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Abstract—Learning similarity of two images is an important
problem in computer vision and has many potential applications.
Most of previous works focus on generating image similarities in
three aspects: global feature distance computing, local feature
matching and image concepts comparison. However, the task
of directly detecting class agnostic common objects from two
images has not been studied before, which goes one step further
to capture image similarities at region level. In this paper, we
propose an end-to-end Image Common Object Detection Network
(CODN) to detect class agnostic common objects from two
images. The proposed method consists of two main modules:
locating module and matching module. The locating module
generates candidate proposals of each two images. The matching
module learns the similarities of the candidate proposal pairs
from two images, and refines the bounding boxes of the candidate
proposals. The learning procedure of CODN is implemented in an
integrated way and a multi-task loss is designed to guarantee both
region localization and common object matching. Experiments
are conducted on PASCAL VOC 2007 and COCO 2014 datasets.
Experimental results validate the effectiveness of the proposed
method.
Index Terms—Common object detection, siamese network,
relation network.

I. I NTRODUCTION

H

UMAN can easily discover the similarities of two
images. For computer vision, how to measure image
similarity is also an important and fundamental problem,
which has many potential applications in image search [1],
[2], recognition [3] and recommendation [4]. Most of previous
works generate image similarities mainly in three aspects.
The first one is computing distance of global image features,
which is a common technique for content based image search
[5], [6] and a basic procedure for image recognition. The
second one is local feature matching, which has been used
for partial-duplicate [2], [7] or instance [8], [9], [10] image
retrieval. The last one is to indirectly compare the concepts
detected from two images, which has been used for concept
based image search or recommendation [1]. Different from
the above solutions, in this paper, we focus on the problem of
directly discovering common objects in two images, regardless
of whether we know the object category or not. For objects in
real word, it means something that is visible or tangible and
is relatively stable in form. In this work, we work on common
object detection from the widely existed 2D images, which
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Fig. 1. Given two images, the image common object detection task is to detect
common object region pairs. The same color bounding boxes are considered
as common object region pairs.

