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Abstract
Weakly-supervised learning has emerged as a compelling method for object detection by reducing the fully annotated labels
requirement in the training procedure. Recently, some works have treated the detection task as a classification task, resulting
in highlighting only discriminative object parts. Moreover, fully-supervised object detectors use specific modules (e.g. feature
pyramid networks (FPN) and region proposal network (RPN)) to accurately localize target objects, while weakly-supervised
object detectors, such as a well-designed module for object localization, rarely exist. To address the above challenges and
gaps, we propose a region-aware continual contrastive fusion (R-CCF) module, which can be plugged into any off-the-shelf
weak detector to improve detection performance by refining object location. Specifically, a novel region association (RA)
algorithm is proposed to automatically query similarities of the most discriminative regions with their surrounding regions and
then to form new rough object locations. Furthermore, we introduce an effective object integration (OI) constraint, including
a class sub-constraint and a distance sub-constraint, to refine the rough object locations from the RA algorithm further and
achieve accurate object regions. By integrating our R-CCF module into weakly supervised detector architectures and training
end-to-end, we can continually refine object locations by contrastively fusing the discriminative regions with surrounding
patches. Extensive experiments demonstrate the effectiveness of the proposed method in weakly supervised object detection
and show that integrating R-CCF into the state-of-the-art MIST [1] achieves 58.3% in mAP on the PASCAL VOC2007
benchmark, surpassing MIST by 0.2% absolutely. Moreover, R-CCF based on OICR [2] and WSDDN [3] achieve 42.5% and
32.5% in mAP on the PASCAL VOC2007, which is 1.3% and 2.1% higher than the baseline detectors, respectively. We also
test the robustness of R-CCF on the PASCAL VOC 2012 dataset, and R-CCF outperforms the baseline methods clearly.

Keywords Object detection · Weakly supervised learning · Contrastive learning · Region refining

1 Introduction

Weakly Supervised Object Detection(WSOD) [1, 3–8] is a
task of learning an object detector (i.e. classification and
localization) with only image-level labels that indicate the
presence or absence of target object classes in an image.More
recently,WSODhas attracted considerable attention because
it is unnecessary for tight bounding box annotations, which
are usually non-existent or unavailable in many practical
applications (e.g. specific type airplanes or ships detec-
tion). Compared with the fully supervised object detection
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paradigm [9, 10] which requires object-level annotations
(i.e. object bounding boxes) in the training stage, WSOD
is more promising but also more challenging to obtain satis-
factory performance.

Challenge In WSOD, most of the previous methods follow
the multiple instance learning (MIL) pipeline [3, 11–15]to
detect objects with only image-level labels. First, they treat
the detection task as a region classification task, resulting
in the highlighting only discriminative object parts [16–20].
Additionally, to pursue a high recall rate in the absence of
ground-truth bounding boxes, region proposals in WSOD
methods have to be redundant, so some methods [6, 7, 17,
21] attempt to design the precise region proposals genera-
tion strategy for covering the whole object region or at least
containing a larger portion of objects. Furthermore, some
works [1, 2, 22, 23] are proposed to refine the instance clas-
sifier by a set of proposal scores, which guide the weakly
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supervised detector to focus on the true positive regions.
However, to the best of our knowledge, the performance of
weakly supervised detectors remains far behind that of fully
supervised detectors. Given a complex image that contains
multiple instances of objects, especially in the presence of
partial occlusion or non-rigid objects, fully supervised object
detectors can use specific modules [9, 24–27] to achieve
accurate localization, while weakly supervised detectors
rarely have a well-designed module to improve the local-
ization performance.

Main idea Canwedesign amodule to bridge the gap between
fully-supervised and weakly-supervised detection methods
and alleviate the shortcomings of weakly-supervised object
detectors (i.e. the problemof highlightingonly discriminative
object parts)? Thus, in this paper, we propose a region-aware
continual contrastive fusion (R-CCF) framework for weakly
supervised object detection, which includes two main com-
ponents: a RA algorithm and an OI constraint. As shown in
Fig. 1, for an input image, we first employ an off-the-shelf
weakly supervised detector and a region extractor to obtain
query regions (the red bounding boxes) and key regions (the
yellow bounding box). Then, a RA algorithm is proposed
to automatically query the similarities of the most discrim-
inative regions (i.e. query regions) with their surrounding
regions (i.e. key regions), and form new rough object regions.
Moreover, an OI constraint is further proposed to refine the
rough object region and achieve an accurate object region.

