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Abstract. Detecting mass in mammogram is significant due to the high
occurrence and mortality of breast cancer. In mammogram mass detec-
tion, modeling pairwise lesion correspondence explicitly is particularly
important. However, most of the existing methods build relatively coarse
correspondence and have not utilized correspondence supervision. In this
paper, we propose a new transformer-based framework CL-Net to learn
lesion detection and pairwise correspondence in an end-to-end manner.
In CL-Net, View-Interactive Lesion Detector is proposed to achieve dy-
namic interaction across candidates of cross views, while Lesion Linker
employs the correspondence supervision to guide the interaction process
more accurately. The combination of these two designs accomplishes pre-
cise understanding of pairwise lesion correspondence for mammograms.
Experiments show that CL-Net yields state-of-the-art performance on
the public DDSM dataset and our in-house dataset. Moreover, it outper-
forms previous methods by a large margin in low FPI regime.
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1 Introduction

With the highest incidence of cancers in women, breast cancer has become a seri-
ous threat to human health worldwide. In recent years, mammography screening
has been used by most hospitals as a common examination for its effectiveness
and non-invasiveness. Detecting mass is one of the core objectives for mammog-
raphy screening since mass behaved spiculated and irregular is a typical sign
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Fig. 1: (a) In mammograms, the CC view is a top-down view, while the MLO view is
taken at a certain angle from the side. (b - c) show an example. Lesions connected by
a line from different views are the projections of the same mass instance.

of breast cancer. However, gland overlap and occlusion are great obstacles for
distinguishing mass from the gland, accordingly identifying suspicious lesions on
mammogram is difficult for both radiologists and deep learning models.

In clinical practice, as shown in Figure 1, each breast is taken from two
different angles, which are cranio-caudal (CC) view and mediolateral oblique
(MLO) view, respectively. The complementary information of the ipsilateral view
(CC view and MLO view of the same breast) will help radiologists to make
better decisions for lesion detection. They usually cross-check the possible lesion
locations in CC view and MLO view repeatedly. Once the relevant evidences are
found in both views, the existence of the lesion can be confirmed. We call the
co-existence of the same mass manifestations in both of the two views pairwise
lesion correspondence. An example breast mammogram with two lesion pairs
is shown in Figure 1 (b-c).

As for deep models, it is also particularly important to model the pairwise
lesion correspondence explicitly for lesion detectors. Firstly, once the model is
empowered with the ability to model pairwise lesion correspondences, the com-
plementary information from the auxiliary view will help to distinguish the sus-
picious regions of the examined view, which is in line with the analysis logic of
radiologists. Besides, the correspondences are also important supervision signals
to train the network. The supervision of pairwise correspondences can guide the
network to establish more accurate relations across the two views, which can
further improve the detection performance.

Previous works have attempted to model lesion correspondences [20,17,18,35],
however, the correspondence captured by these works is not accurate enough to
represent pairwise lesion correspondence. For example, previous SOTA method
BG-RCNN [17] divides the image into multiple parts and builds part-wise corre-
spondence using a graph neural network (Figure 2(a)), which leads to relatively
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Fig. 2: (a) Previous methods [17] split mammograms into several parts and model
part-level relationships without correspondence supervision. (b) We establish lesion-
level interaction across views, and leverage correspondence supervision to guide the
network training procedure explicitly.

coarse correspondence. Meanwhile, the utilization of correspondence supervision
is not considered by previous works.

In this paper, we propose CL-Net to model more precise pairwise lesion
correspondence. We design a transformer-based network structure to learn the
lesion detection and pairwise correspondence in an end-to-end manner. As shown
in Figure 2(b), our CL-Net can not only build pairwise lesion correspondence for
lesion candidates detected by single-view lesion detectors, but also leverage cor-
respondence supervision to guide the network training procedure for discovering
accurate and sensible pairwise lesion correspondence.

Specifically, we first propose View-Interactive Lesion Detector (VILD)
to achieve dynamic interaction across lesion candidates of MLO and CC views.
We build our model upon modern transformer-based object detectors (e.g .DETR [5]).
These detectors often adopt the query mechanism, where each object query can
be regarded as an abstract representation of a lesion candidate, and the informa-
tion flow across queries is suitable for capturing the correspondences for lesion
pairs. Therefore, we apply the inter-attention layer between the object queries’
outputs of MLO and CC views to build relationships for the two views, which
captures pairwise lesion correspondences in an elegant and efficient way.

Furthermore, we propose Lesion Linker to learn the precise pairwise lesion
correspondence during network training. Lesion linker summarizes all lesion in-
formation from MLO and CC views by taking all lesion candidates generated by
object queries as inputs, and then employs the link query and a decoder-like net
structure to produce paired lesion outputs. Like DETR, we use a set prediction
approach to output lesion pairs, where each pair is a point in the set. Hence, the
lesion linker can also be trained with a set matching loss. Under the guidance of
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pair supervision, the inter-attention layer in VILD can obtain more direct and
precise correspondence, which will benefit the training of the detector.

Experimentally, the results show that the proposed approach outperforms the
previous SOTA methods by a large margin on both the public dataset DDSM [13]
and an in-house dataset. The ablation study validates the effectiveness of each
part in our design.

In a nutshell, our contributions are three-folds:

{ To the best of our knowledge, our work is the first to model and learn
pairwise lesion correspondence explicitly for mammogram mass detection,
which is essential for cross-view reasoning.

{ VILD and lesion linker are proposed to achieve precise lesion correspondence.
{ We propose a novel framework, which achieves a new SOTA performance for

mammogram mass detection with ipsilateral views and surpasses all previous
methods by a large margin.