are projected from real world. Objects in images usually have
one of the following characteristics. (a) a well-defined closed
boundary, (b) a different appearance from their surrounding,
(c) unique within the region and stands out as salient [11]. And
they vary in scales in images and can be distinguished by a
variety of factors, such as color, texture and actual function
[12], [13]. In many cases, common objects existed in two
images are diverse and are not restricted to a limited concept
vocabulary. How to find the class agnostic common objects
and locate the common object regions is a challenging problem
and has not been explored before.
As shown in Figure 1, given two different images, the goal
of this work is to detect common object regions. The output are
a set of < objia , objjb > common object pairs, where objia , objjb
are ith bounding box of image a and j th bounding box of
image b respectively. Different from object detection, the <
objia , objjb > pairs should be detected simultaneously instead
of being obtained by two times of object detection. Moreover,
in the training stage, our work uses the data without object
labels (except that we use the labels to prepare the ground
truth common object pairs) and the outputs are class agnostic.
Compared with local feature based image matching, our task
is more general and is not restricted to the same instance or
objects with similar texture patterns.
Our task is different from other tasks like image recognition,
object detection, image retrieval etc. Table I lists the detailed
comparison of our work with related tasks. Recognition,
few-shot recognition and retrieval focus on the image level,
segmentation focuses on pixel level, and our proposed task
focuses on region level. Different from object detection which
only detects objects in one image, our proposed task tries to
locate and match similar objects from two images simultaneously. Co-segmentation, co-detection, co-generate object proposal and co-localization leverage the accumulate information
of a set of images which contain objects of one category.
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However, our proposed task takes two images as input, and
only uses pariwise objects without category information for
training. Besides, this task is class agnostic thus it has the
ability to deal with unknown category. We will discuss the
differences of these tasks specifically in related work.
The challenges of image common object detection lie in
the following aspects. First, a unified learning model with two
images as input and their common object regions as output
should be established. Second, region proposal localization
and similar region comparison should be computed in an
integrated way. Third, the learning model should be unaware of
object class both for the procedures of locating the candidate
regions and comparing the region similarities.
In this paper, we introduce the model of Common Object
Detection Network (CODN) to detect common objects of two
images. Our model calculates similarity of candidate regions
and locates common objects in an end-to-end fashion. In
particular, our proposed CODN uses locating module, which
contains two Region Proposal Network (RPN), to generate a
set of candidate proposals. Like Faster RCNN [14], which
shares convolutional feature maps between RPN and object
detection, our CODN also shares convolutional feature maps
with the locating module to reduce computational cost. Compared with the RPN of Faster RCNN, our locating module
uses two different images as input and generates corresponding
candidate proposals respectively. In addition, we establish
the matching module to calculate similarities of candidate
proposal pairs, and refine bounding boxes of common objects.
For calculating similarities of candidate proposal pairs, we
propose two different networks in matching module. One
is siamase matching network which leverages the Siamese
Networks [15] to learn the similarities of candidate proposals.
Another is relation matching network which is inspired by
Relation Network[16], tries to learn a transferrable deep metric
for comparing the relation between candidate proposals. Both
siamese matching network and relation matching network can
learn a metric to compare object similarities without knowing
category information beforehand.
The contributions of this paper are summarized as follows:
• The task of image common object detection is introduced,
and an end-to-end class agnostic image common object
detection network (CODN) is proposed.
• CODN can simultaneously locate candidate regions
and compare region similarities. This is achieved by
the proposed multi-task loss function, which contains
matching loss, bounding box regression loss, and foreground/background classification loss.
• To evaluate the performance of our work, we conduct
experiments on images from PASCAL VOC 2007 and
COCO 2014 dataset. Experimental results validate the
effectiveness of the proposed method.
II. R ELATED W ORK
A. Object Detection
Given an image, object detection identifies a set of objects
in the image, providing both their pre-defined categories and
corresponding bounding box offsets [17], [18], [19]. Accurate
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localization of objects in images requires both generating wellprocessed proposals and refining boxes with precise locations.
Object proposal generation methods for object detection can be
generally classified into two types: unsupervised approaches
such as Selective Search [12], EdgeBoxes [20], and supervised
region prediction based on learned deep features from CNNs
like RPN [14]. The latter has become increasingly popular
since proposal generation can be simply performed using
one CNN forward pass with near real-time speed. With a
minor sacrifice in accuracy, it is possible to integrate the
proposal network into an end-to-end training detection system,
enabling higher detection efficiency [21], [22]. [23] proposes a
sequential region proposal network which leverages deep reinforcement learning to train a sequential attention mechanism.
Other related work like [24] introduces a quadrangle Gaussian
training label matrix to fully explore the boundary information
of the target object in target translation detection. In this work,
we locate common objects from two images in an end-to-end
framework, instead of the traditional locating object candidate
from one image. The category information of object detection
and the category information of our proposed common object
detection are region level because our proposed method is
a detection task in essence. Both of these two tasks have
bounding boxes information. However, Object detection is
limited to detecting object of already seen categories from one
image while common object detection is class agnotic and has
the ability to detect common objects of unknown categories
from two images.
B. Visual Relationship Detection
Visual relationship detection not only detects objects in an
image, but also provides their interactions [25], [26]. In earlier
works, some base relationships are exploited to assist other
computer vision tasks. For example, some spatial relations like
“below”, “above” are exploited for object categorization [27]
and segmentation [28], and co-occurring relation is employed
to assist scene classification [29]. Recently, the task of relationship detection, proposed by [25], is to detect objects and
represent the relations of two objects in triplets. To meet this
task, Zhang et al. [26] propose relationship proposal networks
to learn whether the two proposals exist relationships. These
relationship proposal networks take one image as input to
generate three types of different proposals with their different
RPNs, while our work takes two images as input to generate
corresponding proposals with the same objects.
C. Few-shot Recognition
Few-shot learning is to recognize object with only few-shot
samples of each category, such as one-shot sample, few-shot
samples. As an early attempt, Fei-Fei et al. [30] propose a
variational Bayesian framework for one-shot image classification, and a notable method called Hierarchical Bayesian
Program Learning, is later proposed by Lake et al. [31],
reaches human level error on the few-shot learning alphabet
recongition tasks. More recently, a variety of methods, are
proposed to handle the few-shot learning problem, which can
be summarized into two kinds of approaches. The first one is
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TABLE I
COMPARISON WITH DIFFERENT TASKS

Tasks
Recognition
Few-shot recognition
Detection
Retrieval
Segmentation
Co-segmentation
Co-detection
Co-localization
Co-generate object proposal
Common object detection

Image Number
One
One
One
One
One
Multiple
Multiple
Multiple
Multiple
Multiple

Input
Bounding Box
No
No
Yes
No
No
No
Yes
No
No
Yes

metric learning approach, and these approaches aim to learn a
set of projection functions that take query and sample images
from the target problem and classify them. These work focus
on learning embeddings that transform the data such that it
can be recognized with a fixed nearest-neighbour or linear
classifier [15], [32], [33] . Specifically, Koch et al. [15] employ
Siamese Networks for embedding learning, and [33] present
an end-to-end trainable K-nearest neighbors using the cosine
distance. In this paper, we leverage the Siamese Networks [15]
to learn the similarities of objects. The second approach is
meta-learning, and these approaches extract some transferable
knowledge from a set of auxiliary tasks, which helps them
to learn the target few-shot problem well without suffering
from the overfitting that might be expected when applying
deep models to sparse data problems. Few-shot recognition is
different from our proposed common object detection. Firstly,
the common object detection is to detect common objects in
region level from each two images while the few-shot recognition only recognizes the category in image level of each image.
Secondly, there is class specific information available for fewshot recognition while the common object detection only uses
information in pairs without specific class information to train
the model. Therefore, our proposed common object detection
is more intractable comparing with few-shot recognition.
D. Image Retrieval
The task of image retrieval aims to retrieve relevant images
from the database given a query image [34], [35], [36]. In
recent years, the popularity of SIFT-based models seems to
be overtaken by the convolutional neural network (CNN), a
hierarchical structure that has been shown to outperform handcrafted features in many vision tasks. In retrieval, competitive
performance compared to the BoW models has been reported,
even with short CNN vectors [35], [36]. The CNN-based
retrieval models usually compute compact representations and
employ the Euclidean distance or some approximate nearest
neighbor search methods for retrieval. In the CNN-based
retrieval methods, CNN features can be extracted in an end-toend manner through a single pass to the CNN model, and the
visual representations exhibit improved discriminative ability
[35]. [37] integrates Gabor filers into CNN to learn features
which is resistant to the orientation and scale changes. Other
Method which using vector quantization (VQ) techniques [38]
also facilitates efficient largescale similarity search. Different

