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Abstract. Most existing techniques in map computation (e.g., in the
form of feature or dense correspondences) assume that the underlying
map between an object pair is unique. This assumption, however, easily breaks when visual objects possess self-symmetries. In this paper, we
study the problem of jointly optimizing symmetry groups and pair-wise
maps among a collection of symmetric objects. We introduce a lifting
map representation for encoding both symmetry groups and maps between symmetry groups. Based on this representation, we introduce a
computational framework for joint symmetry and map synchronization.
Experimental results show that this approach outperforms state-of-theart approaches for symmetry detection from a single object as well as
joint map optimization among an object collection.
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Introduction

Establishing maps across visual objects is a long standing problem in visual
computing with rich applications in structure-from-motion [3,9], joint segmentation [48,49], and label/attribute transfer [2,31,50], among others. While early
works focus on computing maps between pairs of objects in isolation (c.f. [21]),
a recent trend is to jointly compute consistent maps across a collection of
objects [19,16,17,42,20,24,37,38,5,66,67,51,29]. This is motivated from the fact
that (i) many applications (e.g., multi-view structure-from-motion [54,8] and
co-segmentation [60,56]) require consistent correspondences, and (ii) optimizing
consistent maps enables us to improve maps computed between pairs of objects
in isolation (c.f. [16]). The promise of these approaches is that pairwise maps between dissimilar objects can often be improved by composing maps along paths
of similar objects.
However, all existing joint map optimization techniques place the assumption
that there is only one underlying map between two visual objects. It turns out
this assumption does not hold in many scenarios. In particular, when the underlying objects are symmetric, there are multiple plausible maps between each
object pair. This introduces issues both for map computation between pairs of
objects and for optimizing consistent maps across multiple objects. To address
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Fig. 1. Category specific reconstruction from internet images. (a) Subset of input images with matched edge feature points [12]. (b) Reconstruction using our approach.
Color-coding highlights the recovered symmetry group.

this issue, a straightforward approach is to detect the underlying self-symmetry
group of each object first, and then perform matching in factored or quotient
spaces (c.f.[39]). This approach, however, is not optimal, since symmetry detection is quite challenging (especially for images where the symmetric parts may
be occluded), and errors introduced in the symmetry detection phase cannot be
recovered in the joint matching phase.
In this paper, we consider the problem of jointly optimizing the underlying symmetry groups and consistent pairwise maps. We call this problem joint
symmetry and map synchronization. The motivation comes from the fact that
symmetry detection and map computation are highly correlated. Besides the
fact that computing the underlying symmetry groups facilitates map computation, maps can also propagate symmetry groups across objects, allowing us to
rectify a noisy symmetry group computed from one object by propagating clean
symmetry groups computed from other objects.
To formulate joint symmetry and map synchronization, we propose a representation that encodes symmetry groups and pair-wise maps using the product operator (also known as lifting in the literature [27][18][23,58]). We prove
that for many symmetry groups in our physical world (e.g., reflection symmetry and n-fold rotational symmetry among others), this representation admits
exact symmetry group decoding. In addition, we show that the computational
cost incurred by the product operator can be effectively addressed via reduced
functional basis [38]. Using this representation, we introduce a continuous optimization formulation for joint symmetry and map synchronization. The input
consists of symmetry groups and pair-wise maps independently computed using off-the-shelf techniques in each domain. The output consists of consistent
symmetry groups and pair-wise maps. Our approach exhibits a few appealing
properties. First, the input symmetry groups and pair-wise maps may be noisy
and incomplete (e.g., one input self-symmetry for a subset of objects and one
object map per pair among a subset of object pairs), and our approach automatically rectifies, propagates and completes symmetry groups and pair-wise maps.
Moreover, when we have sufficient data, we do not need to specify the type of the
underlying symmetry group. It can be automatically determined by the input
data, i.e., by aggregating self-symmetries among the input objects.
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We evaluated our approach on a diverse set of object collections ranging
from 2D images to 3D models. Experimental results show that our approach
outperforms state-of-the-art methods in joint map computation from an object
collection and symmetry group detection from each object in isolation.

2

Related Works

Map synchronization. An emerging focus in object matching is to optimize
maps jointly among an object collection. The intuition is that the map between a pair of dissimilar objects can be obtained by composing maps along
a path of similar object pairs. A way to formalize this intuition is through the
cycle-consistency constraint, i.e., composite maps along cycles should be identity
maps. This has led to the problem of map synchronization, which takes as input
maps computed between pairs of objects in isolation and outputs improved maps
that are consistent along cycles. In [16], Huang and Guibas established a connection between the cycle-consistency constraint and the fact that data matrices
that store cycle-consistent pair-wise maps in blocks are low-rank and/or positive
semi-definite. This work has stimulated several recent works that formulate map
synchronization as low-rank matrix recovery using convex optimization [16,5]
and non-convex optimization [20,67,51,7]. Our approach also falls into this category. However, the focus is on establishing a matrix representation for joint map
and symmetry synchronization.
Co-symmetry detection and matching. Symmetry detection can be considered a variant of shape matching, which seeks to compute self-maps that preserve
extrinsic [36,44,22,52] or intrinsic [40,28,65,46,45,25,64,63,62] distances. In this
regard, symmetry detection shares a similar limitation with pair-wise matching,
namely, existing methods tend to break when the underlying symmetries become more and more approximate. To address this issue, we propose to optimize
symmetry groups jointly among an object collection to improve the resulting
symmetry group on each object. To the best of our knowledge, existing works
on this topic have focused on individual pairs of objects so far. [33] proposed
to detect a reflection symmetry axis for boosting the performance of correspondence computation. [39] introduced the first approach for factorizing out the
underlying symmetry group when establishing shape maps. However, the approach only considers a pair of objects and does not utilize lifting. In addition,
the formulation requires specifying the underlying symmetry group, or in other
words, it does not perform joint inference of symmetries and maps. [57] developed an approach for joint structure recovery and matching of man-made 3D
shapes. The approach is based on graph matching, and thus requires part-based
representations as input.
Matching via lifting. Our symmetry group encoding scheme is motivated from
the idea of lifting for convex relaxations of second-order MAP inference [27,18].
When using indicators associated with the first-order potential functions, the
second-order potential functions become quadratic in these indicator variables.
The idea of lifting is to introduce an additional variable for each quadratic term.
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Fig. 2. This figure is better viewed in color. Corresponding points have the same colors.
(Left) This input consists of one self-map per-shape and one pair-wise map per-pair.
Here we show one shape among 20 shapes and one pair among 380 pairs. (Right) The
output of our algorithm on the same shape and shape pair, respectively. Note that
our approach not only improves symmetry groups and pair-wise maps, but we also
complete the missing ones by propagating self-symmetries and maps.

Using these additional variables (which form the lifted space), the objective
function becomes linear and easy to solve. The lifting idea has also been used for
object matching [23,14,58]. The novelty of our representation includes (1) the
decoding scheme, (2) the types of symmetry groups that can be exactly recovered
(to be introduced later), and (3) various properties of this encoding scheme,
which will be used in formulating joint map and symmetry synchronization.

