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In the supplemental material, we first provide a more comprehensive intro-
duction to the SfM training database and the full MVDesc network in Section
1. Second, we present the proof of the convergence’s condition of the proposed
RMBP and analysis about its parameter settings and potential break-down cases
in Section 2. Third, in Section 3, we show extended discussion about the eval-
uation on EPFL benchmark [8] (in Section 5.3 of the paper body) and a more
challenging registration experiment.

1 Supplements to MVDesc

In this section, we present a more comprehensive introduction to the collected
SfM database used for training and the full MVDesc network.

Fig. 1: The collected SfM database of 31 scenes. The blue pyramids denote the cameras
and the colored points represent tracks. Up to 10 million positive and negative pairs
of triple-view patches are extracted for learning MVDesc based on the SfM database
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1.1 The SfM database

In Fig. 1, we visualize the collected SfM database of 31 scenes. In total, it com-
prises more than 27k high-resolutional images and 9M tracks with at least 6
projections. Up to 10 million positive and negative pairs of triple-view patches
are extracted for training the MVDesc network proposed in Section 3.2 of the
paper body.

1.2 The MVDesc Network

The MVDesc network proposed in Section 3.2 of the paper body is shown in
Fig. 2 in full. It borrows the feature network from MatchNet [2] and produces
128-dimensional MVDesc descriptors. The parameters in brackets of convolu-
tional layers denote kernel sizes, output channel numbers and strides. And the
parameters in brackets of pooling layers denote kernel sizes and strides. Each
convolutional layer is followed by ReLU except the last one Conv7. Layers with
the same name share the same parameters.

2 Supplements to RMBP

In this section, we present the the proof of the convergence’s condition, the
guideline on the parameter settings and the analysis about the potential break-
down cases of RMBP.

2.1 Proof of the convergence’s condition of RMBP

Here, we provide the proof for the derivation of the convergence’s condition of
the RMBP proposed in Section 4 of the paper body.

Considering the graphical model proposed in Section 4.1 of the paper body
with pairwise interactions, the probabilistic distribution of the full set of random
variables factors into

p(X ) =
∏

(xi,xj)∈E

ψij(xi, xj)
∏

xi∈X
ψi(xi), (1)

where X and E are the node set and edge set of the defined graph respectively.
ψi(xi) is the potential function defined independently on node xi and its obser-
vation node, whereas ψij(xi, xj) is defined on pairwise neighboring nodes xi and
xj . In our case, the definition of pairwise potential function assumes two forms
on compatible or incompatible neighbors respectively. We refer to the two forms
as ψ+(, ) and ψ−(, ). They are explicitly expressed in the compatibility matrices
given in Eq. 7 of the paper body, where the values of elements reflect the joint
probability of neighboring binary variables, i.e.,

F+ =

[
ψ+(0, 0) ψ+(0, 1)
ψ+(1, 0) ψ+(1, 1)

]
, F− =

[
ψ−(0, 0) ψ−(0, 1)
ψ−(1, 0) ψ−(1, 1)

]
. (2)



Multi-View Descriptor and Robust Matching 3

Combining Eq. 2 and Eq. 7 of the paper body, we obtain

ψ+(x, y) =

{
λ x = 1, y = 1

1 otherwise
, ψ−(x, y) =

{
1 x = 1, y = 1

λ otherwise
(3)

In order to compute the marginal distribution p(xi) on each node of a cyclic
network, the Loopy Belief Propagation (LBP) takes the form of a iterative
message-passing algorithm between nodes as demonstrated in Eq. 6 of the pa-
per body. As given in [9], Simon’s condition provides an easily-verifiable and
sufficient condition that guarantees convergence of LBP:

Theorem 1. Loopy belief propagation is guaranteed to converge if

max
xj∈X

∑
i∈∂j

log d(ψij) < 1, (4)

where d(ψ) characterizes the strength of potential ψ.