Annotated Label
Image Label
Image Label
Region Label
Pixel Label
Region Label
-

Test Novel
Category
No
No
No
No
Yes

Class
Agnostic
No
No
No
No
Yes
Yes
Yes
Yes
Yes

Output
One Image Label
One Image Label
Multiple Region Labels
Multiple Images
Multiple Pixel Labels
Same Pixels
Same Object Regions
Same Object Regions
Same Object Proposals
Object Region Pairs

with image retrieval, the task proposed in this paper goes one
step further to discover region level image similarities of two
images. In this work, we also employ convolutional neural
network as a tool to learn image representations.
E. Other tasks with multiple images as input
Co-segmentation. The goal of co-segmentation [39], [40]
is to segment shared foreground object instances in pixel level
from multiple images, while our work is to detect common
objects in region level from two images. Different tasks lead
to different technical solutions. However, as pointed out in
[41], co-segmentation lacks the ability to deal with multiple
instances while our work has the ability to detect multiple
common objects in images. For instance, if there are two
images both have a dog and a person, co-segmentation only
segments foreground objects of the same categories, while
common object detection not only finds these objects but also
matches similar objects from different categories as a pair.
Co-detection. Co-detection [41] detects and matches the
same object instances in a set of images. In contrast, our
work focuses on detecting and matching objects in the same
category. Our work is more general compared with object codetection. Moreover, the task of co-detection includes label
information in both training and test procedures. However, the
object labels are not used in our task. In this way, the potential
applications of these two tasks are different.
Co-generate object proposal. The goal of co-generate
object proposal [42] is to obtain better object proposals by
leveraging the collective information contained in a set of
object candidates. But region proposal is only one step in our
work, whose final goal is to detect common objects in two
images.
Co-localization. Another similar work is image colocalization [43], [44], [45] which is also called unsupervised
object discovery. The task of co-localization is to locate objects from multiple images containing objects from one same
category. Common objects detection aims to detect common
objects. This is also obviously different with our task. Besides,
compared with the task of unsupervised object discovery and
localization, our task not only generates objects proposals but
also outputs common object pairs.
III. T HE P ROPOSED F RAMEWORK
Our proposed framework, Common Object Detection Net-
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Fig. 2. Common Object Detection Network framework. The components of the CODN are locating module and matching module. Two images as a pair are
fed into the locating module to generate candidate proposals. The locating module outputs candidate proposals and corresponding feature maps. The matching
block takes these candidate proposals as input and outputs the similarities of each two candidate proposals and refined bounding boxes. The upper branch
and the below branch share the same parameters.

work (CODN), is illustrated in Figure 2, which takes two
images as input to detect common objects. The framework
contains two modules: locating module and matching module.
The locating module generates candidate proposals of each
two images, and the matching module uses these candidate
proposals to learn the similarities and refine the bounding
boxes of the candidate proposals. These two modules are
learned together in an end-to-end way to train the network
parameters. We will discuss each module in this section,
and finally provide the detailed descriptions of the training
procedure and model inference.
A. Problem formulation
Given two images I1 and I2 , the common object detection
task aims to output a set of common object pairs of two
images:
o
[n j
O(I1 , I2 ) =
obj1 , obj j1
(1)
where obj1i and obj2j are ithnobject of image
I1 and jth object
o
of image I2 , respectively. obj1i , obj j2 is a common object
pair. The goal of our work is to detect common object pairs in
a class agnostic way, which means it should detect common
object pairs no matter the common object pair is seen or not
during training.
Formally, we have two data split sets: a training set Dtrain
and a testing set Dtest . Each split set consists of image pairs
containing common objects, i.e.
Dtrain =

[

{Ii , Ij }

(2)

where Ii and Ij are individual images in training set and
each image may be taken more than one time to construct
the image pairs. The test set takes the same formulation and
the individual images of these two split sets do not overlap.

