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How Transferable are Reasoning Patterns in Visual Question Answering?
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Check-out our interactive demonstration (online) Attention modes in VL-Transformers I\/Iethodology: attention modes
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> Transfer reasoning capabilities, learned by the oracle, to a ability of adapting reasoning to the task at hand.
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Our experiments are based on a Vision-Langage (VL)-Transformer * t-SNE visualisation. See paper to get more details cnction: o oo . verify
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