3

Problem Statement and Approach Overview

This section formally states the joint map and symmetry synchronization problem that is studied in this paper and presents an overview of our approach.
Problem statement. Suppose we are given n relevant objects S1 , · · · , Sn . In
this paper, we focus on the case where objects are discrete point sets (e.g., image
pixels [32] and feature/sample points extracted from images [34] or shapes [30]),
and where a map or a self-map is given by a set of point-wise correspondences.
We assume these objects are generated from an underlying universal object
S 0 (also a point set), which possesses a symmetry group. The generation process consists of taking a subset and/or deformation. This setting covers many
practical scenarios. For example, {Si } could be partial observations of an underlying object (e.g., in multi-view structure from motion). As another example,
{Si } could also be objects that fall into the same category (See Figure 2). The
input to our approach consists of noisy pair-wise maps Pijin : Si → Sj , (i, j) ∈ E
computed using off-the-shelf methods along a pre-computed edge set E. In particular, E includes self loops, each of which is associated with a pre-computed
self-map Piiin : Si → Si . The output of our approach consists of the universal
object S 0 , its symmetry group G (we write G instead of G0 to make the notations
uncluttered), and an embedding map Pi0 : Si → S 0 for each object Si . As we
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will see later, the pairwise maps from Si to Sj are induced from {Pi0 , 1 ≤ i ≤ n}
and G.
An important feature of our approach is that it takes as input incomplete
observations (e.g., one pair-wise map per object pair despite the fact that the
underlying symmetry group suggests multiple plausible pair-wise maps). The
promise of our approach comes from the fact that when looking at the input
maps among an object collection as a whole, each element of the underlying
symmetry group and the corresponding all pair-wise maps are densely sampled,
providing sufficient observations for recovery.
Approach overview. The main idea of our approach is to develop a matrix
representation of symmetry groups and maps, which allows us to formulate joint
map and symmetry synchronization as optimizing matrices. A simple approach
is to use a binary correspondence matrix to encode correspondences in symmetry groups and pair-wise maps. As we will discuss later, this representation is
insufficient when the size of a symmetry group is bigger than 2. To address this
issue, we propose to use the product operator for encoding. We show that our
proposed encoding is lossless for many symmetry groups. Using the same idea,
we then show how to define and encode embedding maps Pi0 , 1 ≤ i ≤ n and pairwise maps Pij , 1 ≤ i, j ≤ n. Based on this encoding, we propose an optimization
framework for recovering the underlying embedding maps Pi0 , 1 ≤ i ≤ n and
self-symmetry group G. To address the computational overhead incurred by the
tensor operator, we show how to perform joint map and symmetry synchronization using reduced basis (c.f. [38]).

4

Symmetry and Map Representation via Lifting

In this section, we show how to effectively encode symmetry groups and pairwise maps under the point-based representation. Section 4.1 describes how to
encode symmetry groups. Section 4.2 introduces how to encode maps between
symmetric objects that are partially similar.
4.1

Symmetry Groups

Consider an object S that consists of m points. A self-map is given by a permutation P ∈ [0, 1]m×m , where each row and column has exactly one non-zero
entry. With Pm we denote the space of all permutations. Let G ⊂ Pm denote a
symmetry group associated with S. For a thorough introduction to symmetry
groups, we refer to [11] for more details.
In this paper, we are interested in symmetry groups where the largest orbit
size is equal to the group size:
Definition 1. Let oG (i) ⊂ {1, · · · , m} denote the orbit3 of the i-th element under a symmetry group G. We call G a cyclic group if
|G| = max |oG (i)|.
1≤i≤m

3

Intuitively, the orbit collects correspondences induced from a symmetry group.

(1)
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Note that cyclic groups cover a rich family of symmetry groups in our physical
world. For example, standard reflection, n-fold rotational symmetry, and translation symmetries (both in the intrinsic and extrinsic sense) can be described as
cyclic groups under suitable placements of samples.
When considering matrix representations of G, a straight-forward approach
is to use a correspondence matrix (of dimension m × m) to encode all correspondences induced from the symmetry group. The downside of this encoding,
however, is that when |G| > 2, there may exist multiple symmetry groups that
correspond to the same encoding. One such example is given in Appendix A.
To address this issue, we propose to consider the following encoding using the
tensor operator:
X
2
2
Q :=
P ⊗ P ∈ {0, 1}m ×m .
(2)
P ∈G

A key property of Q is that when G is a cyclic group, then it can be recovered
from the elements of Q:
Proposition 1. If a symmetry group G is a cyclic group, then it can be exactly
recovered from the elements of Q.
To prove Prop. 1 (details are deferred to Appendix B.2) and for later usage,
we define the following linear operator that shuffles the elements of Q:
2

2

Definition 2. Consider a matrix A ∈ Rm1 ×m2 . Let Aa,b denote (a, b)-th element
2
2
of matrix A. Define F : Rm1 ×m2 → Rm1 m2 ×m1 m2 as
F(A)i1 m2 +i2 ,j1 m2 +j2 = Ai1 m1 +j1 ,i2 m2 +j2 ,

0 ≤ i1 , j1 ≤ m1 −1, 0 ≤ i2 , j2 ≤ m2 −1.

It is easy to check that F(Q) is low-rank:
2

Fact 1. Let vec(P ) = (pT1 , · · · , pTm )T ∈ Rm be the vector that unfolds the
columns of P = (p1 , · · · , pm ) ∈ Rm×m . Then
X
F(Q) =
vec(P ) · vec(P )T .
(3)
P ∈G

Proof. See Appendix B.1.
4.2

Maps between Symmetry Groups

We proceed to define and encode maps between symmetry objects. To handle
the case, where two objects being matched are subsets of an underlying complete
object, we first define maps from a partial object to a complete object. Later,
we show how to extend this setting to properly defined maps between partially
similar objects.
Let us consider a source object S1 and a target object S 0 (which denotes the
underlying universal object in this paper). To define the map from S1 to S 0 , we
introduce a latent object S 1 that is (i) a superset of S1 , and (ii) a copy of S 0 ,
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i.e., |S 1 | = |S 0 |, and the symmetry group G1 of S 1 is isomorphic to G of S 0 . Our
goal is to define the map from S1 to S 0 through the inclusion map E1 : S1 → S 1
and a properly defined map from S 1 to S 0 :
Definition 3. Let f1 : G → G1 be the group isomorphism. We say a map P 10 :
S 1 → S 0 is proper if
P 10 · f1 (P ) = P · P 10 ,

∀P ∈ G.

(4)

In other words, P 10 is proper if it is consistent with the underlying symmetry
groups. It is clear that each map P 10 induces an equivalence class {P P 10 , P ∈ G}.
Now we are ready to define proper maps from S1 to S 0 :
Definition 4. We say a map P10 : S1 → S 0 is proper if there exist S 1 ⊃ S1
and a proper map P 10 : S 1 → S 0 such that
P10 = P 10 · E1 .
Note that P10 also induces an equivalent class M10 := {P P10 , P ∈ G}.
We again use the product operator to encode M10 :
X
Q10 =
P10 ⊗ P10 .