It is worthy to note that, our work focuses on learning
common objects of two images, where the categories of objects
are unknown, while the target of few-shot recognition is to
recognize categories of images. Our work is class agnostic,
which aims to detect common object pairs without annotated
category information. To meet this requirement, our proposed
task has similar plight with few-shot recognition. In few-shot
recognition, the learning strategies contain learning to compare
the similarities of objects and learning to learn the essence of
object trained on a distribution of similar tasks. We use the
learning strategy to compare for the common object detection
in this paper.
B. Locating module
The locating module is used to generate candidate proposals.
This module contains two Region Proposal Networks (RPNs),
which are leveraged to generate candidate proposals from the
corresponding images. In this work, the two RPNs share the
network structure and the learned weight, and the optimization
objective of each RPN for image I is defined as:
LRP N (I) = Lcls (Fc (P ), C) + λRP N 1 (C)Lreg (Fb (P ), B)
(3)
where the first term computes the classification loss in the
form of cross entropy, the second is the smooth L1 loss [18] for
bounding box regression, λRP N is served to balance these two
losses, 1 (C) is the identity function to mark out the regression
loss of background category, C is ground-truth class set of the
set of anchors P , B are the ground-truth locations, and Fc (P )
and Fb (P ) are outputs of the locating module which represents
class score and bounding box location, respectively. Note that,
since the locating module is class agnostic, the ground-truth
class set C is only composed of two class, i.e., background or
foreground.
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Fig. 3. Siamese matching network. Using features of each proposal pair to
compute the cosine distance.

C. Matching module
As shown in Figure 2, the matching module takes candidate
proposals to learn the similarities of candidate proposal pairs
and refine their bounding boxes. In this work, we refine
bounding box of the proposal in both modules due to the
following reason: we can obtain more correct object regions
and further improve our common object detection with a
two-step strategy, which has been proved to be effective to
learn more precise regions [14]. In addition, the similarities
of candidate proposal pairs are calculated and similar objects
are located simultaneously, where the learning of common
region is influenced by the calculation of similar proposals.
The optimization function of this module for two images is
defined as:
LM M (I1 , I2 ) =

P2

1 Lref (Ii )

+ λLmat (I1 , I2 )

(4)

Lref (I) = Lcls (Fc (P ∗ ), C) + λref 1 (C)Lreg (Fb (P ∗ ), B)
(5)
P2
where 1 Lref (Ii ) denotes the location refinement losses of
two images in an image pair, Lmat denotes the matching
loss of proposal pairs, and λ is the hyper-parameter to combine these two losses. The Lref (I) takes the same form as
LRP N (I) but with the hyper-parameter as λref , and another
difference is that the input to RPN is anchors P and the input
to matching module is the candidate proposals P ∗ .
After getting two proposal sets P1 and P2 for two images I1
and I2 , we first filter out proposals which are
n background and
o

obtain P1+ = pi1 | i = 1, ..., m and P2+ = pj2 | j = 1, ..., n .
Then the valid proposal pair set P S(I1 , I2 ) which only contain
foreground proposal pairs is constructed by calculating the
Cartesian product of P1+ and P2+ .
P S(I1 , I2 ) = P1+ × P2+

(6)

After this operation,
we obtain the valid proposal
n
o pair
j
i
set P S(I1 , I2 ) = (p1 , p2 ) | i = 1, ..., m, j = 1, ..., n . As in
Faster RCNN, the proposals of each image are dynamically
compared with ground truth to get their regression and classification targets, i.e., bounding box offsets and object class
labels. Thus, accoding to the targets, the valid pairs are further
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divided into positive and negative pairs with the following
principle: if the targets of two proposals as a pair belong to the
same object categories, the pair is regarded as positive pairs,
while those with different categories are regarded as negative
pairs.
In the next paragraph, we describe two different matching
networks in detail. These matching networks are utilized for
common object detection since the matching networks have
abilities to learn a similarity metric, which has demonstrated
to be effective in the recent researches of few-shot learning. In
this paper, we use two types of matching networks, siamese
network [15] and relation network [16]. The main reason is:
the two networks do not need the support set for training, while
some other works of few-shot learning must train in the form
of support set. In our experimental scenario, the candidate
proposals of each image are uncertainty, which are difficult to
form the support set.
1) Simaese matching network: The essential purpose of
matching module is to compare the similarity of proposal
pairs. We first try to learn a robust and generic representation
and use simple similarity metric to compute the similarity
of proposal pairs. Deep embedding learning methods attempt
to create an embedding space, where representations in this
embedding space are more discriminative. Siamese network
[15] is one of deep embedding learning approaches which
has two shared weights branches to implicitly encode data
into embedding space and compute the distance of feature
representations produced by the two branches. It is usually
used for comparing features of two branch in an implicitly
embedding space especially for contrastive tasks. We utilize
the siamese matching network to compute matching loss
of valid proposal pairs to learn discriminative features, i.e.,
the distance of proposals of positive pairs should be small
and negative pairs be large. Our proposed siamese matching
network is illustrated in Figure 3.
The matching loss Lsia
mat (I1 , I2 ) of the siamese matching
network is computed on P S(I1 , I2 ). We use the cross-entropy
loss [15] as the objective function. That is, for two images I1
and I2 , the loss function is formulated as
1
Lsia
mat (I1 , I2 ) = z