Specifically, the RA algorithm examines two kinds of
regions: 1) the predicted bounding boxes from baseline
detectors, and 2) the surrounding regions. We combine
the contrastive learning [28–31] and cluster process [32–
36] method to automatically query the similarities of the

most discriminative regions (i.e. the predicted bounding
boxes from baseline detectors, noted as query regions) with
their surrounding regions (i.e. key regions). First, RA algo-
rithm continually improves the feature embedding ability
of the vision transformer (ViT) based on the contrastive
learning paradigm and optimization strategy as described
in Section 3.5. Then, a clustering process with the above
trained ViT is introduced to calculate the similarities score
of query region and key regions and identify the positive key
regions(k+ regions as shown in Fig. 1). Here, these positive
key regions and query regions are used to form a new rough
object region.

In terms of OI constraint, it refines the rough object
regions from the RA algorithm by removing some positive
keys in low confidence, which includes a double-check strat-
egy: a class sub-constraint and a distance sub-constraint (
described in Section 3.4). The class sub-constraint and dis-
tance sub-constraint are designed to measure the correctness
of clustering results. Only the positive key regions satisfy
class sub-constraint and distance sub-constraint simultane-
ously, they are selected as the candidates of object regions to
form the final accurate object regions.

In Section 4, ablation study experiments prove that the
RA algorithm and OI constraint play an important role in our
pipeline, and R-CCF is effective for solving the problem of
highlighting only the most discriminative areas in WSOD.
Note that our region-aware continual contrastive fusion(R-
CCF)mines accurate object regions and achieves good results
for the following reasons. With the help of contrastive learn-
ing and unsupervised cluster in the RA algorithm, we train
two encoders (i.e. base encoder and momentum encoder)
to extract the high-dimensional features of query and key
regions and find high-similarity key regions corresponding to

Fig. 1 An illustration of our proposed R-CCF. The query regions and
key regions are denoted by red bounding boxes and yellow bound-
ing boxes respectively. We regard clustered positive key regions as k+

regions, and the process of removing some extraneous or background
regions is shown by black crosses. Best seen on a computer, in color
and zoomed in
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query regions. Then, the query regions and key regions with
high similarity are fused into a new object region by the simi-
larity score. Moreover, the proposed OI constraint, including
the class sub-constraint and distance sub-constraint, is used
to obtain complete object regions by preventing the unsteady
cluster process and removing false positive key regions.
Benefiting from the feature embedding ability of ViT, the
clustering process, and the constraints, we also designed a
training strategy to improve feature embedding ability and
model robustness further.

In summary, we make the following four contributions for
weakly supervised object detection in this work:

– A region-aware continual contrastive fusion (R-CCF)
framework is proposed to solve the problem of highlight-
ing only discriminative object parts in WSOD, which
is used to bridge the performance gap between fully-
supervised andweakly-supervised detectors. Our R-CCF
can be integrated into any weakly detector architectures,
and trained with the results of existing weakly supervised
detectors in an end-to-end manner.

– A novel region association (RA) algorithm is proposed
to automatically query the similarities of the most dis-
criminative regions and their surrounding regions and to
form new rough object regions based on the clustering
results. Here, a new multi-region predicted loss with an
optimization strategy is designed to improve the embed-
ding feature ability of ViT for query and key regions.

– We introduce an effective constraint to further refine
the rough object regions from the RA algorithm, named
Object Integration(OI) constraint. Here, OI constraint
is proposed as a double-check strategy, i.e. class sub-
constraint and distance sub-constraint, to ensure the
correctness of clustering results, where some positive key
regionswith lowconfidence are removed and the accurate
object regions are achieved.

– Extensive experiments demonstrate the effectiveness of
the proposed method in WSOD and show that R-CCF
achieves 58.3% in mAP on the PASCAL VOC 2007
dataset, which is a state-of-the-art detection perfor-
mance. Moreover, plugging R-CCF into some popular
and classical weakly supervised object detectors further
demonstrates the effectiveness of our proposed method,
i.e. we outperform OICR by 1.3%. Surprisingly, based
on a simple weakly supervised object detector WSDDN,
our R-CCF increases the mAP from 30.4% to 32.5%
without an iterative refinement strategy. We also test the
robustness of R-CCF on PASCAL VOC 2012 dataset,
and R-CCF outperforms the baseline methods clearly.

