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Introduction Performance on Visual Cognition Tasks
Multimodal Large Language Models (MLLMs) are state of the art for visual interpretation tasks such as Model: GPT-4o, “zero shot” performance (no additional training) 60
describing images and answering questions based on photos or diagrams. MLLMs even show emergent
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Easy task for MLLM: Describe this image. Hard task for MLLM: sample task from the Abstract Reasoning 0.8
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Conclusion

Typical architecture of an Multimodal Large Language Model for vision tasks

Despite excellent performance on recognition tasks, Multimodal Large Language Models (MLLMs) perform poorly on a range of visual cognition tasks
that are easy for humans. They also show odd idiosyncrasies, like being able to recognize when objects are flipped upside down but not left-right.
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