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In this supplementary material, we show details about
the network architecture, more qualitative results, compari-
son with marching cube based methods, failure cases, qual-
itative comparison with sparse inputs, more comparison to
baseline methods, and ablation study.

A. Implementation Details

In this section, we introduce detailed network architec-
ture for our 2D- and 3D-prior network. Note that both net-
work is initialized with random weights and trained to re-
construct dense structures from randomly initialized input
features with the sparse supervisions. Different values of
hyperparameters (optimization steps, std. dev. of initial-
ization and loss weights) have been tried, and the method
works for most settings. In practice we choose the hyperpa-
prameters for the best trade-off between accuracy and effi-
ciency.

A.1. 3D-prior Network

We use a MeshCNN [2] based 3D-Prior network intro-
duced in Point2Mesh [3] to generate an initial mesh and the
refined output mesh. We also adopt residual and skip con-
nections in MeshConv [2] layers which compose a residual
block. ReLU is used as the active function after each Mesh-
Conv layer except for the last layer. The network receives
an ne × 2× 3 dimensional initial random vector z as input
where ne is the number of input edges , and the network
outputs an edge feature vector ∆E with the same dimen-
sion that represents the displacement of two vertices on each
side of the edges. In each refinement iteration, the 3D-prior
network is optimized for 2000 steps with a learning rate of
1e-3, and the weight of the edge loss is 0.2.

In Figure A, we show the detailed architecture of our
3D-prior network. The whole network includes six residual
blocks, two MeshPool layers and two MeshUnpool layers.
Each residual block contains three MeshConvs. Input and
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output channel number of each residual block and the pool
proportion of each MeshPool layer are shown in Figure A.

A.2. 2D-prior Network

We follow DIP [8] to design our 2D-prior network. An
encoder-decoder architecture with several skip-connections
is adopted for all of our experiments with same hyper-
parameters except for training steps. The number of training
steps is 2000 for dense color texture map generation, while
for dense XYZ map generation the number is 4000 with a
learning rate of 1e-2. LeakyReLU [4] is used as the ac-
tive function. The downsampling operation in the network
is implemented as convolution with strides, and for up-
sampling we use bilinear upsampling. In each convolution
layer, a reflection padding is used instead of zero padding.
The input random feature map and the output dense UV
map have the same spatial resolution 1024× 1024.

In Figure B we provide the details of our 2D-prior net-
work architecture. The whole network contains five down-
scale convolution blocks, five upscale convolution blocks
and five skip connection blocks. The layers and parameters
of each block are shown in the right part of Figure B.

A.3. UV Flattening

We use OptCuts[6] to create a UV atlas from the 3D
mesh. The UV flattening via OptCuts may not be ideal
and would affect the 2D prior network output, but most of
artifacts can be fixed by the 3D prior network with strong
supervision and regularization, and UV map will be regen-
erated with improved geometry afterward. Therefore, we
find our method doesn’t need perfect UV-maps at the be-
ginning. UV flattening is challenging for complex geome-
try, but we only need the UV space to preserve some local
smoothness regardless of other criteria, such as distortion
and seam lengths.

B. More Qualitative Results
In this section, we show more qualitative results in Fig.

C and Fig. D. In Fig. 4 of main paper, we showed compar-
ison to Poisson [5] and Point2Mesh [3] on a few examples.
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Figure A. Architecture of 3D-prior network. In general, it consists of six residual blocks. The detailed structure and channels
of the residual blocks are shown in the left.
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Figure B. Architecture of 2D-prior network. The layers of each component are shown in the right.

Here we add comparison to more previous works in Fig.
C. For each example in Fig. D, we show the input colored
point cloud and the results from Screen Poisson Surface Re-
construction [5] (Poisson), Point2Mesh [3] (P2M), and our
model. We show the mesh results with and without texture.
We also show comparison on the surface reconstruction task
on the samples with complicate structures in Fig. E.

Overall, our model produces shapes and textures that
recovers more details and maintains better visual quality.
Screen Poisson surface reconstruction tends to make large
geometric errors when the points are sparse or the surface
normal cannot be estimated accurately, such as the wing of
the aeroplane and the chair legs. The texture map is usually
blurry compared to our result generated with hybrid priors.

F-score↑ CD↓
MC-APSS 93.4 0.0650

MC-RIMLS 96.6 0.0597
P2M-S 97.3 0.0589
Ours 97.7 0.0526

Table A. Comparison between our method and marching
cube based methods on synthetic data. The best results are
noted by Bold. CD is short for Chamfer Distance.
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Figure C. Comparison between our method and more surface reconstruction methods on synthetic data.

C. Comparison with More Surface Recon-
struction Methods

We show the surface reconstruction comparison with two
recent marching cube methods implemented in Meshlab,
named MC-APSS[1] and MC-RIMLS[7]. We also show

the comparison with Point2Mesh [3] with a HC Laplacion
smooth [9], namely P2M-S. The Chamfer distance and F-
Score are reported in Tab. A, which are worse than our
method.



Figure D. Comparison between our method and other surface reconstruction methods. The groundtruth meshes used to
sample input point clouds are shown in the �rst row.
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Figure E. Comparison between our method and other methods on surface reconstruction.
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Figure F. Failure cases in geometry and texture reconstruction.