(5)

(6)

P10 ∈M10

Similar to symmetry groups, we have the following recovering condition:
Proposition 2. When G is a cyclic group and S1 contains one element of a
maximal orbit of S 1 , then M10 can be exactly recovered from the elements of
Q10 described in (6).
The proof is similar to that of Proposition 1 and is deferred to Appendix B.3.
Now we are ready to define maps between a partially similar object pair (S1 , S2 ):
Definition 5. We say a map P12 : S1 → S2 is proper, if there exist proper maps
Pi0 : Si → S 0 , so that
T
P12 = P20
P10 .
(7)
Note that each proper map P12 induces an equivalence class
T
M12 := {P20
P P10 , P ∈ G}.

(8)

It is easy to check that M12 is independent of the particular choice of Pi0 , 1 ≤
i ≤ 2.
Again, we encode M12 using the tensor product:
Q12 :=

X

(8)

P12 ⊗ P12 = (P20 ⊗ P20 )T Q00 (P10 ⊗ P10 ).

P12 ∈M12

Finally, we introduce a property of F(Q12 ), which we will use later:

(9)
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Proposition 3. When |oG (i)| = |G|, 1 ≤ i ≤ m, then each vec(P12 ) is an eigenvector of F(Q12 ), i.e.,
F(Q12 )vec(P12 ) = kvec(P12 )k2 · vec(P12 ),

∀P12 ∈ M12 .

(10)

The proof is straight-forward, as two different members of M12 , their nonzero entries do not overlap. In practice, the number of elements where |oG (i)| <
|G| remains small (e.g., points on 1D reflection axis versus points on the entire
image). This means (10) is at least approximately satisfied.

5

Functional-Based Joint Map and Symmetry
Synchronization

In this section, we introduce a computational framework for joint map and symmetry synchronization. Section 5.1 describes a generalized representation for
symmetry groups and maps using reduced basis. Section 5.2 then introduces an
efficient approach using this reduced representation.
5.1

Symmetry and Map Representation Using Reduced Basis

Laplacian reduced basis. We begin with reviewing the reduced basis representation for encoding maps between discrete objects [38,61,47]. Consider an object
S with m points, we associate S with an orthogonal matrix B ∈ Rm×k , which
projects S onto the feature space spanned by the columns of B. Following [38,61],
we use the first k eigenvectors of Laplacian matrices, e.g., graph Laplacian for
images and Laplace-Beltrami for 3D meshes. Note that it is possible to use other
basis computation methods such as partial functional map [47]. We leave this as
a future work.
Given two objects S1 and S2 and the associated basis B1 and B2 , we represent
a map from S1 to S2 in the feature space as a matrix X12 ∈ Rk×k (called
functional map in the literature ([38]). Given a point-based map P12 : S1 → S2 ,
we can derive the corresponding functional map as
X12 := argmin kXB1T − B2T P12 k2F = B2T P12 B1 .

(11)

X

In the other direction, we convert a functional map X12 into a point-map P12
via nearest neighbor query with respect to rows of B1 and B2 . More precisely, for the i-th point of S1 , we compute the index of its target point as
j ? = argmin kB2T P12 ej − X12 B1T ei k,4 where Aei extracts the i-th column of A.
j

Given the underlying point-based map P12 , this functional map encoding
scheme is accurate if there exists a linear map X12 such that B2T P12 ≈ X12 B1T .
4

It is also possible to enforce injectivity by solving a linear assignment.
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In our experiments, we found using k = 25 Laplacian basis provides a fairly
accurate encoding between discrete objects. We will also analyze the effects of
varying k in the supplemental material.
Encoding using reduced functional basis. Using reduced basis to encode
symmetry groups and maps between symmetry groups is quite similar to that
in the point-based representation. Let B0 be a basis of S 0 (As we see later,
our algorithm will recover both S 0 and the reduced basis B0 . With X00 =
B0T P B0 , X10 = B0T P10 B1T and X12 = B2T P12 B1 we denote the functional map
representations of P , P10 and P12 , respectively. With this setup, we rewrite the
functional representations of (2), (6) and (9) as
X
X
(X10 ⊗ X10 ),
(12)
Y00 :=
(X00 ⊗ X00 ), Y10 :=
P ∈G

P10 ∈M10
T

Y12 := (X20 ⊗ X20 ) Y00 (X10 ⊗ X10 ).

(13)

Encoding using reduced Laplacian basis shares many properties as using the
point-based representation. As discussed in Proposition 3, vec(P12 ) is approximately an eigen-vector of Q12 . We find that under mild conditions (See Appendix B.5 for a discussion), this property also holds under the reduced basis:
F(Y12 )vec(X12 ) ≈ kvec(X12 )k2 vec(X12 ).

(14)

Decoding via alternating minimization. Once we have obtained an encoding
Yi0 under reduced basis, we recover the underlying functional maps and pointbased maps via alternating minimization (c.f. [38]). Motivated from Fact 1, the
functional maps are forced to lie within the leading eigenspace of F(Yi0 ). Due
to space constraint, the details are left in Appendix C.
5.2

Joint Map and Symmetry Synchronization

In this section, we describe our approach for joint map and symmetry synchronization using the representation developed above. At this stage, we assume we
have computed reduced basis Bi , 1 ≤ i ≤ n. We also assume we have computed
in
initial functional maps Xij
, (i, j) ∈ E along an edge set E. Both the input maps
and the edge set are specified by off-the-shelf approaches, and we will discuss
them in Section 6. Our goal is to recover the underlying universal object S 0 , its
symmetry group G0 , and the maps Pi0 : Si → S 0 . Our approach consists of a
synchronization step and an extraction step.
2
2
Synchronization. We introduce a n × n block matrix Y ∈ Rnk ×nk that
encodes each Yij in the block of Y , i.e., Yij corresponds to j-th row and i-th
column of Y . Similar to the point-based representation, Y is low-rank. To see
1
this, we introduce Zi = Y002 (Xi0 ⊗ Xi0 ), 1 ≤ i ≤ n. Let Z = (Z1T , · · · , ZnT )T .
Then (13) gives rise to
Y = ZZ T .
(15)
We propose to utilize numerical optimization to obtain Y and Z. Specifically, by combing (15) and (14), we arrive at the following objective function for
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recovery:
X
in
in 2
in
min
kF(Yij )vec(Xij
) − kvec(Xij
)k vec(Xij
)k + λkY − ZZ T k2F
Y,Z

(16)

(i,j)∈E

where F is the Frobenius norm. Note that we use the block-wise L1-norm to
suppress the noise in the input. We set λ = √1n in our experiments. In this
paper, we combine spectral initialization and reweighted non-linear least squares
to solve (16). The details are deferred to Appendix D.
Decoding. Since our goal is to recover the underlying object S 0 , merely recovering pair-wise maps Yij is insufficient. In contrast, we seek to recover Xi0 , 1 ≤
i ≤ n and Y00 . Let Z ? be the optimal solution to (16). If Z ? is an exact recovery,
2
2
then there exists V ∈ Rk ×k , so that
V · Zi? T = Xi0 ⊗ Xi0 ,

1 ≤ i ≤ n,

T

Y00 = V −1 V −1 .