In our case, the strength of the pairwise potential is defined as

d(ψij)
2 = max

a,b,c,d

ψij(a, b)

ψij(c, d)
. (5)

By substituting Eq. 3, the strengths of potential functions defined on compatible
or incompatible neighboring nodes both take the form:

d(ψ+) = d(ψ−) =
√
λ. (6)

After combining Eq. 4 and 6, the Simon’s Condition of RMBP’s convergence is
written into below format:

max
xi∈X

|∂i| · log λ < 2. (7)

2.2 Parameter settings

The hyper-parameters k and l in Conditions 2, 3, 4 and 5 of the paper body
determine the conditions on defining compatible and incompatible neighbors. In
our implementation, we empirically set them as

k = min(5, 0.01× |X |), (8)

l = max(100, 0.1× |X |), (9)

where |X | is the number of nodes of the graphical model. This setting can be
justified from two perspectives. First, the parameter k has the maximum value of
5 and l has the minimum value of 100. It is desirable to ensure strict conditions
on defining compatible and incompatible neighbors when building the graphical
matching model, because we find that including an outlier neighboring relation-
ship does more harm than excluding an inlier neighboring relationship. Second,
the parameters can be adjusted adaptively according to the number of nodes. For
example, a larger number of nodes lead to stricter condition on defining incom-
patible neighbors, while a smaller number of nodes result in stricter condition
on defining compatible neighbors.
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2.3 Potential break-down case of RMBP

In Fig. 3 below, we demonstrate three cases with outlier match pairs, with Case1
being the break-down case and Case2 & 3 being the remedy to it. Inlier match
pairs are marked in blue while outliers in red. Points in the same circle are
mutually k-nearest neighbors. Let pi be the probability of being an outlier for
correspondence ci. The analytical solutions of pi for the three cases are writ-
ten in Fig. 3(d). Values smaller than 0.5 are in blue. In Case1, both c1 and
c2 are seen as outliers (p1=p2>0.5). However, in Case2 and Case3 where an
inlier c3 exists as a compatible neighbor of c1, correct inferences are performed
(p1<0.5, p2>0.5, p3<0.5). The common practice of coexisting inlier neighbors like
c1 & c3 helps to eliminate the negative effect of the break-down configuration like
c1 & c2.
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Fig. 1

where the highest precision is achieved. By taking the average across all descrip-
tors, RMBP contributes to an increase by 2.1% in precision and an increase by
6.4% in recall.

3 Reviewer 3

The components of probability vectors in Eq 6. The first and second
components are the probabilities of being an outlier and inlier, respectively.

Potential break-down cases of RMBP. We analyze the potential break-
down scenario mentioned by reviewer 3 by considering three cases as illustrated
in Fig 1. Inlier match pairs are marked in blue while outliers in red. Points in the
same circle are mutually k-nearest neighbors. Let pi be the probability of being
an outlier for correspondence ci. The analytical solution of pi for the three cases
are written in Table 1. Values smaller than 0.5 are colored in blue. In Case1
where a single inlier c1 and a single outlier c2 form incompatible neighbors, we
have p1 = p2 > 0.5. It tends to see both c1 and c2 as outliers. However, if we
add an inlier c3 as a compatible neighbor of c1 as in Case2 and Case3, correct
inferences on c1, c2 and c3 can be performed (p1 < 0.5, p2 > 0.5, p3 < 0.5).
According to our observation in experiments, the coexistence of inlier matches
like c1 and c3 is common, which helps to eliminate the negative e↵ect caused by
outlier matches like c2.

Table 1

c1 c2 c3

Case1 2�
3�+1

2�
3�+1

-

Case2 4�
�2+6�+1

�2+3�
�2+6�+1

3�+1
�2+6�+1

Case3 3�+1
�2+4�+3

�
�+1

3�+1
�2+4�+3

Comparison with ”Locality preserving matching” [70]. Both our RMBP
and [70] explore the structure of local neighborhood. However, the di↵erence can
be concluded twofold. First, [70] holds the assumption that the defined neighbors
of an inlier match are all inliers, which can be broken especially when the ratio of
inliers is low. In contrast, RMBP further divides the neighbors into compatible
and incompatible ones and treat them di↵erently. Second, [70] performs inference
for each match pair only from its first-order neighbors. Whereas, RMBP infers

(d) Table of outlier probabilities

Fig. 3: (a∼c) Three of the minimal cases of neighboring matching pairs. Inlier match
pairs are marked in blue while outliers in red. Points in the same circle are mutu-
ally k-nearest neighbors. (d) The analytical solutions of the outlier probability for the
correspondences in the three cases. Values smaller than 0.5 are in blue

3 Supplements to Experiments

In this section, we first present further discussion on the comparative experiments
on the EPFL benchmark [8] presented in Section 5.3 of the paper body. Finally,
we add a challenging experiment of geometric registration of construction sites
with great geometric differences.

