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• Robustness to ID Perturbations
• Bias for Gender
• Sensitivity to Spatial Position of GRID
• …
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Introduction
TL;DR;

Problem: Current MLLM benchmarks mostly measure end-
task accuracy, so we can’t tell whether gains come from true 
visual grounding or from text/world-knowledge shortcuts, 
especially when model families scale the language side while 
reusing similar vision encoders.

Solution: The Perceptual Observatory evaluates “how 
MLLMs see” using controlled tasks (image matching, grid 
pointing, attribute localization) on faces and text-in-vision, 
under pixel corruptions and diffusion-based stylized 
illusions, with metrics for robustness, spatial invariance, 
attribution fidelity, and bias.

Benchmark Results

Task Modeling Insights and Findings
To Assess, MLLMs beyond end-task performance we model the tasks for:

• Increasing cognitive load:  match → point → localize/transfer.
• Spatial:  grid position invariance + attribute grounding.
• Shift:  ID corruptions vs OOD stylized illusions (same layout, new style).
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• OOD stylized “illusions” break perception: Under OOD, models drift out of the Ideal Zone accuracy drops while position gap 
rises, showing sensitivity to style shifts even when layout is preserved.

• WORD ≈ saturated, CELEB is brittle: WORD tasks stay near-ceiling in ID and degrade less than CELEB, where faces show sharp 
robustness and grounding failures under OOD.

• Scaling ≠ robustness: Larger LMs often improve clean / ID accuracy, but robustness and spatial invariance are non-monotonic 
bigger models don’t reliably land in the Ideal Zone under OOD.

• “Thinking” doesn’t reliably help seeing: <think> sometimes improves clean cases, but frequently fails under OOD; fixes 
concentrate at short chains, while long chains often still fail suggesting narration > perception.

These plots summarize Task 3(a) semi-
guided attribute localization on 
CELEB: even with a hint box, most 
models remain far from the Ideal Zone, 
and performance drops sharply from ID 
augmentations to OOD stylized 
illusions ; the effect can worsen when 
you zoom into a specific attribute like 
mouth, where several models show 
larger errors and clearer male-female 
gaps (gender bias).

CodeProject

Conclusion: Current MLLMs do 
not reliably perceive grounded 
attribute structure under 
distribution shift, so better vision-
language alignment is needed 
beyond scaling the language side.
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