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Image Generation Pipeline Results and Analysis

Correct Percentage Comparison Across All Sports and Models

How do humans and VLMs reason about occluded

The image generation pipeline
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extension to other sports and _ -
downstream tasks involving occluded
object inference.
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Step 1: Frame Retrieval
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and the sports ball.  Humans are more

Multi-sport 3000+ image dataset Image generation ) Fnsure \{al'd Player—bgll accu.ra.t.e than GPT and

model benchmark with metadata pipeline interaction via bounding box Urifom = Gemini in all three sports
overlap checks. GEMINILevel 0 20 tasks
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structured prompting
(Level 1), but regress with
verbose CoT (Level 2)
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Step 2: Ball Masking and Inpainting

* Create a binary mask over the
detected ball.

* Use Stable Diffusion inpainting to
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Spot the Ball Task

Goal: Identify the correct grid cell
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containing the masked ball. generate a realistic, ball-free image GPT:M m— - - o * GPTand Gemini are more
. while preserving context. o | | | 0 humanlike in soccerand
 Theballisremoved fromrealsports = | | HEEEEE NS e a9 e Sport i basketball, but struggle
images using inpainting. Step 3: Label Generation in volleyball.
) Hgmanlsland moctl)els plred.lct the ba]!l;) e [ » Divide each image into a 6x10 grid. These results indicate:
original location by selecting one o e . e AriG :
ovgrlaid rid cells d 5 Store ball > original coordinates 1. Language models struggle with occluded object localization without
& ' and associated cell label for explicit reasoning subport
* Reframesthe task as a 60-way training and evaluation. P g supp
classification problem under occlusion. || 2. Prompt engineering can help with performance, but varies by sport and
* The task tests spatial reasoning model

without direct visual evidence.
 We evaluate model performance across
three prompting levels that add

increasing amounts of reasoning
support. @ * Assess how explicit structured inputs (e.g., pose
Level 0 and gaze) affect model predictions.
Prompting Condition Covel 1 __ . CPTALmin  Explore improvements from tem pora! input: how
— SR S 4+ . do results change when using videos instead of
0 Image + Basic instruction: “Which occer l Gem|n| single frames?
: . 59 Level 2 - )
grid cell conta|n§ the ball: cemint-20-Hash-001 * Incorporate 3D scene information (e.g., from Unity
1 Image + Instruction encourages All images” Basketball environments) to test reasoning in richer spatial
attention to pose/gaze from image contexts.
2 Image + Chain-of-thought prompt Volleyball * Advance visual models' ability to perform causal
over location/pose/gaze of players * 52 unique images per sport, each sampled 50 times inference under occlusion
Soccer Task atLevel 0 and 1 and 20 times at Level 2 prompting Pose and Gaze as structured cues
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