P

1 (pi1 , pj2 ) log Sim(pi1 , pj2 )

(pi1 ,pj2 )∈P S(I1 ,I2 )

+ (1 − 1 (pi1 , pj2 )) log(1 − Sim(pi1 , pj2 )) (7)
where z is the normalizer, 1 (pi1 , pj2 ) is the identity function,
in which 1 (pi1 , pj2 ) = 1 when (pi1 , pj2 ) is a postive pair
otherwise 1 (pi1 , pj2 ) = 0. Sim(pi1 , pj2 ) is the similarity function
of proposal pair (pi1 , pj2 ), where we use cosine distance to
measure the similarity.
Sim(pi1 , pj2 ) =

f (pi1 ) · f (pj2 )
||f (pi1 )|| ||f (pj2 )||

(8)

where f (p) means the feature of each proposal after fullyconnected layers.
2) Relation matching network: Inspired by [16], we also
propose a relation matching network to learn the region
similarity between feature maps of proposal pairs. Same as

1057-7149 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TIP.2019.2891124, IEEE
Transactions on Image Processing
IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. XX, NO. X, MAY 20XX

where Rel() is the relation score of proposal pair (pi1 , pj2 ) and
grel is the relation module illustrated in Figure 4. concat()
means the concatenate operation of two feature maps of
frel (pi1 ) and frel (pj2 ) after RoI pooling. Same as [16], we
use MSE loss as objective function because we can take this
approach as a regression problem to predict similarity scores.
Furthermore, it is proved in [16] that using MSE is better than
using common cross-entropy.

Class agnostic
bbox regression
Back/foreground
classification

Concat
Feature
Maps

Relation
Score

6

Matching
Loss

Relation Module

D. Training and Inference
We minimize an objective function following the multi-task
loss in Faster RCNN. In order to combine the proposed two
modules, the final loss function for two images is defined as:

Class agnostic
bbox regression
Back/foreground
classification

L(I1 , I2 ) =
Fig. 4. Relation matching network. After concatenating two feature maps, the
concatenated feature maps are fed into relation module. The relation module
consists of three convolutional blocks and two fully-connected layers.

the siamese matching network, the relation matching network
also learns a deep embedding. One difference mentioned in
[16] is that the siamese matching network uses a fixed metric
like Euclidean distance or cosine similarity while the relation
matching network aims to learn a transferable deep metric
which is a learnable non-linear metric. Besides, this approach
is proved to outperform siamese network and other approaches
like [32], [33] in few-shot learning. Therefore, we utilize this
idea to learn a better comparator for learning the similarities
of proposal pairs.
As illustrated in Figure 4, the relation module consists of
three convolutional blocks and two fully-connected layers.
Each of convolutional block is a 3 × 3 convolution with 512
filters followed by batch normalization, ReLU non-linearity
and 2 × 2 max-pooling. The first fully-connected layers is 128
dimensional with ReLU and the second fully-connected layers
is 1 dimensional with sigmoid in order to generate relation
scores between 0 and 1. First the locating module generates
candidate proposals, and each candidate proposal pair is inputted to the RoI pooling layer to obtain two 7×7×512 feature
maps. Then the two feature maps are concatenated and fed to
the relation module to learn their relations. Compared to the
architecture of relation module proposed in [16] which only
has two convolutional blocks for 3 × 3 × 64 feature maps,
we use three convolutional blocks in the relation matching
network as we have larger feature maps (7 × 7 × 512 for
VGG16) and need a deeper architecture to learn the relation.
The matching loss of relation module Lrel
mat (I1 , I2 ) is also
computed on P S(I1 , I2 ). The loss function is formulated as
1
Lrel
mat (I1 , I2 ) = z

P

1 (pi1 , pj2 )(Rel(pi1 , pj2 ) − 1)2

(pi1 ,pj2 )∈P S(I1 ,I2 )

+ (1 − 1 (pi1 , pj2 ))Rel(pi1 , pj2 )2

Rel(pi1 , pj2 ) = grel (concat(frel (pi1 ), frel (pj2 )))

(9)

(10)

P2

1 LRP N (Ii )

+ LM M (I1 , I2 )

(11)