(17)

For decoding, we set up the following objective function to recover V and Xi0 , 1 ≤
i ≤ n:
n
X
kV · Zi? T − Xi0 ⊗ Xi0 k2F + µkV − Ik2 k2F
(18)
min
V,Xi0 ,1≤i≤n

i=1

where the second term is introduced to avoid obtaining the trivial solution V =
0, Xi0 = 0, 1 ≤ i ≤ n. In our experiment, we used µ = 10−3 . We again perform
alternating minimization to solve (18). Please refer to Appendix E for details.
As Xi0 aligns the feature space associated with Si with that of the latent
universal object S0 , we apply clustering on the columns of Xi0 BiT , 1 ≤ i ≤ n to
recover B0 , which also specifies S0 . In our experiments, we used single-linkage
clustering and set the total number of clusters as m. We discard all clusters
whose size are smaller than 3. Each cluster center corresponds to one column
of B0 . Finally, we apply the decoding scheme described in (20) to recover the
underlying symmetry group G.

6

Results

In this section, we evaluate our approach for joint map and symmetry synchronization on 2D images (Section 6.1) and 3D shapes (Section 6.2).
6.1

Experimental Evaluations on 2D Images

Experimental Setup. As illustrated in Figure 1 and Figure 3, we consider the
application of reconstructing a generic sparse 3D pointcloud from multi-views of
similar but different objects [67,4,59] (i.e., category-specific reconstruction). A
crucial task for the reconstruction is to establish consistent feature correspondences across multiple images. We share this general motivation in our experiments, but focus on symmetric objects. In this regard, we collect two datasets.
The first dataset consists of 16 images of similar stool objects that possess a
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Fig. 3. Category specific reconstruction from internet images. (a) Subset of input images with matched edge feature points [12]. (b) Reconstruction using our approach.
Color-coding highlights the recovered symmetry group.

four-way rotational symmetry (See Figure 1). The second dataset consists of
16 images of similar trash container objects (See Figure 3). For both datasets,
we annotate keypoints for evaluating feature correspondences. The full datasets
and annotated feature correspondences are included in Appendix H. The same
as [67,4,59], we assume the underlying objects are segmented out. In addition,
we also evaluated on Sedan and SUV from [67]. We use these two datasets to
compare our approach against standard joint map optimization approaches that
do not explicitly consider the underlying symmetry group.
We follow the procedure described in [67], which applies structural forests [12]
and graph matching [6] to generate the feature points and perform pair-wise
matching, respectively. The reduced basis we utilize are the first k = 25 eigenvectors of unnormalized graph Laplacian of the graphs used in pair-wise matching
(See [6] for more details). For Stool and TrashContainer, we also apply this procedure to match each image with itself, which gives a self-map. To test whether
the improvement of our algorithm on symmetry detection is consistent with
respect to different input symmetries, we also evaluated on applying [13] for
symmetry detection (we used the same procedure to exclude identity maps). Regarding the edge set E, we connect each image with 8-closest images in terms of
affinity scores for Stool and TrashContainer. The same as [67], we let E connect
all image pairs for Sedan and SUV.
We consider four state-of-the-art synchronization techniques [19,66,67,7] for
baseline evaluation. In particular, [19] synchronizes consistent functional maps;
[66] optimizes point-based correspondences by enforcing three-cycles; [67] applies
a fast low-rank matrix recovery approach to optimize consistent point-wise correspondences. [7] uses non-convex optimization to obtain consistent point-wise
correspondences. The same as [67], we report the percentage of feature correspondences whose error with respect to annotated feature correspondences fall within
a varying threshold δ. Note that for Stool and TrashContainer, we evaluate with
respect to the closest map (in terms of cumulative feature correspondence error)
induced by the underlying symmetry group. This is in contrast to evaluating the
quality of each individual correspondence with respect to symmetric correspondences, where the closest correspondences may be inconsistent with each other.
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Stool
Sym-In
71.2
Sym-Out
84.5
SymII-In
65.9
SymII-Out 79.8
Input
60.7
Huang14
68.2
63.2
Zhou15a
Zhou15b
64.6
Cosmo17
61.9
Ours
80.6
Input
na
Huang14
na
Zhou15a
na
Zhou15b
na
Cosmo17
na
Ours
na

TC Sedan SUV
68.7
na
na
81.2
na
na
63.1
na
na
77.4
na
na
58.5
na
na
60.6
na
na
59.8
na
na
62.8
na
na
59.7
na
na
75.2
na
na
na
78.7 77.6
na
85.9 87.1
na
86.1 85.2
na
87.7 86.2
na
84.5 83.4
na
91.2 90.8

Octop. Arma. Ant Bird Fish 4leg Glass. Hand Human Plane Mean
52.4
72.9 69.1 59.3 54.5 64.0 78.2
55.1
89.3
61.2
67.0
76.1
91.2 81.0 67.2 71.3 79.2 90.1
69.2
94.5
73.2
79.7
48.3
68.1 66.4 57.4 51.5 63.2 71.7
49.2
81.3
60.0
63.2
68.0
81.2 77.3 74.2 70.1 80.7 86.5
57.1
90.3
72.4
76.6
44.9
69.5 64.1 53.0 48.1 58.0 76.3
51.7
83.8
35.7
60.1
58.1
69.4 69.0 54.3 42.8 76.9 71.1
66.3
90.9
42.4
64.8
na
na
na
na
na
na
na
na
na
na
na
56.5
70.1 71.1 51.3 43.7 71.9 66.7
68.1
86.1
44.4
63.7
54.9
68.2 71.6 51.8 42.8 71.9 64.7
67.0
86.4
44.4
63.2
74.6
81.2 76.3 62.9 54.1 80.1 78.3 71.1
92.1
53.7 72.2
na
65.7 47.8 39.8 45.6 56.6 54.1
47.5
69.4
30.2
50.7
na
69.6 59.0 52.2 42.3 76.5 59.3
66.2
90.9
39.4
61.7
na
na
na
na
na
na
na
na
na
na
na
na
68.2 59.3 47.6 46.1 70.3 59.2
59.7
88.1
38.5
59.7
na
67.1 61.4 44.9 42.8 71.3 57.9
61.4
85.8
37.9
58.9
na
74.9 64.1 54.8 51.2 83.2 65.7 68.2
93.2
38.0
65.9

Table 1. Comparisons with respect to human annotated feature points. We report
percentage of correspondences whose error are below 0.1d, where d = max(w, h) for
images and d is the shape diameter for 3D shapes, respectively. (Top) Symmetry detection. Images:Sym-IN [6] and SymII-IN [13]. Shapes:Sym-IN [25] and SymII-IN [40].
(Middle) Evaluation of object maps after factoring out the underlying self-symmetry
group. Baseline approaches: Huang14:[19], Zhou15a:[66], Zhou15b:[67], Cosmo17:[7].
(Bottom). Evaluation of object maps in the original space.

