The Less You Depend, The More You Learn:

Synthesizing Novel Views from Sparse, Unposed Images without Any 3D Knowledge
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3D Knowledge: Based on our observation, we propose UP-LVSM (Unposed Large View Synthesis Model), a novel Self-Supervised framework

« Existing NVS methods depend on 3D Knowledge, achieves SOTA NVS performance.
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The Less You Depend on Explicit 3D Knowledge

Implicit Geometry

Experiments validate our method with SOTA » Latent Plucker Learner forces meaningful camera manifold.

performance & scaling.
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The More You Learn from Abundant Data
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