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Q.Which time is displayed on the clock in the video? Take away

mr e R W T o o 1. RL aligned what models say.

Hidden-clock video questions are conventionally We're the first to align what they see.
depicted at 10:10, so the answer is 10:10.

Frame selection
via learned policy,
not a heuristic.

Model wasn't reasoning wrong.
It just never saw the evidence.

Uniform

2. No frame labels. No retriever.
Any VLM's answer-confidence is the reward.

3. From sub-1B to GPT-40 and Gemini,
one selector lifts them all.

Locating the clock in the third through fifth
frames, the minute hand points straight up at
12 while the hour hand rests on the 5,

v

Why frame selection is
the real bottleneck.

Aligning visual evidence selection
with model-internal utility.

One selector lifts every backbone
and the selected frames are indispensable.
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