Table 1 collects the statistics of each method when δ = 0.1 max(w, h), where w
and h are width and height of an input image.
Joint map and symmetry detection improves symmetry detection. As
shown in Table 1(Top), our approach can drastically improve the input symmetry detection. For the first set of input symmetries (i.e., using [6]), our approach
improves from 71.2% and 68.7% on Stool and TrashContainer, respectively, to
84.5% and 81.2%, respectively. For the second set of input symmetries (i.e.,
using [13]), our approach improves from 65.9% and 63.1% on Stool and TrashContainer, respectively, to 79.8% and 77.4%, respectively. Figure 4(Left) shows
that the improvements are consistent when varying the error threshold.
Analysis of correspondence quality. Our approach outperforms baseline
approaches considerably. Specifically, on Stool and TrashContainer, our approach
achieved 80.6% and 75.2%, respectively. In contrast, the top-performing state-ofthe-art methods only had 68.2% (from [67]) and 62.8% (from [19]), respectively.
Figure 4(Middle) shows that the improvements are also consistent when varying
the error threshold. One explanation is that due to the underlying symmetry,
there are multiple plausible maps between each object pair. However, all existing
methods are forced to output a single consistent map. In this case, it turns
out their output tends to average multiple plausible maps, and the resulting
correspondences may not be consistent across different feature points from the
same image. It follows that their output may be far from the underlying map
even after factoring out the underlying symmetry group.
To see the usefulness of the output of our approach, we perform SFM on each
dataset of Stool and TrashContainer in isolation. Specifically, we run rigid reconstruction from optimized feature correspondences with an orthographic camera
model and annotated viewpoints. As illustrated in Figure 1 and Figure 3, our
approach can recover 3D point clouds that reflect the overall shapes of the Stool
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Fig. 4. Quantitative evaluations of joint map and symmetry synchronization on 2D
images. (Left) Symmetry detection on Stool and TrashContainer. (Middle) Object
matching evaluation in the quotient space on Stool and TrashContainer. (Right) Object
matching evaluation in the original space on Sedan and SUV.

and TrashContainer. In contrast, the method of [67] was not successful on these
two datasets.
We proceed to quantitatively compare our approach with baseline approaches
on Sedan and SUV. In this case, we simply set the diagonal blocks as identity
matrices in our approach. As shown in Table 1 and Figure 4(Right), our approach outperforms existing approaches. The benefits come from the product
operator, which enables the joint matching procedure to detect consistent correspondence pairs obtained in the graph matching phase. Similar to using pair-wise
consistency for boosting the performance of graph matching, these consistent
correspondence pairs enhance optimized correspondences.
Timing. Our approach is efficient. In average, the running time of our approach
on each dataset is 137.0s using a Matlab implementation on a single-core 3.2G
CPU with 32G memory. This includes 12.5s for converting point-based maps
into functional maps, 95.6s for joint map and symmetry optimization, and 28.9s
for converting functional maps back to the original point-based maps.
6.2

Experimental Evaluations on 3D Shapes

Experimental Setup. We perform experimental evaluation on SHREC07–
Watertight [15], which is a challenging dataset for evaluating shape maps. Specifically, SHREC07-Watertight contains 400 shapes across 20 categories. Among
them, we choose 10 categories (i.e., Ant, Armadillo, Bird, Fish, Fourleg, Glasses,
Hand, Human, Plane, and Octopus) that are suitable for inter-shape mapping. In
particular, Octopus contains a non-trivial rotational symmetry group. Each other
category contains a reflection symmetry. All categories have human-annotated
correspondences for experimental evaluation. As for symmetry detection, we employ [25]. We also tested on [40] to see if the improvements are consistent with
respect to different input symmetries. For pair-wise maps, we employ blended
intrinsic maps [26]. We consider the same set of baseline approaches described
in Section 6.1 except [66], which is specifically designed for image matching.
In terms of evaluation protocol, we report the percentage of feature correspondences whose geodesic errors fall into a varying threshold in [0, 0.1d], where d is
the diameter of each shape in geodesic distance.
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Fig. 5. Quantitative evaluations of joint map and symmetry synchronization on
SHREC07-Watertight. (Left) Symmetry detection. (Middle) Object matching evaluation in the quotient space. (Right) Object matching evaluation in the original space.

Analysis of results. We first evaluate our approach on the performance of
symmetry detection. As show in Table 1, our approach improves the quality
of input symmetries obtained from [25], by 23.7% and 12.5% on Octopus and
remaining models, respectively. Replacing the input symmetries by the ones
computed from [40], the improvements become 19.7% and 13.3% on Octopus and
remaining categories, respectively. As shown in Figure 5(Left), the improvements
are also consistent when varying the cutoff threshold. This again shows the huge
potential of detecting symmetries jointly among an object collection.
Table 1 and Figure 5 compare our approach with baseline approaches for
joint map optimization. Our approach outperforms baseline approaches both in
the quotient space (i.e., after factoring out the self-symmetry) and in the original space. In particular, the relative improvements between our approach and
baseline approaches in the quotient space are higher than those in the original
space. This justifies the promise of joint map and symmetry optimization.
Timing. We employ a full observation graph on each category. The average running time on the same Desktop for each category is 560.1s, where functional map
conversion, joint map and symmetry recovery and point-based map extraction
take 38.2s, 313.1s and 208.8s, respectively.

7

Conclusions

In this paper, we have described an approach for joint map and symmetry synchronization. Our approach builds on a novel symmetry and map representation using the tensor operator. Based on the this representation, we introduce
a non-convex optimization scheme for recovering consistent symmetry groups
and pair-wise maps from noisy input. Experimental results demonstrate that
our approach is better than state-of-the-art methods for joint map synchronization without symmetry detection and symmetry detection from each object in
isolation.
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research from NSF DMS-1700234, a Gift from Snap Research, and a hardware
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47. Rodolà, E., Cosmo, L., Bronstein, M.M., Torsello, A., Cremers, D.: Partial functional correspondence. CoRR abs/1506.05274 (2015), http://arxiv.org/abs/
1506.05274 8

18

Sun Y., Liang Z., Huang X., Huang Q.

