Soft Rasterizer: A Differentiable Renderer for Image-based 3D Reasoning
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(a) ground truth  (b) o = 0.003 (c) o = 0.01 (d) o = 0.03 Ours (full) 0.6807 0.6702 0.7220 0.5325 0.8127 0.6145 0.6464



