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SceneTwin: a reference-free audit of audio description for blind and
low vision users
A visual grounding and comprehension pipeline that scores whether an audio description actually conveys what a blind or low vision user cannot see, without needing a single human reference script.
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MAIN RESULT · RANKING AD BY HOW WELL IT SERVES BLV USERS

ρ = 0.929
54/54
professional AD pairwise
wins

15/18
clips fully ordered

0.90-0.96
bootstrap 95% CI

What is SceneTwin?
An automated quality audit for audio description, the spoken narration blind and low vision users depend on to
experience the same feeling as actually watching a video.

Audio description is how blind and low vision users experience video. SceneTwin takes one clip and one
candidate description and returns a single audit score plus a flag for whether the score is likely to be reliable.
The audit grounds the description against the actual video frames, not against another text, so no reference
script is required and AD can be checked at the scale BLV users actually consume video.

Two reference free signals run in parallel. CLIP visual grounding measures cosine similarity between sampled
frames and the description text and catches hallucinated or wrong scene descriptions. Frame grounded ADQA
has a vision language model write comprehension questions from the frames, then a separate language model
grades the description blind, catching vague or under specified text. The two signals are averaged with fixed
equal weights.

A separate TRIBE fMRI encoder runs alongside the main pipeline and forecasts which clips are likely to be hard
for the automated scorer, allowing a small fraction of clips to be flagged for human review with full recall on
known scorer failures.

Methodology. One clip and one candidate description go in. Two reference free signals run in parallel and are averaged into a single audit score that tells whether the description preserves the visual content a blind or low vision user would otherwise miss. A separate fMRI encoder forecasts fragile evaluations
from video and audio alone.

Problem statement. Roughly 285 million blind and low vision people worldwide rely on audio description to follow video. Availability alone does not tell whether an AD matches the visual scene a sighted user would see. Positioning. SceneTwin is not just checking whether AD exists; it tests grounding, answerability, and fragility at scale.

Main evidence. Each column is a clip; each row is a quality tier of audio description offered to a BLV user. The professional AD row is consistently darkest: SceneTwin recovers the same ordering a human reviewer would.
TRIBE flags fragile evaluations before any AD is scored, so a small human review queue can be used to protect BLV users from descriptions the audit is least sure about. Both known ADQA full order failures are the top two
review targets.

Ensemble confidence interval sits above the CLIP-only upper bound. Technical methodology summary. Full details are in output/reports/scenetwin-technical-methodology.md.

Brain-model visual: useful for timing and risk triage, not the final text-quality score.
Average TRIBE accessibility gap across 20 clips. The bright regions are where audiovisual viewing drives brain activity that the audio track alone cannot recreate. This is exactly the information BLV
users depend on audio description to recover.

Negative results kept the final claim narrow: reference-free scoring survived; direct neural text scoring did not.
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