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e Separate pre-release cues from ball flight.
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Dataset method converts ordinary broadcast clips into a compact, interpretable pitching signature. A 2D pose estimator and video-language prompt first describe
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the pitching motion, DreamPose3D lifts the sequence into 3D joints, and a pose-only processing stack aligns handedness, normalizes camera/pitcher
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professional pitches pitch classes held-out test pitches trajectory cues.

Filtered fror? 120,_47_1 pitch Pitch Count Share
sequences atter minimum - .
enth. event.detection. and TR Pre-Release Feature Design
joint-tracking checks. SL 16,221  13.6%

CH 12,170  10.2%
Stratified 80/20 train/test split o oo g-gﬁf Events. Detect Foot Plant (FP), Maximum External Rotation (MER), and  Features. Concatenate normalized 3D joints at FP/MER/REL, 15 biome-
preserves class balance across FC 9.743 8.1% Release (REL) from smoothed lead-ankle and elbow-flexion signals. Event chanical metrics, 10 temporal deltas, and handedness:
the eight pitch types. >P 3,616 K validation reports REL median error of 7.5 ms and FP/MER median errors

near 40/34 ms. X = [Eposes Foios £, h] € R229

Anticipatory constraint. All features are extracted at or before release, so the classifier measures body-kinematic pitch tells rather than downstream ball

Highlights flight.

e 80.4% 8-way accuracy from body kinematics alone.
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resolve pitch types whose body mechanics are intentionally similar.

e 64.9% of importance lies in upper-body mechanics; lower
body contributes 35.1%.
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