During training, the matching module takes a fixed number
of proposals of two images as input, and then constructs
proposal pairs for similarity matching. In terms of the number
of proposal pairs, we select 64 proposals of each image to
achieve a tradeoff between efficiency and effectiveness. Thus,
the setting of 64 proposals of each image leads to 4096
proposal pairs. More proposals can be selected for training to
further improve the performance but requiring more training
time and GPU capacity to cope with more pairs.
While in model evaluation and inference, we usually obtain
more than 64 proposals (∼ 300) for each image, and thus
get much more than 4096 proposal pairs. For the lack of class
information, we compute similarities of all these proposal pairs
and sort them according to the matching score, and use the topk proposal pairs of matching score for evaluation or inference.
IV. E XPERIMENTS
We evaluate our model by localizing common objects in
each two images. To our best knowledge, we are the first
to study common object detection of two images, hence
we demonstrate the necessity and superiority of our method
over several strong baselines derived from individual object
proposals of single image. We conduct experiments and report
results based on two datasets: PASCAL VOC 2007 [46] and
COCO 2014 [47]. Besides, we mainly evaluate detection
Average Precision (AP) rather than mean Average Precision in
object detection, because this is a class agnostic detection task.
A true postive common object pair must satisfy the following
principles:
• The IoUs between detection boxes in this pair and
ground-truth boxes are larger than a setting IoU threshold.
• The ground-truth boxes matched with this pair belong to
the same object categories.
A. Experimental Setup
Evaluation Settings. We design the following two experiments and evaluate AP rates in various settings:
• 500 Pairs of proposals, varying IoU thresholds. We fix
the number of pairs of proposals as 500, leading to about
22 object proposals of each image. We use 0.5, 0.6, 0.7
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TABLE II
AP (%) VALUESS ON VOC 2007

BY

500

PROPOSALS . “I O U≥ T ” MEANS THAT BOTH THE I O U OF THE PREDICTED BOUNDING BOXS AND THE GROUND
TRUTH BOUNDING BOXES EXCEED THE THRESHOLD T .

500 Pairs
Faster RCNN Feature
Faster RCNN Class (hard)
Faster RCNN Class (soft)
Ours (siamese)
Ours (relation)

IoU≥0.5
16.39
15.82
10.51
21.74
28.93

ONC
IoU≥0.6
12.12
11.28
8.75
15.10
18.23

IoU≥0.7
8.01
6.88
6.10
7.25
10.78

TABLE III
AP (%) VALUES ON VOC 2007
IoU≥0.5
Faster RCNN Feature
Faster RCNN Class (hard)
Faster RCNN Class (soft)
Ours (siamese)
Ours (relation)

100
16.38
15.76
10.55
21.87
25.35

ONC
500
1000
16.39
16.40
15.82
15.80
10.51
10.48
21.74
21.72
25.33
25.33

for Intersection over Union (IoU) thresholds and report
AP rates of common proposals where the two objects
overlap with ground truth by at least the threshold.
• IoU≥0.5, varying number of proposals. We fix the IoU
threshold as 0.5, and generate 100, 500, 1000 and 2000
pairs of proposals for baselines and our models. Both for
baselines and our model, we directly select the top 100,
500, 1000 and 2000 proposals ranked by the matching
scores. The matching score is calculated by the following
equation:
Scoremat = Scorepi1 ∗ Scorepj ∗ Sim(pi1 , pj2 )1/2
(12)

•

EONC
IoU≥0.6
35.33
32.21
32.11
22.73
24.87

IoU≥0.7
22.21
19.21
19.50
11.81
16.38

WITH I O U≥0.5.

2000
16.39
15.80
10.48
21.71
25.33

•

IoU≥0.5
44.99
42.72
41.66
32.81
37.23

100
44.81
42.56
41.66
32.69
37.74

EONC
500
1000
44.99
44.98
42.72
42.72
41.57
41.60
32.81
32.80
37.23
37.76

2000
44.98
42.72
41.60
32.80
37.75

Faster RCNN Class (soft). In this setting, we get the
similarity scores with the same way as Faster RCNN
Feature but using the probabilities of proposals instead
of features of fully connected layers.
Faster RCNN Class (hard). We also get the probabilities
here, but set up Sim(pi1 , pj2 )=1 when the class of maximal probability of pi1 and pj1 are the same, otherwise
Sim(pi1 , pj2 ) = 0. That is, only the proposal pairs with
the same category detected by detecion model are treated
as candidate common object regions.

2

where
is the i proposal in the image I1 , and pj2 is the j th
proposal in the image I2 , Scorepi1 and Scorepj are the object
2
probability of the proposal pi1 and the proposal pj2 respectively,
Sim(pi1 , pj2 ) is the similarity score of the proposal pi1 and pj2 .
Here, we apply the cosine similarity in the siamese matching
network or the relation score in the relation matching network.
Note that, we introduce Scorepi1 and Scorepj to keep the
2
proposals more object-like.
Baseline Model. Our goal of studying the following baseline models is to evaluate the performance of common object
detection generated by some intuitive strategies with a standard
detection model. Specifically, given two images, we can use
a standard detection model to detect them one by one, and
get some necessary outputs for calculating matching score,
e.g., feature vectors of a fully connected layer or probability,
to achieve common object detection. The training data with
category information is used to train a Faster RCNN model.
After that, we calculate the matching scores by using eq
(12), but with corresponding ways to calculate the similarity
score Sim(pi1 , pj2 ), which lead to the following three baseline
models:
• Faster RCNN Feature. First, features of the last fully
connected layer are extracted for each proposal. Then we
use the extracted features to calculate the similarity scores
of proposal pairs. Note that, this is the same with our
CODN with siamese matching network during inference.
pi1

