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This supplementary document includes the implementation details of our networks, Depth Fusion Network (DFNet) and
DeepBlender. Figure 1 describes the details of the network architecture. Both networks are trained with Stochastic Gradient
Descent (SGD) with learning rate 1×10−4 for pre-training and 1×10−6 for self-supervision.
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: Convolution

: Concatenation

LReLU: LeakyReLU

PN: Pixel normalization: Deconvolution

: Weight sharing
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Depth Fusion Network (DFNet)

DeepBlender Network

: Weight sharing

Figure 1: The implementation details of our Depth Fusion Network (DFNet) and DeepBlender Network. In the convolutional
and deconvolutional block, the filter property is defined as (filter size, stride size, input channel, output channel), where all
intermediate inputs are zero-padded with one. We use 0.2 for LeakyReLU coefficient.