48. Rubinstein, M., Joulin, A., Kopf, J., Liu, C.: Unsupervised joint object discovery and segmentation in internet images. In: CVPR. pp. 1939–1946. IEEE
Computer Society (2013), http://dblp.uni-trier.de/db/conf/cvpr/cvpr2013.
html#RubinsteinJKL13 1
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A

Ambiguities When Encoding Correspondences

For example, when m = 4, the following two symmetry groups lead to the same
encoding:
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B

Proof of Propositions

B.1

Proof of Proposition 1

Let P ∈ [0, 1]m×m be any permutation in G. For any 0 ≤ i1 , j1 , i2 , j2 < m, we
have:
F(P ⊗ P )i1 m+i2 ,j1 m+j2 = 1
⇔(P ⊗ P )i1 m+j1 ,i2 m+j2 = 1
⇔Pi1 ,i2 = Pj1 ,j2 = 1
⇔vec(P )i1 m+i2 = vec(P )j1 m+j2 = 1
⇔(vec(P ) · vec(P )T )i1 m+i2 ,j1 m+j2 = 1
By summation over all the elements of P we finish the proof.
B.2

Proof of Proposition 1

Fact. 1 essentially says that the rank of F(Q) is equal to the size of G. Moreover,
let B be an arbitrary basis of the leading eigen-space of F(Q), then vec(P ), ∀P ∈
G are contained in the column space of B. It remains to show that one can
determine the corresponding coefficient vector cP for each self-symmetry P .
Consider a maximum orbit {i1 , · · · , i|G| }. Denote F = (e(i1 ,i1 ) , · · · , e(i|G| ,i|G| ) ) ∈
2

Rm ×|G| . Then for each element ij ∈ {i1 , · · · , i|G| }. It is easy to check that we
can solve the following linear system to uniquely recover the permutation Pj
that contains (i1 , ij ) as a correspondence:
F T BcPj = ej .

(19)

This ends the proof. Note that the proof utilizes the fact that the group size is
identical to the maximal orbit size.
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Proof of Proposition 2

We prove that M10 can be recovered from its tensor operator Q10 by showing
that M10 is a cyclic group. Specifically, although |S1 | may initially be different
from |S0 |, as long as there is one point i in S1 , which is mapped under E1 to
some point j in S0 , such that j has an orbit of size |G| under G. Then i becomes
a point with an orbit of size |M10 | under M10 . By definition this means M1 is
a cyclic group, and can be recovered with techniques provided in the proof of
Proposition 1.
B.4

Proof of Proposition 3

We prove that maps in M12 are perpendicular to each other by two steps. First
we add auxiliary points to S1 and S2 to make S1 , S2 and S0 of the same size.
Now P10 and P20 become bijections, or in other words S1 , S2 and S0 are of
the same size. Now the elements of M12 admit one-to-one correspondences with
the elements of G. In other words, all elements of S1 has an orbit of size |M12 |
0
under the maps. And for any P12 6= P12
∈ M12 , an element is always mapped
0
to different elements, indicating hvec(P12 ), vec(P12
i = 0.
We then remove all these auxiliary points from S1 and S2 . As a result,
columns and rows of each map P12 that corresponds to the auxillary points
0
will be removed. Since entries of P12 is either 0 or 1, hvec(P12 ), vec(P12
i remains
0 after the removal, which ends the proof.
B.5

Discussion on the Orthogonality of self-symmetries under the
functional-map representation

We provide an analysis on why the underlying functional maps vec(Xij ), Pij ∈
Mij are expected to be orthogonal to each other. If so, then clearly we will have
F(Yij ) · vec(Xij ) ≈ kvec(Xij )k2 vec(Xij ),
or in other words,
in
in 2
in
kF(Yij ) · vec(Xij
) − kvec(Xij
)k vec(Xij
)k

is a suitable formulation as a ”measurement” of each self-symmetry group.
Consider two permutations Pij and Pij0 from the underlying symmetry group.
We assume the non-zero elements of Pij and Pij0 do not overlap for simplicity.
By definition, we have
Xij = BjT Pij Bi ,

0
Xij
= BjT Pij0 Bi .

0
Now let us understand why vec(Xij ) is approximately orthogonal to vec(Xij
).
Denote mi as the number of points from Si . Let us first consider mi = mj = k,
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where Bi and Bj are square matrices. In this case
0
hXij
, Xij i = hBjT Pij0 Bi , BjT Pij Bi i

= Trace(BjT Pij0 Bi BiT PijT Bj )
= Trace(Bj BjT Pij0 Bi BiT PijT )
= Trace(Pij0 PijT )
= 0.
In the general case where k  min(mi , mj ), we use the a basic fact that Laplacian basis vectors are smooth, or in other words, we can find k samples from
each surface. Let B̃i and B̃j collect their corresponding columns, and P̃ij and
P̃ij0 be their corresponding maps on the sampled sets, then
k
k T
B Bi =
Ik ,
mi i
mi
k T
k
B̃jT B̃j ≈
Bj Bj =
Ik ,
mj
mj
k T
B̃jT P̃ij B̃i ≈
B Pij Bi ,
mij j
k T 0
B P Bi ,
B̃jT P̃ij0 B̃i ≈
mij j ij
B̃iT B̃i ≈

where mij = 1T Pij 1. Please refer to ([53]) for more details.
Now we have
0

0

hXij , Xij i = hBjT Pij Bi , BjT Pij Bi i
0
mi mj T
hB̃j P̃ij B̃i , B̃jT P̃ij B̃i i
≈
2
k
0
mi mj
hB̃j B̃jT P̃ij B̃i B̃iT , P̃ij i
≈
k2
0
≈ hP̃ij , P̃ij i = 0,
where the last equation is due to the fact that non-zero elements of P̃ij and P̃ij0
do not overlap.

C

Symmetry Group and Map Decoding via Alternating
Optimization

In this section, we describe details of the decoding scheme of symmetry groups
2
under the reduced representation. Specifically, let Wi ∈ Rk ×r be a basis of
the leading eigen-space of F(Yi0 ). In our experiments, we set r as the maximal
spectral-gap in the leading singular values of F(Yi0 ):


r = argmin λi F(Yi0 ) − λi+1 F(Yi0 ) .
1≤i≤k2 −1
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This strategy is motivated from spectral stability, i.e., eigen-values and the space
spanned by leading eigen-values are stable under-perturbation (c.f.[1]).
Given Wi , we optimize a coefficient matrix C = (c1 , · · · , cr ) ∈ Rr×r , whose
columns specify the underlying functional maps Xi,l , 1 ≤ l ≤ r, i.e., vec(Xi,l ) =
Wi cl . We also introduce the point-based maps Pi,l , 1 ≤ l ≤ r as latent variables,
which are optimized together with C:
min

r
X

Pi,l ,Xi,l ,1≤l≤r

kXi,l BiT − B T Pi,l k2F ,

s.t.

Ui cl = vec(Xi,l ), 1 ≤ l ≤ r.

l=1

(20)
In practice, we found (20) can be effectively solved via alternating minimization.
When C is fixed, Pi,l are given by nearest neighbor query. When Pi,l are fixed, C
is given by solving a linear system. In particular, we found the optimal solution
is insensitive to the initial C when factoring out the order of the underlying
maps {Xi,l }. We choose a random unitary matrix as the initial value for C.
Note that this procedure is applicable to symmetry group recovery on S 0 as
well.