The rest of the paper is organized as follows.We review the
related recent literature in Section 2. In Section 3, the detailed
methods of our region-aware continual contrastive fusion

(R-CCF) for WSOD are presented, which include region
extractor, RA algorithm, and OI constraint. Moreover, the
multi-region predicted loss function and optimization strat-
egy are described in detail. In Section4,wefirst conduct some
ablation study analysis to validate the effectiveness of each
proposed component in our pipeline, and then we show some
experiments compared with previous state-of-the-art on the
widely used WSOD datasets(i.e. PASCAL VOC2007 and
VOC2012). This is followed by the conclusions and future
work in Section 5.

2 Related work

Driven by the great success of contrastive learning and
clustering for exploring the similarity and dissimilarity of
instance features, a series of methods have been proposed for
unsupervised learning in recent years. In this paper, we focus
on the problem of highlighting only discriminative parts of
objects in WSOD and further solve this intractable problem
by combining advanced contrastive learning and clustering
techniqueswithweakly object detectionmethods. In this sec-
tion, we review the methods specifically relate to the WSOD
task.

2.1 Weakly supervised object detection (WSOD)

Weakly supervised object detection (WSOD) is a task of
learning classification and localization information from
image-level labels and does not need bounding box anno-
tations. Recently, numerous WSOD methods have been
proposed, and competitive performance has been achieved.
Here we divide the existing methods into the following cate-
gories: initial high-quality region proposal-basedmethods [6,
7, 38–40], refining instance classifier-based methods [3,
22, 23, 41, 42], mining completely object regions-based
methods [16, 17, 43–45] and weakly-supervised to fully-
supervised conversion methods [4, 5, 14, 46].

Initial high-quality region proposals-based methods usu-
ally improve detection recall while reducing the redundancy
before feeding region proposals into weakly supervised
object detectors. For example, Gong et al. [7] combine
selective search and a gradient-weighted class activation
mapping (Grad-CAM) to obtain region proposals that can
better envelop the entire objects. Mao et al. [38] employ
weighted gradient features on the multiple convolutional
layers to generate a gradient-pyramid feature for object local-
ization. The refining instance classifier-based methods are
designed to iteratively guide the detector and help it to
focus on the true positive regions. For instance, Zeng et al.
[23] propose a novel WSOD method, i.e. using bottom-up
and top-down objectness distillation to improve the deep
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objectness representation of CNN, which could measure the
probability of a bounding box including a complete object.
Ren et al. [41] propose an instance dual-optimization frame-
work, which optimizes the feature of noisy instances existing
in the training samples and focuses on global salient infor-
mation. Mining completely object regions-based methods
is concerned with the relationship between the predicted
and surrounding regions. This relationship is then used to
obtain a complete region for each target object. Cai et al.
[45] propose a novel selective weakly supervised detection
to progressively localize the complete object even though
the object region is partially occluded and very tiny. In
terms of weakly-supervised to fully-supervised conversion
methods, they combine the advantages of fully-supervised
(e.g. regression ability) andweakly-supervised (e.g. inexpen-
sive training annotation) learning to perform object detection
in a weakly manner. Zhang et al. [5] present a novel weakly-
supervised to fully-supervised framework, where pseudo
ground-truth excavation algorithm and pseudo ground-truth
adaptation algorithm are proposed to find accurate pseudo
ground-truths of each instance in an image, and the mined
pseudo ground-truths are used to train a fully-supervised
detector for producing the final detection results.

However, although these methods use high-quality region
proposals, refined strategy, mining completely object region
methods and weakly-supervised to fully-supervised con-
version to detect object regions respectively, the detection
results always highlighting only discriminative object parts
instead of the whole object region. To solve this problem,
some works focus on transferring the confidence of the same
class labels from the most discriminative region to surround-
ing regions (e.g. PCL [22]). In this paper, we propose a
region-aware continual contrastive fusion (R-CCF) module
to query the similarity of the most discriminative regions
and surrounding regions by continual contrastive learning.
The surrounding regions with high confidence are consid-
ered as parts of the object region to form a new complete and
accurate region for target objects. Note that the similarity
calculated by our R-CCF denotes the consistency of distance
and direction (i.e. euclidean distance and cosine similarity)
between regions in the feature space while previous works
only consider the spatial adjacency relationship between the
most discriminative region and surrounding regions, such as
OICR [2], MIST [1].