th

B. PASCAL VOC 2007
We conduct extensive experiments on the widely used
PASCAL VOC 2007 detection dataset. This dataset contains
5k trainval images and 5k test images over 20 object categories. Because our task requires pairs of images as input,
we construct a common object dataset based on the PASCAL
VOC 2007 detection dataset. To guarantee the image pairs
containing at least one common object pair, we match each
image pair in the PASCAL VOC 2007 based on the condition
that each image pair has at least one object pair of the same
category. After overall matching, the total number of image
pairs is up to about 2.77 millions where the images come
from the PASCAL VOC 2007 trainval set, and the total number
of image pair is up to about 2.71 millions where the images
come from the test dataset. The number of image pairs is
huge and it is time-consuming to run all the image pairs
in our experiments. Therefore we sample a subset from it.
For each image I in the PASCAL VOC 2007 trainval set,
we generate a candidate image list from remaining images
in trainval set. Images in this candidate image list contain at
least one common object pair with the image I. We randomly
sample 20 images in the candidate image list to form 20 image
pairs for each image I. The procedure of generating test set
follows the same sampling strategy but with different dataset.
Another difference is that we randomly sample 6 images in
the candidate image list to form 6 image pairs. After filtering
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repeated image pairs, we obtain 81,158 image pairs as our
trainval dataset and 29,367 image pairs as our test dataset.
For training and testing, we randomly sample 15 categories
as base categories and take the rest 5 categories as novel
categories. We then leverage the image pairs which only
contain the base categories as our training dataset. This process
is carried out for five times, and the average number of the
image pairs of training dataset is up to 63,944, which contains
4,036 images in the PASCAL VOC 2007 trainval dataset.
Since the base categories in each time of random sampling
are different, we obtain five different training datasets in total.
Similarly, we need to pick out the corresponding test dataset.
In order to test class-agnotic ability of our method and
baselines, the test dataset is selected in two ways:
(i) The image pair only contains the previously-unseen 5
novel categories which are not appear during training (i.e.
ONC).
(ii) The image pairs sets excludes (i). Note that there are two
possible cases: image pair only contains base categories and
image pair contains both novel categories and base categories
(i.e. EONC).
Finally, we obtain 3,156 image pairs of type (i) on average
in our test dataset which contains 608 images on average. And
we can obtain 13,605 image pairs of type (ii) on average in
our test dataset, which contains 3,786 images on average in
the PASCAL VOC 2007 test dataset.
Quantitative Results. The results of the experiment in
PASCAL VOC 2007 are shown in Table II and Table III. We
can obtain the following observations:
• Table II shows the results which use 500 proposals for
testing. Our proposed model achieves the highest performance against all baselines when test common object
pairs only contain novel categories. The results illustrate
that our proposed model has more powerful general
ability of learning previous-unseen objects. Compared
with category-based common detection, our proposed
model achieves better performance which may due to
the following reasons: (i) Our model is trained without
category information and learns the general discriminative ability which does not explicitly dependent on label
information. (ii) Category-based common detection only
classifies images into the training categories, which may
incorrectly represents test images with high level semantic labels. However, our proposed model achieves lower
performance compared with category-based common object detection when image pairs contain common objects
of base categories. The reason may due to that object
detection methods can detect wider range of objects of
same categories. For example, ’boat’ and ’ferry’ belong
to the same category (i.e. boat) in VOC 2007, but ’ferry’
and ’boat’ are very different in visual appearance. It is
easy for object detection method to detect ’ferry’ and
’boat’ which have the same category, while it is hard for
our model which is trained without category information.
• The proposed model with the relation matching network
has better performance than the proposed model with
siamese matching network in both ONC and EONC,
which demonstrates that learning an embedding and a

8

Fig. 5. Examples of common object pairs of novel categories which are
detected by our model with the relation matching network but not by our
model with the siamese matching network in top-10 results. The left column
are the postive examples generated by the proposed model with the relation
matching network and the right column are the corresponding negative results
generated by the proposed model with the siamese matching network in top-10
results(only the pair which has the highest score is shown).

•

•

•

deep non-linear distance metric to compare the similarity
of two proposals is better than only learning an embedding and using a fixed metric.
The results of Table II also shows that the performance
of soft baseline is worse than hard baseline, the reason
is that assigning a pre-defined label to a region can filter
out some noise. However, Faster RCNN Feature obtaining
the best performance demonstrates that it is better to
represent the regions without label information.
IOU setting has a great impact on the performance. Table
II shows that when IOU ranges from 0.5 to 0.7, the AP
value of our model with the relation matching network
falls from 28.93% to 10.78% in ONC and from 37.23%
to 16.38% in EONC. It is the same for the trend of the
baseline methods. The experiments demonstrate that our
method can obtain accurate region proposals especially
for previous-unseen objects.
Table III shows that the number of proposals has little
influence on the performance of our method. When the
proposal number ranges from 100 to 2000, three baseline models change slightly. This indicates that simply
increasing the number of poposal pairs can not improve
the performance and a relatively small proposal pairs set
(i.e. 500) is saturated to obtain the performance.