2 Related Work

2.1 Mammogram Mass Detection

Traditional approaches [3,11,21,31] usually use complex preprocessing and de-
sign hand-crafted features for mammogram mass detection. However, due to the
low representation ability, the performance of these methods is not satisfactory.
In the past few years, deep learning has been introduced to this area. Most
of works [4,1,34,26] only use a single view for detection, while recently several
studies [20,17,18,35] attempt to establish cross-view reasoning mechanism for
mammogram mass detection. Ma et al . [20] and Yang et al . [35] use relation
module [14] to model the relationships of lesion proposals across views. Liu et
al . [17] seeks to leverage bipartite graph convolutional network to achieve part-
level correspondence. C2-Net [18] preprocesses the mammograms for column-
wise alignment and performs column-wise correspondence between cross-views,
since they assume that the perpendicular distance to the chest of the same le-
sion in CC view and MLO view is roughly the same. Although these methods
model the correspondence of the two views to a certain extent, however, the
correspondence is generated freely without any pairwise supervision. Perek et
al . [24] proposes a Siamese approach to achieve cross-view mass matching, while
the performance of mass detection is not considered. Different from above ap-
proaches, our CL-Net can model and learn the pairwise lesion correspondence
explicitly, which significantly improves the detection performance.

2.2 Object Detection and HOI Detection with Transformer

Transformer [32] has drawn great attention in computer vision recently [5,38,9,33].
In the area of object detection, the first representative of the transformer-based
detector is DETR [5]. DETR employs a transformer encoder-decoder architec-
ture with object queries to hit the instances in the images. It regards object
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detection as a set prediction task, and uses a set matching method [5] to train
the network. Afterwards, Deformable DETR [38] is proposed as a variant of
DETR. Deformable DETR uses the local receptive fields for attention layers,
which reduces computational complexity significantly and speeds up conver-
gence. Moreover, DETR has also been appied to the task of Human-Object
Interaction detection [15,6,39,37]. Chen et al . [6] and Zou et al . [39] reformulate
HOI detection as a set prediction task and predict humans, objects and their
interactions directly. HOTR [15] utilizes HO Pointers to associate the outputs of
two parallel decoders, which leverages the self-attention mechanisms to exploit
the contextual relationships between humans and objects. It is worth mention-
ing that HOI detection focuses on predicting the associations of humans and
objects, while in this paper mammogram mass detection is evaluated by the
detection results of each single image view. Different from HOI detection, the
correspondence of MLO and CC views is regarded as the auxiliary supervision
to promote the detection model. Our proposed lesion linker takes the advantage
of this supervision to guide the training of VILD.

2.3 Learnable Image Matching

The well-known image matching in computer vision aims to establish dense
correspondences across images for camera pose recovery and scene structure
estimation in geometric vision tasks, such as Structure-from-Motion (SfM) and
Simultaneous Localization and Mapping (SLAM) [8,10,22,36,25,2,28,30]. These
methods rely on dense interest points as local descriptors to build pixel-to-pixel
dense correspondences for multiple views. However, in mammograms, the two
views are two different projections of 3D breast, which means there is no precise
pixel-to-pixel correspondence. Therefore, we can only model the sparse lesion-to-
lesion correspondence for accurate lesion detection. Compared with pixel-level
matching, extracting the pairwise lesion correspondence is a high-level vision task
that requires the network to understand lesion instances in advance. Therefore,
we design the lesion linker and use link queries after the detector to learn lesion
matching.

3 Methodology

In this section, we will elaborate on the design of the proposed CL-Net. The
name CL stands that our method can Cross-Check the two views and Link
the corresponding lesions across views. An overview of the whole pipeline is
illustrated in Figure 3. To be specific, we first explain how the proposed View-
Interactive Lesion Detector (VILD) along with the Lesion Linker establishes
pairwise lesion correspondence. Then we discuss how to effectively train the
network by presenting the training details including label assignment rules for
lesion correspondence and the final loss function.
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Fig. 3: Overview of our proposed CL-Net. A pair of mammograms are �rstly processed
by View-Interactive Lesion Detector (VILD) to achieve dynamic interaction across
lesion candidates of MLO and CC views. Then, the embeddings outputted by the last
decoder layer in VILD are provided for Lesion Linker to learn the precise pairwise
lesion correspondence by learnable link queries.

3.1 Reviewing DETR

Recently, DETR [5] has drawn great attention since it proposes a novel paradigm
for object detection through transformer encoder-decoder architecture. It refor-
mulates object detection as a set prediction task and adopts one-to-one label
assignment between ground truth and predicted objects, which achieves an end-
to-end object detector.

Multi-head Attention. Attention is the core component in Transformer
architecture. The standard version of attention can be written as follows:

Attention( Q; K; V ) = softmax(
QK T
p

dk
)V; (1)

whereQ, K , V stand for query vector, key vector and value vector, respectively.
dk is the vector dimension.

Multi-head attention is the extension of the standard version:

MultiHeadAttn( Q; K; V ) = Concat( H1; H2; :::; Hm ); (2)

H i = Attention( QW Q
i ; KW K

i ; V WV
i ); (3)

where m is the number of heads,W Q
i ; W K

i ; W V
i are projection matrices in the

i -th head to map the original vector into a vector with lower dimension. For
convenience, we useM to denote MultiHeadAttn in the following.

Object Query. In DETR, object queries can be regarded as abstract rep-
resentations of objects. After image features are extracted by the transformer
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