2.2 Contrastive learning

Contrastive learning is an unsupervised feature representa-
tion learning technique, and it extracts the discriminative
representations for each image to attract similar (posi-
tive) samples and dispel different (negative) samples. Most
approaches for contrastive learning are developed based on
the instance discriminative task [28–31, 47], and significant

performance has been achieved in unsupervised represen-
tation learning. For example, He et al. [30] follow a simple
instance discrimination task(i.e. a querymatches a key if they
are encoded into different views of the same image) to build
a dynamic dictionary with a queue and a moving-averaged
encoder, and design an unsupervised pre-train framework
for learning the feature representation. Chen et al. [29] pro-
pose a novel self-supervised contrastive learning framework
that incrementally detects and explicitly removes the false
negative samples. Li et al. [31] bridge contrastive learn-
ing with clustering to learn low-level features for the task
of instance discrimination, and encode semantic structures
discovered by clustering into the learned embedding space.
Chen et al. [28] propose a new unsupervised framework for
vision Transformer [37] by investigating the effects of sev-
eral fundamental components and achieve state-of-the-art in
various downstream tasks.

Existing contrastive learning methods first set pretext
task and train robust feature extractor under unsupervised
paradigms, and then the robust feature extractor is widely
applied to various downstream tasks. In fact, the above pro-
cess(i.e. unsupervised contrastive learning and downstream
task fine-tuning) is not implemented in an end-to-end man-
ner. Compared with these methods, we introduce contrastive
learning into weakly supervised object detection and directly
learn the feature representations of the query regions, key
regions and fused regions in end-to-end manner. Note that
our feature extractor(i.e. ViT) is not fine-tuned or pre-trained.
Then,we continually compare the similarity of query and key
regions in the clustering process to find similar surrounding
regionswith themost discriminative regions. Themined sim-
ilar surrounding regions are further used to form the accurate
object regions.

2.3 Deep clustering

Unsupervised clustering is the task of partitioning an unla-
beled dataset into different semantic categories where the
prior knowledge of a labeled set is not available. With the
development of deep learning, some clusteringmethods [32–
36] based on deep learning have been proposed in recent
years, which can be roughly divided into two categories. The
first category exploits the pairwise similarity of the sam-
ples to generate pseudo-labels for clustering [32, 34, 36].
For example, Mathilde et al. [34] propose a novel deep clus-
tering method that jointly learns the parameters of a neural
network and the assignments of cluster results. They use the
subsequent assignments as supervision to update the net-
work weights. Whereas, the second category [33, 35] uses
neighborhood aggregation of feature embedding to bring the
similar instances closer and simultaneously push away the
dissimilar instances. Wouter et al. [35] propose a two-step
approach for the unsupervised clustering process, where
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a self-supervised task is employed to obtain semantically
meaningful features and further use the obtained features as
a prior to bring closer or push away each instance.

Compared with the above two category methods which
utilize image-level features to assign images into different
clusters, our R-CCF combined with the clustering process
assigns the positive key regions to the corresponding object
region using region-level features. Our R-CCF queries the
similarity of themost discriminative regions and surrounding
regions automatically, then the positive surrounding regions
are assigned into the same cluster with the most discrimina-
tive region based on the clustering results. Finally, similar
query regions and key regions are merged into complete
object regions as the final detection results.

3 Proposedmethod

In this section, we describe the details of the proposed region-
aware continual contrastive fusion(R-CCF) forWSOD. First,
we introduce the pipeline of the proposed R-CCF module,
as shown in Fig. 2, which intuitively presents the details
of the Region Association(RA) algorithm and the Object
Integration(OI) constraint. Then, we describe the process

of generating query regions and key regions using region
extractor. Additionally, the RA algorithm combines con-
trastive learning with a clustering process to mine rough
object regions. After that, we show that the OI constraint
refines the rough object region from the RA algorithm by
removing positive keys in low confidence and achieves accu-
rate object regions. Finally, an effective optimization strategy
is used to train our R-CCF module in an end-to-end fashion
base on the off-the-shelf weakly supervised object detectors.

3.1 Overview of R-CCFmodule

As shown in Fig. 2, there are three components in the
proposed R-CCF framework. The first component is the
region extractor, and input images are fed into the off-
the-shelf weakly supervised object detector to obtain the
most discriminative regions and surrounding regions. The
second component is the RA algorithm, which combines
contrastive learning in RA algorithm(a) and clustering pro-
cess in RA algorithm(b). The RA algorithm(a) follows the
MoCo v3 paradigm to improve the feature embedding ability
of ViT for the most discriminative regions and surround-
ing regions. Meanwhile, a multi-region predicted loss and an
optimization strategy are well-designed to optimize the ViT