D

Reweighted Non-Linear Least Squares for Optimizing
(16)

We combine spectral initialization and numerical optimization to optimize (16).
Spectral initialization is motivated from the success of computing the leading
eigenvectors of data matrices that store noisy pairwise maps to approximate
the underlying ground-truth maps [43,41,51]. Specifically, we construct a data
2
2
in
matrix Y ∈ Rnk ×nk , whose blocks are given by
( 1
√
Y in (i, j) ∈ E,
in
di dj ij
(21)
Y ij =
0
otherwise.
2

2

We then compute Z spec ∈ Rnk ×k , which stores the leading k 2 eigenvectors of
in
Y .
1
Given Z spec , we initialize Z in = s 2 Z spec by optimizing s to minimize
min
s≥0

X

kYijin − sZjT · Zi kF ,

(i,j)∈E

which leads to a convex program.
Given Z in , we employ reweighted non-linear least squares [10,20] to solve
(16), where we change the objective function to
min
Y,Z

X
(i,j)∈E

in
in 2
in 2
wij kF(Yij )vec(Xij
)−kvec(Xij
)k vec(Xij
)k +λkY −ZZ T k2F (22)
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Here wij are updated during the optimization process. More precisely, let Y (t−1)
denote the solution to (22) at iteration t − 1, we set the weights at the next
iteration as
1
(t)
, ∀(i, j) ∈ E.
wij = q
in )k2 vec(X in )k2
2
in
σt + kF(Yij )vec(Xij ) − kvec(Xij
ij
Here parameter σt = δ t is a geometrically decaying parameter, and we set δ =
0.95 in all of our experiments. We stop this truncated procedure when σt < 0.05
(t−1)
in
in all of our experiments. Note that in the limit, wij → 1/kF(Ŷij
)vec(Xij
)−
in 2
in 2
kvec(Xij )k vec(Xij )k , and (22) becomes to (16).
(t)

To solve (22), we alternate between optimizing Y and Z. Let Zi be the
(t)
current solution of Z. When Z is fixed, the optimal value of Yij is given by
(t)

(t) T

(t)

in
in 2
in 2
Yij = argmin wij kF(Yij )vec(Xij
) − kvec(Xij
)k vec(Xij
)k + λkYij − Zj
Yij

(t)

Zi k2F



(t) T (t)
in
in T
in 2
in
= F −1 (wij vec(Xij
)vec(Xij
) + λI)−1 (wij kvec(Xij
)k vec(Xij
) + λF(Zj Zi )) .
Given Y (t) , it is well known that (c.f.[35]) the optimal value of
1

Z (t) = Uk2 max(0, Σk2 ) 2 ,
where Uk2 and Σk2 collect the leading k 2 eigen-vectors and eigenvalues of Y (t) ,
respectively. Here max(·, ·)) is applied element-wise.

E

Optimizing (18) via Alternating Optimization

We apply alternating minimization to solve (18). Starting from Xi0 = Ik , 1 ≤
i ≤ n, we first fix Xi0 to find the optimal V via
V = argmin
V

=

0

n
X

n
X

kV 0 · Zi? T − ·(Xi0 ⊗ Xi0 )k2F

i=1
n
 X
−1
(Xi0 ⊗ Xi0 )Zi? + µIk2 ·
Zi? T Zi? + µIk2

i=1

i=1

We then fix V to solve for Xi0 . In this case, Xi0 are decoupled and we compute
each of them via

min kV Zi? T − Xi0 ⊗ Xi0 k2F ⇐⇒ min kF V Zi? T − vec(Xi0 ) · vec(Xi0 )T k2F
Xi0

Xi0

√
In this case, vec(Xi0 ) = λ · u, where λ and u are the leading eigenvalue and
eigenvector of F Zi? T V −1 , respectively. We then alternate between these two
operations until the difference between the value of V at consecutive iterations
kV (t+1) − V (t) k ≤ 10−4 .
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SymI-In SymI-Out SymII-In SymII-Out Input Huang[18] Zhou[59] Cosmo[6] Ours
68.2
81.3
64.9
76.9
47.7
62.9
64.6
63.8
69.4
65.3
78.4
60.1
75.2
51.2
61.6
57.7
58.2
67.5

Table 2. Results on ShapeCoseg. Symmetries are evaluated via annotated key points.
Inter-shape maps are evaluated via ground-truth semantic segmentations.

F

Ablation Study

We provide an ablation study to assess the stability of our approach with respect
to the input maps and basis dimension.
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Fig. 6. (a) Varying the input maps on SHREC07. (b) Varying the input maps on Sedan
and SUV. (c) Sensitivity of basis dimension k = 25.

Sensitivity to input maps. our approach is based on low-rank matrix recovery,
where exact recovery is only assumed when the fraction of noisy correspondences
is below a constant (which depends on the observation graph and the noise
pattern). To test this, we performed two ways of varying the input: 1) Fixing the
observation graph while replacing the input maps by SIFTFlow[32] for images
(Sedan and SUV) and SpectralMatching [55] for shapes (SHREC07), and 2)
Fixing the input maps while computing the observation graph by connecting
each object with k = 6 objects chosen at random. As illustrated in Figure 6(ab), we could see that when input maps are of reasonable quality, the gaps among
the output maps are smaller than those among the input maps. This justifies the
robustness to initial maps. However, when the input maps are bad (e.g, SIFT),
the output maps are better than the input maps, although they may be far from
satisfactory.
Basis dimension. The value of basis dimension k is insensitive. As illustrated
in Figure 6(c), we achieved similar performance on SHREC07 when using k = 20
and k = 30 eigen-vectors. We used k = 25 as a trade-off between efficiency and
accuracy.

G

Experiments on ShapeCOSEG

We also tested our approach on Aliens and Vase from ShapeCOSEG. The same
as SHREC07, the input maps are given by blended intrinsic maps [26]. Due to
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large shape variability, we evaluate with respect to the percentage of correspondences that map corresponding points of the same semantic labels (e.g., Handle
to Handle, Seat to Seat, and Leg to Leg). As shown in Table 2, the relative
improvements are consistent with those on SHREC07.

H

Additional Visualizations of Structure-From-Motion

In this section, we provide additional visualizations of the application of our
approach in multi-view structure-from-motion. For each dataset, we show the
(i) complete set of input images, (ii) matched feature points, and (iii) matched
feature points with color-coding.
H.1

Stool Dataset

These images are taken from
– https://www.bing.com/images/search?view=detailV2&ccid=csALKAny&
id=3A71463492BB5DBDBCEA4C5437F0E2ADAD746ED9&thid=OIP.csALKAnylzX82dyfXL4R0wHaHa&
mediaurl=http%3a%2f%2fwww.goodwinrentals.com%2fwp-content%2fuploads%
2f2014%2f12%2fBar-Stool-Natural1.png&exph=1000&expw=1000&q=stool&
simid=608015166573709810&selectedIndex=29&ajaxhist=0
– https://www.bing.com/images/search?view=detailV2&ccid=gPPtu5kL&
id=DE2D67D378C15E7F54A773AD123A57AB501E0DFB&thid=OIP.gPPtu5kLMoFZm8EAd4kxrQHaFH&
mediaurl=http%3a%2f%2fimages.hydra-lister.com%2fSimple_Value_Pair_
of_Wooden_Kitchen_Stools_Natural_Finish_Si_6_res.JPG&exph=1104&
expw=1600&q=Wood+Bar+Stools&simid=608030194630526318&selectedIndex=
95&ajaxhist=0
– http://redwood-data.org/3dscan/dataset.html?c=stool&i=5
– http://redwood-data.org/3dscan/dataset.html?c=stool&i=1024
– http://redwood-data.org/3dscan/dataset.html?c=stool&i=4074
– http://redwood-data.org/3dscan/dataset.html?c=stool&i=7072
–

