FG-TRACER: Tracing Information Flow in Multimodal Large Language Models in Free-Form Generation
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How Do MLLMs integrate VL during Free-Form Generation? Proposed Method: FG-TRACER Word-Level Analysis

» Despite their impressive performance, how MLLMs integrate > We selectively block communication between token groups to isolate their individual contributions and measure the » We investigate which words rely most heavily on visual input and
vision and language remains largely unexplored. information flow as the change in output probability. which can be inferred from linguistic context alone

» Previous works investigate cross-modal information flow in » We introduce a normalization method based on the answer sequence length to ensure robust information flow » The words requiring more visual grounding differ between the
constrained settings, such as single-token VQA answers. estimation in long, free-form outputs. MLLMs. Nonetheless, these words exhibit shared characteristics.
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Ablation: Normalization Factor

Insights from Information Flow Dynamics

x L » Multimodal fusion mainly occurs in » We guantify information flow with and without normalization to
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and task-depe distortions, enabling clear and fair comparisons across tasks
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User- Is the Value of Gabon » In image captioning, MLLMs rely on
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Our approach reveals how multimodal fusion emerges across g step reasoning process, while the final s

models, tasks, and generated words. § | | | answer is derived primarily from the i
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