Fig. 2 The pipeline of the region-aware continual contrastive fusion
(R-CCF) for WSOD. (A) The input images are fed into an off-the-shelf
weakly supervised detector, and the initial red bounding boxes denote
the predicted object location regions. (B) The query regions(red bound-
ing boxes) and key regions(yellow bounding boxes) are generated by
our region extractor. (C) The region association algorithm(a) follows the
MoCo v3 paradigm to improve the feature embedding ability of ViT for
query regions and key regions, and the RA algorithm (b) continually

queries the similarity of the query region and key region to further form
new rough object regions(i.e. dash red boxes). (D) Object integration
constraint, including class sub-constraint and distance sub-constraint,
removes some unsteady and noisy positive key regions with low con-
fidence (i.e. red arrow in OI constraint) and an accurate object region
(solid red boxes) is achieved. Best seen on a computer, in color and
zoomed in
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architecture. The RA algorithm(b) is proposed to continu-
ally query similarities of the most discriminative regions and
their surrounding regions. Based on the similarity results in
the clustering process, a rough object region that contains the
whole object or almost the complete region of an object is
mined. The third component is the OI constraint, including
class sub-constraint and distance sub-constraint. It is used to
remove someunsteady andnoisy regionswith lowconfidence
and refine the rough object region from the RA algorithm to
form a final complete object region.

3.2 Region extractor

As shown in Fig. 2, given an image, the R-CCF module first
employs an off-the-shelf weakly supervised detector to pre-
dict the object location regions and treats these predicted
locations as query regions. Then, we extend the predicted
bounding boxes by a certain ratio α to obtain surround-
ing regions and crop them into patches as key regions. The
coordinates of key regions are obtained from query regions
(x, y, w, h) to (x, y, αw, αh) and α > 1. Note that x and y
denote the center coordinate of the query region. The query
regions can be expressed as (1):

Bd = {br }Rr=1 , (1)

where br denotes the object regions predicted by the weakly
supervised detector in an image, i.e. known as the most dis-
criminative region, and R is the total number of predicted
regions. The subscript d in Bd denotes the most discrimina-
tive object region(i.e. ’d’ is the acronym of discriminative
object region.)

Similarly, the key regions can be formulated as (2):

Bs = {brn}Nr
n=1 , (2)

where brn denotes the n-th key regions corresponding to the
r -th query region, i.e. known as the surrounding regions, and
Nr is the total number of key regions corresponding to br .
The subscript s in Bs denotes the surrounding region(i.e. ’s’
is the acronym of surrounding region.)

3.3 Region association algorithm

For each input image Ii , query regions are generated by
the baseline detector in the region extractor. In the RA
algorithm(a), we sequentially apply four strong augmenta-
tions [28], including Random Color Jitter, Random Gray
Scale, RandomGaussianBlur andRandomSolarize, to trans-
form an inputted query region into two correlated views b

′
r

and b
′′
r . Then, we use a vision transformer as the base encoder

fb (∗) and momentum encoder fm (∗) to extract embedding
features of the augmented query regions. Specifically, we

adopt ViT-small [37] to learn representation h
′
i = fb(b

′
r )

and h
′′
i = fm(b

′′
r ). Furthermore, a neural network projection

head g (∗)maps embedding features from a low-dimensional
space to a high-dimensional space. A prediction head pr (∗)

after the projection head is used to optimize the multi-region
predicted loss L predict in the base encoder branch. The above
process can be expressed as minimizing the L predict loss
function, and it can be formulated as (3)(4)(5):

L predict = ctr(z
′
r1, z

′′
r2) + ctr(z

′
r2, z

′′
r1) (3)

z
′
r1 = pr(g( fb(b

′
r ))), z

′′
r1 = g( fm(b

′
r )) (4)

z
′
r2 = pr(g( fb(b

′′
r ))), z

′′
r2 = g( fm(b

′′
r )) (5)

where ctr(∗)denotes a functionof predicted loss that predicts
A to B and B to A based on contrastive learning [28]. z

′
r1(or

z
′
r2) and z

′′
r1(or z

′′
r2) denote the high-dimension and non-

linear representation mapped by the prediction head pr (∗)

and projection head g (∗) from the feature of query regions.
Equations 4 and 5 represent different feature embedding
branches in the RA algorithms(a).

Note that our base encoder branch in the RA algorithms(a)
consists of a backbone (e.g. vision transformer), a projection
head and an extra prediction head. The momentum encoder
branch includes a backbone and a projection head, which
is updated by the moving-average base encoder. However,
the solution to the multi-region predicted loss optimization
considers only the query regions and ViT lacks the ability to
embed key region features at the early training stage, which
may result in a queried ambiguous problem in the RA algo-
rithm(b).