3.1 Discussion about the Evaluation on EPFL

As a comparison to Fig. 9 of the paper body, we show the correspondences of our
MVDesc-32 features in Fig. 4. Although MVDesc-32 suffers from the symmetric
ambiguity like CGF [3], it still helps to find substantially sufficient number of
true correspondences after putative matching and RMBP filtering for robust
registration, as shown in Fig. 4. It suggests the superior description ability of
the proposed MVDesc over the geometric descriptors [5, 4, 11, 10, 12, 3] in the
challenging scenarios of the EPFL benchmark [8].
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Fig. 4: The correspondences of our MVDesc-32 features as a comparison to Fig. 9 of
the paper body. The white lines link between spurious corresponding points, while the
white dots mark the true correspondences between the two point clouds. Although
MVDesc-32 also suffers from the symmetric ambiguity like CGF [3], it still helps to
find substantially sufficient number of true correspondences after RMBP

3.2 Registration of Challenging Construction Sites

Aside from the validation on the standard public datasets like ScanNet [1] and
EPFL [7] in Section 5.3 of the paper body, we additionally run registration
experiments on the challenging dataset of construction sites.

Setup. The dataset includes three scenes of construction sites. Each scene is
comprised of two models captured by more than 300 high-resolutional images
at different time and built by the standard 3D reconstruction pipeline [7, 6].
The registration of the two models is very challenging because the geometry has
experienced substantial changes, which results in very limited overlap between
point clouds. In Fig. 5(a), we visualize the distance from each point in one cloud
to the closest point in another cloud. We sample keypoints from the point clouds
randomly. And the descriptors like PFH [5], FPFH [4], SHOT [11], USC [10],
3DMatch [12], CGF-32 [3] and our MVDesc-32 are produced in the same way
as the EPFL [7] experiments of Section 5.3 of the paper body. We estimate
Euclidean transformations by first putative matching, then RMBP filtering and
finally RANSAC.

Results. All the geometric descriptors, PFH [5], FPFH [4], SHOT [11], USC
[10], 3DMatch [12] and CGF-32 [3], fail to find valid transformations due to the
excessive mismatches even the RMBP filtering is applied. However, our MVDesc-
32 accomplishes successful registration of all the three cases when the RMBP is
equipped, as shown in Fig. 5(b).
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Fig. 5: (a) Visualization of the distance from each point in one point cloud to the
closest point in another cloud. The warmer color represents the smaller distance. (b)
The registration results of pairs of models achieved based on our MVDesc-32 plus
RMBP. The last column of side-by-side visualization reveals the substantial differences
in geometry between the two models



Multi-View Descriptor and Robust Matching 7

View1
(64×64×1)

View2
(64×64×1)

View3
(64×64×1)

Conv0
(7×7,24,stride 1)

Conv0
(7×7,24,stride 1)

Conv0
(7×7,24,stride 1)

Pool0
(3×3,stride 2)

Pool0
(3×3,stride 2)

Pool0
(3×3,stride 2)

Conv1
(5×5,64,stride 1)

Conv1
(5×5,64,stride 1)

Conv1
(5×5,64,stride 1)

Pool1
(3×3,stride 2)

Pool1
(3×3,stride 2)

Pool1
(3×3,stride 2)

Conv2
(3×3,96,stride 1)

Conv2
(3×3,96,stride 1)

Conv2
(3×3,96,stride 1)

Conv3
(3×3,96,stride 1)

Conv3
(3×3,96,stride 1)

Conv3
(3×3,96,stride 1)

Conv4
(3×3,64,stride 1)

Conv4
(3×3,64,stride 1)

Conv4
(3×3,64,stride 1)

Pool4
(3×3,stride 2)

Pool4
(3×3,stride 2)

Pool4
(3×3,stride 2)

View Pooling

Concatenation

Conv5-1
(3×3,32,stride 1)

Conv5-2
(1×3,32,stride 1)

Conv5-3
(3×1,32,stride 1)

Concatenation

Conv6
(1×1,64,stride 1)

Conv7
(3×3,8,stride 2)

L2Norm

128-dimensional
MVDesc

�

MatchNet
Feature
Network

Fuseption-
Resnet

Fig. 2: The full MVDesc network that produces 128-dimensional MVDesc descriptors.
The parameters in brackets of convolutional layers denote (kernel size, output channel
number, stride). And the parameters in brackets of pooling layers denote (kernel size,
stride). Each convolutional layer is followed by ReLU except Conv7. Layers with the
same name share the same parameters
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