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Motivation

Do VLMs reason about these images the same way?
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Key finding: While probing different visual tasks - semantic richness changes,
the spatial question does not, but the performance does.

Scale: Compare the two images. Do
they show the same character/object?

Rotation: If I rotate the first image,
can I get the second image?

X P ox

v'= VLM got it correct; X = VLM got it wrong
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Results

Can VLMs reason about rotation consistently?
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100 e No! Rotation recognition
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Handwritten English Omniglot
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Can VLMs reason about scale consistently?
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Do VLMs favor semantic over spatial reasoning?
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Object Identification prompt: Is the object in these images a {class name}?
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Analysis

Does visual complexity dictate performance?
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the model, not the task.

Perimetric complexity

Perimetric Complexity = P . ; where P = Perimeter, A = Area
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Role of Data Domain and Semantic Grounding
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Takeaways : :

- VLMs lean on data familiarity, not pure visual reasoning

- Failures persist across rotation, scale, domains, and model families
Datasets, results, and analysis at xthomasbu.github.io/visual invariance