C. COCO 2014
We also evaluate our method on the COCO 2014 detection
benchmark. This dataset consists of about 80k training images and 5k minival images over 80 object categories. One
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Siamese Matching
Network

Relation Matching
Network

Siamese Matching
Network

Relation Matching
Network

Fig. 6. Examples of top-1 common object pairs of novel categories which are generated by our model with the relation matching network and the siamese
matching network. In these examples, the results of the relation matching network has better localization than the siamese matching network.

difference from PASCAL VOC 2007 is that for each training
procedure we choose 30 categories as base categories to train
our model. Following the same data generation strategy in
PASCAL VOC 2007, we generate a candidate image list which
only contains objects from base categories and randomly
sample 20 images in the candidate image list to form 20 image
pairs. We also conduct five training experiments in COCO
2014, and the average number of image pairs of training
dataset is up to 57,398 which contains 10,627 images in COCO
2014 training dataset.
Similar to PASCAL VOC 2007, the test dataset contains
two disjoint image pair datasets: ONC and EONC. Our model
trained on base categories will test on these two datasets.
According to the base categories chosen in five training
procedures, we finally obtain 3,156 image pairs of ONC on
average which contains 1,680 images on average, and 11,514
image pairs of EONC on average dataset which contains 3,271
images and 23,969 image pairs on average in COCO 2014
minival dataset.
For simplicity, in this dataset, we only present the results
when the setting of IoU is 0.5 and proposal number is 500.
In Table IV, it can be observed that our model outperforms
all baselines on novel categories as well. In EONC, the
results of our model are better than the Faster RCNN Feature
baseline and Faster RCNN Class (soft) baseline but lower
than the Faster RCNN Class (hard) baseline. One possible
reason is that the relation module is a convolutional neural
network, larger scale of training dataset makes model trained
better. However, Faster RCNN Class (hard) baseline gets the
highest AP among three baselines in COCO dataset. This
is different from VOC 2007 dataset where Faster RCNN
Class (Feat) obtains the highest AP among three baselines.
Besides, the AP of our model with the relation matching
network in ONC is little higher than in EONC. We assume

TABLE IV
AP (%) RATES ON COCO 2014
IoU≥0.5
Faster RCNN Feature
Faster RCNN Class (hard)
Faster RCNN Class (soft)
Ours (siamese)
Ours (relation)

WITH I O U≥0.5

ONC
11.59
12.47
11.91
13.98
18.24

EONC
13.97
21.07
14.80
14.10
17.73

these phenomenons may due to the distinction of the scale
of dataset and the number of object categories in dataset,
as we use 30 categiries to train and 50 categories to test in
COCO 2014 dataset while we use 15 categories to train and
5 categories to test in VOC 2007 dataset.

D. Qualitative Results
Figure 5, 6 and 7 are some examples generated by our model
in VOC 2007 test set. Our observations are as follows:
•

•

The results show that our model is able to discover not
only already seen object pairs (in training samples) but
also never seen object pairs (not in training samples).
This proves that our model has the ability to detect class
agnostic common objects.
Compared with the siamese matching network, the relation matching network has better qualitative results. In
Figure 5, we show examples of common object pairs
which are detected by the model with the relation matching network in top-10 results, but these common object
pairs are not detected by our model with the siamese
matching network in top-10 results. This indicates that
the relation matching network has better ability to detect
common object pairs of novel categories and this also
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Fig. 7. Some unsatisfactory examples generated by our model with the
relation matching network.

•

corresponds with the quantitative results mentioned before. Besides, Figure 6 shows some top-1 common object
pairs of our model with two matching networks and
demonstrates that our model with the relation matching
network has better localization ability.
Some unsatisfactory object localization results are also
shown in Figure 7. These results show that complex
background makes it harder for our model to predict a
good object localization. Besides, the last example of the
second row is a false positive result and this may due to
the difficulty to detect novel objects.

V. C ONCLUSION
In this paper, we study the task of image common object
detection, and an end-to-end class agnostic image common
object detection network (CODN) is proposed. The proposed method can simultaneously locate candidate regions
and comparing region similarities. We designed a multi-task
loss function to achieve both region localization and common
object comparison, which contains matching loss, bounding
box regression loss, and foreground/background classification
loss. Experimental results illustrate the effectiveness of the
proposed method. This work is the first attempt to solve the
problem of image common object detection. In our future
work, we will investigate several aspects based on the proposed CODN. The first is some adaptive pairing methods
which can be proposed to replace the exhaustive one. The
second is more robust region similarity matching techniques
such as meta-learning based methods. The third is methods
which directly predict the common object pair instead of two
stage common object detection framework. Besides, we will
try to collect a more balanced dataset instead of borrowing
from existing dataset with labels. We suppose that a dataset
with larger number of categories may weaken the dependency
of category information. So an ideal dataset must consist of
large number of categories, and the similarity of each images
pair should be in a wide range. In this dataset, common object
as a pair may be in several levels such as instance level, finegrain category level and general category level.
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