H.2

Trash Container Dataset

These images are taken from
– http://redwood-data.org/3dscan/dataset.html?c=trash%20container&
i=724
– http://redwood-data.org/3dscan/dataset.html?c=trash%20container&
i=2163
– https://www.bing.com/images/search?view=detailV2&ccid=SzZtFlqt&
id=A593EF751C542D10F63AAAAE0FF4990C3988DA60&thid=OIP.SzZtFlqtUp3KgKeiEfzokwHaJA&
mediaurl=http%3a%2f%2fwww.recycleaway.com%2fassets%2fimages%2fproduct-photos%
2fRubbermaid%2f9W27-06.jpg&exph=1800&expw=1479&q=trash+container&
simid=608002178545289796&selectedIndex=2&ajaxhist=0
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Fig. 7. 16 input images of the Stool dataset, which include a mixture of product images
and real images.
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Fig. 8. Remaining feature points from our algorithm. The next paper shows their
correspondences.
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Fig. 9. Feature points with the same color indicate they are in correspondences. Our
algorithm nicely recover correspondences across different objects as well as symmetric
correspondences within each object
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– https://www.bing.com/images/search?view=detailV2&ccid=MFDa%2brat&
id=18267BE7C7B1184DECF1DFF6596E9BAAC5603006&thid=OIP.MFDa-ratDhUojYJcDid07AHaHa&
mediaurl=http%3a%2f%2fwww.southernspreadwing.com%2fwp-content%2fuploads%
2f2016%2f01%2fgalvanized-tubs-outdoor-trash-cans-garbage-cans-popular-rubbermaid-commerc
jpg&exph=1200&expw=1200&q=trash+container&simid=608017275342684266&
selectedIndex=16&ajaxhist=0
– https://www.bing.com/images/search?view=detailV2&ccid=TK7%2f47vf&
id=F5ECD230533BBD2B0FB99BD06B1B1ABEFC7199CF&thid=OIP.TK7_47vfYVpIEamZr0cwYgHaHa&
mediaurl=http%3a%2f%2fwww.homedepot.com%2fcatalog%2fproductImages%
2f1000%2fc3%2fc39f158e-532c-43df-8f8c-48ab5cb94248_1000.jpg&exph=
1000&expw=1000&q=trash+container&simid=608041949952148825&selectedIndex=
183&ajaxhist=0
– https://www.bing.com/images/search?view=detailV2&ccid=F1GoBpW8&
id=04A3A89945F9FD53F8324AF20FB6EFE8B2C24BEA&thid=OIP.F1GoBpW8xwSEoqrHoJVyJAHaHa&
mediaurl=http%3a%2f%2fi.ebayimg.com%2fimages%2fi%2f122026422594-0-1%
2fs-l1000.jpg&exph=1000&expw=1000&q=trash+container&simid=608004734068787556&
selectedIndex=281&ajaxhist=0 https://www.bing.com/images/search?
view=detailV2&ccid=5m%2bkMT89&id=C32FB46940C84FE7EDC8B7BAED9A1B9DD667C6A6&
thid=OIP.5m-kMT89I576dn6gQqO1yQHaHa&mediaurl=http%3a%2f%2fi.ebayimg.
com%2fimages%2fi%2f201174021424-0-1%2fs-l1000.jpg&exph=1000&expw=
1000&q=trash+container&simid=608018366262217943&selectedIndex=403&
ajaxhist=0 https://www.bing.com/images/search?view=detailV2&ccid=
awYEDRK1&id=C4EA49CD89132F6817A9C98CC7E658F5982D890B&thid=OIP.awYEDRK1qmUo-c0w5E4AfAHaGw
mediaurl=http%3a%2f%2fcdn2.buschsystems.com%2fwp-content%2fuploads%
2f2015%2f02%2frecycling-waste-carts_full-1-1000x912.jpg&exph=912&
expw=1000&q=trash+container&simid=608021149448472718&selectedIndex=
427&ajaxhist=0
– https://www.bing.com/images/search?view=detailV2&ccid=TTJlE%2f9W&
id=767D880E207F956142C449F658B9E089F9BA9CB2&thid=OIP.TTJlE_9WIBm1hj9r6O0TMwHaHa&
mediaurl=https%3a%2f%2fimages.homedepot-static.com%2fproductImages%
2f21c0bfca-1cf5-4a21-a13f-fb69bac52254%2fsvn%2ftoter-commercial-trash-cans-25564-r1705-6
1000.jpg&exph=1000&expw=1000&q=trash+container&simid=607990960103755762&
selectedIndex=689&ajaxhist=0
– https://www.bing.com/images/search?view=detailV2&ccid=fE0km6uT&
id=08E2BDB9A14DAAFC448D8CCF398DCC2498D77284&thid=OIP.fE0km6uTzpFhDRsw-ipJPwHaHa&
mediaurl=http%3a%2f%2fcdn3.volusion.com%2fruru6.74p94%2fv%2fvspfiles%
2fphotos%2fE24GKY88311-2.jpg&exph=1500&expw=1500&q=Commercial+Trash+
Containers&simid=608002032509257402&selectedIndex=19&ajaxhist=0
– https://www.bing.com/images/search?view=detailV2&ccid=quQ%2bqhhE&
id=6110BE0D5B7D0D6BF42BE2A32FAE4F1EEF3E83BC&thid=OIP.quQ-qhhEIKF6H_
V4J6mF5AHaHa&mediaurl=https%3a%2f%2fimages.homedepot-static.com%
2fproductImages%2f2f6d03c6-51a7-4500-9bda-84104f7d698b%2fsvn%2frubbermaid-commercial-pro
1000.jpg&exph=1000&expw=1000&q=Commercial+Trash+Containers&simid=
608054169098454705&selectedIndex=182&ajaxhist=0 https://www.bing.
com/images/search?view=detailV2&ccid=Jk3qP4KZ&id=754BEA5CE735592803D648D36EEEDA5A79E67525
thid=OIP.Jk3qP4KZSpJUXYvo35L-lwHaHa&mediaurl=https%3a%2f%2fgospelalliancene.
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com%2fwp-content%2fuploads%2f2017%2f11%2fexciting-cardboard-trash-cans-home-depot-kitche
jpg&exph=1500&expw=1500&q=Commercial+Trash+Containers&simid=607992918592456652&
selectedIndex=374&ajaxhist=0
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Fig. 10. 16 input images of the Trash Container dataset, which include a mixture of
product images and real images.
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Fig. 11. Remaining feature points from our algorithm. The next paper shows their
correspondences.
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Fig. 12. Feature points with the same color indicate they are in correspondences. Our
algorithm nicely recover correspondences across different objects as well as symmetric
correspondences within each object

