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In this document, additional materials are provided to supplement our main paper. In the first section, we provide the link
for demo codes. In the second section, we compare the running time of different learning-based methods. In the third section,
network structure is depicted. In the fourth section, more visual comparisons of the reconstructed views are given, which is
not possible in the main submission due to the page limit.

Note that we also provide video files that show the whole reconstructed light fields both in the case of interpolation and
that of extrapolation.

1. Test codes
Our demo code is available in the following github link:

https://github.com/JingleiSHI/FPFR. The complete source code will be available soon.

2. Runtime
We compare the runtime of the three learning-based reference methods[1, 2, 3] against ours. In Table 1, we record the

running time for synthesizing a light field of resolution 768× 768× 7× 7 on a GPU of type Nvidia Tesla V-100 with 32GB
memory. (The method [3] is run on CPU Intel i7-7600U 2.80GHz 16GB RAM. We did not succeed in running it on GPU,
and in their paper the running time comparison was also done with CPU.) The running time includes model loading and
computation of color views.

Methods DeepBW[1] LLFF[2] EPI[3] FPFR FPFR*
Runtime 778s 212s 1332s(CPU) 172s 684s

Table 1. Runtime for generating a 768× 768× 7× 7 light field for learning-based methods.

3. Network structure
The structure details for layers of PixRNet and FeatRNet are depicted in the Table 2.

4. Additional qualitative results
We show in Fig. 1 (for synthetic light fields) and Fig. 2 (for real-world light fields) additional visual comparisons that are

not included in the paper due to the page limit.
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conv0 1Ft 3 1 64/32 f̂1
t

conv0 2Ft 3 1 32/32 conv0 1Ft
L̂Feat
t 3 1 32/3 conv0 2Ft

Fusion
f̆Pix 3 1 16/8 conv1Px
f̆Feat 3 1 32/8 conv0 2Ft

conv3 Fn 3 1 16/8 concat(f̆Pix,f̆Feat)
conv2 Fn 3 1 8/8 conv3 Fn
conv1 Fn 3 1 8/4 conv2 Fn

M 3 1 4/1 conv1 Fn

Table 2. The proposed network architecture. k, s and in/out represent the kernel size, the stride and the number of input/output channels,
whereas ‘up’ and ‘concat’ represent upsampling by deconvolution and concatenation.



buddha 41.08dB 41.86dB 40.66dB 40.05dB 43.06dB

mona 38.90dB 40.92dB 41.20dB 37.54dB 42.86dB

boxes 33.64dB 32.14dB 34.97dB 31.65dB 34.46dB

dino 38.41dB 41.69dB 41.26dB 38.44dB 42.98dB

cotton 47.24dB 48.95dB 47.07dB 47.97dB 48.76dB

Electro devices 34.09dB 36.24dB 36.76dB 31.55dB 38.03dB

Toy bricks 28.90dB 36.58dB 37.98dB 31.46dB 39.35dB

Light field view DeepBW [1] Soft3D [4] LLFF [2] EPI [3] FPFR*

Figure 1. Visual comparison of reconstruction error maps for synthetic light fields.



Cars 31.53dB 27.68dB 29.06dB 28.17dB 32.25dB

Flower2 31.95dB 30.52dB 28.90dB 29.26dB 34.19dB

Rock 34.32dB 32.67dB 32.60dB 32.46dB 36.75dB

Seahorse 32.03dB 30.41dB 28.50dB 26.62dB 34.97dB

Light field view DeepBW [1] Soft3D [4] LLFF [2] EPI [3] FPFR*

Figure 2. Visual comparison of reconstruction error maps for real light fields.
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