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1. Implemental details for MFPS

In this section, we explain a detailed implementation for
our multi-scale fitting patch selection.

First, for each given patch Qt
j with Kt neighboring

points located at pj , three random non-collinear points are
chosen to form a candidate plane. This process is repeated
M times to generate several candidate planes. We set
M = 150 empirically, to ensure that there is at least one
plane that can describe the local structure. For each candi-
date plane θ,EQt

j
(θ) is computed via Eq. 1 of the submitted

manuscript, and the one with maximum value is regarded as
the fitting plane θ∗Qt

j
of Qt

j .

Having generated all the fitting planes, for each candi-
date point pi, we first collect all the candidate patches that
contain pi as set Si = {Qt

j |pi ∈ Qt
j}, and compute its Di

via Eq. 4 of the submitted manuscript. The patch maximiz-
ing Di is the selected fitting patch, and the normal of the
fitting plane θ∗ of this patch is used as the suboptimal nor-
mal of pi. Note that, for a point on the smooth regions, its
suboptimal normal is computed simply using PCA, not the
above process for more efficiency.

2. Cluster-based approach

Before training, we partition the trainset into Kc clusters
via the k-means algorithm. It is performed on the normal
components ({N i

f}ni=1) of MPD to cluster similar samples
together. In each cluster, we train a separate NH-Net to
map an MPD to its ground-truth counterpart. The network
can then focus on a specific kind of geometric features and
can intensively refine this kind of normals. In runtime test
stage, a single MPD is distributed into one of these clusters
if ||N i

f −Cl|| ≤ ||N i
f −Ck||,∀k. Here, Ck is the clustering

center of the k-th cluster.
Furthermore, we evaluate the performance of different

Kc on our synthetic benchmark dataset, as shown in Fig. 2.
We set Kc = 4 by default in all our experiment, unless
stated otherwise. A larger Kc improves the results slightly
but heavily expands the network.

Scheme 1 Scheme 2
1× 7× 7 (input) 9× 7× 7 (input)

Conv(3, 3, 64, P=1) + Relu Conv(3, 3, 64, P=1) + Relu
Conv(3, 3, 128, P=1) + Relu Conv(3, 3, 128, P=1) + Relu

Maxpool(3, 3, S=1) Maxpool(3, 3, S=1)
Conv(3, 3, 64, P=1) + Relu Conv(3, 3, 64, P=1) + Relu

Maxpool(3, 3, S=1) Maxpool(3, 3, S=1)
Conv(3, 3, 1, P=1) + Tanh Conv(3, 3, 1, P=1) + Tanh

Scheme 3
27× 1 (input)
FC(20) + Relu

FC(3)
Table 1. Architecture details of ablations.

3. Experiments on different learning schemes

We give a detailed look at the ablations of our architec-
ture and results in Sec. 6.4.

• Scheme 1 - a network based on a single HMP, which
feeds one HMP into a CNN architecture and outputs a 3×3
matrix. The corresponding normal is transformed by the
output matrix to yield the final normal. We train this net-
work on the suboptimal normals and HMPs constructed on
them. See Tab. 1.

• Scheme 2 - an HMP-based network which receives to-
tal 9 HMPs in an MPD as input, outputting one 3×3 matrix.
Without a gathering module, the yielded matrix is applied
on the suboptimal normal in the MPD and outputs the final
normal. See Tab. 1.

• Scheme 3 - a single-layer fully connected network
without the HMP module. This network receives 9 normals
in the MPD and outputs the final normal. See Tab. 1.

We train all the above ablations using the same dataset as
our NH-Net. The complete benchmark results are reported
in Fig. 1. We can see that by the combination of HMP-based
module and gathering module, our proposed scheme out-
performs the separate versions, especially for the big noise
data.



Model PCA [5] HF [2] HoughCNN [3] PCPNet [4] PCV [6] Nesti-Net [1] Ours
Merlion 5.6◦ 6.6◦ 4.9◦ 6.1◦ 4.6◦ 4.5◦ 3.9◦

Anchor 9.1◦ 13.6◦ 11.3◦ 10.3◦ 6.0◦ 5.8◦ 5.0◦

Block 18.7◦ 9.4◦ 9.2◦ 18.7◦ 6.5◦ 6.8◦ 4.5◦

Joint 9.2◦ 4.2◦ 4.3◦ 11.3◦ 3.4◦ 2.8◦ 2.4◦

Octahedron 7.7◦ 15.8◦ 10.5◦ 8.5◦ 6.1◦ 6.5◦ 4.1◦

Sharpsphere 8.9◦ 6.6◦ 7.5◦ 8.2◦ 6.2◦ 7.1◦ 6.5◦

Kitten 2.4◦ 2.5◦ 2.8◦ 3.4◦ 2.4◦ 2.4◦ 2.4◦

Fertility 5.6◦ 4.5◦ 7.0◦ 5.9◦ 4.6◦ 4.7◦ 4.4◦

Table 2. Statistics of angular errors of several selected models from our benchmark.

Figure 1. Comparisons of different learning schemes on our syn-
thetic benchmark dataset.

Figure 2. Comparisons of different numbers of training clusters.

4. Additional experiment results
Additionally, we show more visual comparisons (see

from Fig. 3) and error comparisons (see from Tab. 2) of par-
tial models in our collected benchmark dataset.
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(a) Noisy input (b) PCA [5] (c) HF [2] (d) HoughCNN
[3]

(e) PCPNet [4] (f) PCV [6] (g) Nesti-Net [1] (h) Ours

Figure 3. Visual comparisons of estimated normals from benchmark dataset results. Point colors are normal vectors mapped to RGB.


