimodal, policy-aware
decisions to support real moderation workflows. SafelLens
is built around temporal granularity (decisions aligned to
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Figure 1: A diagram illustrating the system workflow.
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segments rather than whole clips), multimodal evidence fu-
sion (audio speech, on-screen text, and visual cues), and
policy-aware structured outputs that are easy to plug into
pipelines. The system is modular; back-ends can be swapped
for latency, cost, or governance, and are auditable via repro-
ducible JSON logs and parameter records.

System Overview

SafeLens employs a multimodal agentic framework to mod-
erate hateful videos through a four-stage pipeline: (1) tem-
poral segmentation, (2) multimodal evidence extraction, (3)
evidence fusion and decision inference, and (4) delivery via
a web interface (Figure. 1).

Temporal segmentation. Videos are partitioned into se-
mantically coherent clips using a strategy adapted from
HateClipSeg (Wang, Wang, and Lee 2025). First, word-level
transcripts generated by Whisper (Radford et al. 2023) are
merged into sentences using the NLTK (Bird 2006) Punkt
tokenizer. To handle long silent segments (> 20s), we de-
tect scene changes by computing cosine similarity between
ViT (Dosovitskiy et al. 2020) frame embeddings, and slice



00:06 - 00:24
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03:06 - 03:12

Figure 2: End-to-end Safelens Ul with color-boxed re-
gions: player and timeline with in-place warnings ( );
time-ordered list of harmful segments (purple); video-level
summary ( ); scroll-synchronized transcript (blue); per-
segment event details ( ).

the video when similarity falls below a threshold 7.

Multimodal evidence extraction. For each segmented
clip, we extract three complementary evidence streams: (i)
speech, using Whisper to obtain word-level transcripts with
timestamps (Radford et al. 2023); (ii) on-screen text, de-
tected and recognized via EasyOCR (Jaided AI 2020) sam-
pled every 3-5 seconds with confidence filtering (e.g., >
0.6) and simple temporal de-duplication to suppress re-
peated overlays; and (iii) visual context, where Qwen2.5-
VL (Bai et al. 2025) produces objective frame descriptions at
fixed 5 seconds intervals under a neutral instruction prompt
with deterministic decoding (temperature = 0).

Evidence fusion and decision inference. The multimodal
evidence is combined into a structured prompt and presented
to a policy-aware LLM for final inference. We use a Llama3-
8B model (Al@Meta 2024) fine-tuned with LoRA adapters
on the HateClipSeg dataset (Wang, Wang, and Lee 2025).
This instruction-tuned model maps the fused evidence to a
structured prediction. For each segment, it returns a JSON
object containing a boolean harmfulness label, a confidence
score (0-1), a one-sentence explanation, and, if harmful,
a list of applicable harm categories. To select these back
ends, we evaluated several state-of-the-art policy LLMs and
VLMs under a unified prompt and protocol; full evaluation
results are available on our GitHub page.

Web interface. The system is accessible through a
lightweight web application. Users securely sign up, upload
videos, and receive an interactive report. This report features
a modular view that highlights harmful segments with their
explanations, categories, and confidence scores, alongside a
transcript synchronized with the video playback.
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Demonstration

We demonstrate Safel.ens on two short, curated clips: Sce-
nario 1 (explicit hate), where overt slurs occur in speech,
and Scenario 2 (implicit/code-mixed), where the target
is conveyed via sarcasm and on-screen text. After upload,
SafeLens processes the clip and renders an interactive anal-
ysis composed of five coordinated panes (Fig. 2).

Player & timeline ( ). The player overlays warnings
on detected spans; hovering reveals the exact window and
calibrated confidence. Hovering a warning seeks the player
to the beginning of the span.

Harmful-segment list (purple). A time-ordered table
lists flagged segments with start—end, duration, predicted
categories, and confidence. Rows expand to show con-
cise rationales and modality attribution. For example,
00:06--00:24 (185s) is flagged as Hate speech / Anti-
Semitism / Religious discrimination at 93% confidence;
a longer window 00:42--02:43 aggregates multiple
events (max 93%, avg 84%), and 03:06—-03:12 is
flagged at 73% confidence.

Summary ( ). This panel provides a video-level sum-
mary. If harmful content is detected, it states the hate cate-
gory (e.g., Anti-Semitism), gives a brief rationale explaining
why the content is deemed hateful, and reports the number
of hateful events detected in the video. If no harmful seg-
ment is found, it presents a concise synopsis of the video
and explicitly notes that no harmful content was detected.

Transcription (blue). ASR text scrolls in sync with play-
back, enabling rapid verification. Clicking on any line takes
the player to the corresponding timestamp.

Event details ( ). Selecting a row in Harmful-
segment list reveals timestamps, duration, confidence (with
“High” badges when applicable), predicted categories,
the dominant evidence source (speech/OCR/visual/multi-
modal), and a one-sentence rationale. For 00: 06—--00: 24,
the explanation attributes the decision primarily to speech,
while noting that visual/lOCR cues were not deci-
sive—illustrating modality attribution and transparent jus-
tification.

Live controls and audit. To illustrate modularity and
trade-offs, the home UI exposes a selector for comparing
policy LLMs. A compact status strip reports processing time
by stage and model versions for auditability. All demo clips
are anonymized/redacted, and uploads are processed under
a short-retention policy.

Conclusion

We introduced Safelens, a lightweight, modular system
for segment-level multimodal moderation. It fuses tem-
poral segmentation with policy-aware LLM inference to
produce structured, auditable decisions—Ilabel, categories,
confidence, and a concise rationale—rendered in an inter-
pretable Ul. The live demo enables jump-to-span review,
modality attribution, and rapid verification without scanning
entire videos.
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