Thus, in the process of RA algorithm(b), we treat the
RA algorithm(a) as a pre-training process and use the pre-
training ViT to extract the embedding features of query and
key regions for realizing semantic clustering. Specifically,
we follow the same procedure in PCL [31] to perform K-
means clustering based on the fb(br ) and fb(brn) features of
the query region and key regions corresponding to br . With
the continuous clustering process, we denote the K-th cluster
centroid as cK , and each key region is assigned as a positive
or a negative key. If a key region is assigned to the same
cluster as the query region, it will be treated as a positive key
region. Otherwise, the key regionwill be considered as a neg-
ative key region. Based on the mined positive keys k+ and
negative keys k−, we fuse the query region with the positive
key regions and form a new object region.

Nonetheless, after the RA algorithm(b), we observe that
some unsteady and noisy key regions with low confidence
are classified as positive key regions, which inevitably dis-
rupt the clustering process. Based on the above phenomenon,
we conduct a qualitative analysis of the queried ambiguous
problem. We found that, in the early training stage, our RA
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algorithm(a) considers only the feature representation of the
query regions and ignores the key regions, which is sub-
optimal for the clustering process in the RA algorithm(b). In
this case, those unsteady and noisy key regions usually obtain
a low confidence value, while true positive key regions can
achieve a high confidence.

Intuitively, to solve this sub-optimal problem, we select
the high-confidence key regions to form new object regions
as in paper [29]. For each query region bi , we generate b

′
i

and b
′′
i by data augmentation, feed b

′
i , b

′′
i and bi j into the RA

algorithm, compute cluster centroids, and select the positive
key regions whose confidence are larger than Tscore. Here,
the confidence of the positive key is calculated by (6):

T= sim(hi , ck)
∑K

k=1 sim(hi , ck)
(6)

In (6), it is a softmax of cosine similarities between the
regions representation hi and each centroid ck . We believe
that the positive key regions with high confidence can be at
least a part of an object, which can relieve the noisy phe-
nomenon to some extent.

3.4 Object integration constraint

In the RA algorithm, although we can mine positive key
regions with high confidence and obtain a new object region,
it ignores a situation that augmented b

′
i and b

′′
i may be

assigned into different clusters. To solve this problem, we
propose an enhanced constraint during the clustering process,
named Object Integration(OI) constraint, which includes
class sub-constraint and distance sub-constraint as shown in
Algorithm 1.

More specifically, the class sub-constraint and distance
sub-constraint are designed to measure the correctness of
clustering results. In the class sub-constraint, we perform
different data augmentation on query regions bi for obtain-
ing b

′
i and b

′′
i . Then, we conduct a cluster operation between

b
′
i , b

′′
i and each key regions bi j . If the clustering process

in the RA algorithm classifies b
′
i and b

′′
i into the same

cluster, which is treated as a successful clustering, other-
wise we ignore the clustering results. After the above class
sub-constraint is met, the distance sub-constraint is further
used to calculate distances between b

′
i , b

′′
i , and their clus-

ter centroids. If the difference between these two distances
is greater than a threshold (e.g. 0.1), similarly we will dis-
card the cluster results in this clustering procedure. When
class sub-constraint and distance sub-constraint are satisfied
simultaneously, we employ cosine similarity to represent the
direction similarity of the positive key region bi j and query
regions (b

′
i or b

′′
i ). Finally, if cosine similarity is larger than

Algorithm 1 Mine accurate object region based on object
integration constraint.
Input: Bd = {b1, ..., bR}, Distance Threshold Tdistance

Bs = {
b11, ..., b1N1

} ⋃{
b21, ..., b2N2

}
...

⋃{
bR1, ..., bRNR

}

k+ confidence threshold Tscore
for i to R do

Initialize Gd = φ, Initialize Gs = φ // init two lists and start RA
and OI R times
Gd .append(bi ) // append query region to the list
Generate b

′
i and b

′′
i by data augmentation

for j to Ni do
Feed the b

′
i , b

′′
i and bi j into the RA algorithm

Extract cluster centroid Cbi j , Cb
′
i
, Cb

′′
i

Compute distances between b
′
i / b

′′
i and their cluster centroid as

T
′
and T

′′

if Cb
′
i
= Cb

′′
i
and

∣
∣
∣T

′ − T
′′ ∣∣
∣ ≤ Tdistance then

// satisfy class sub-constraint and distance sub-constraint
Select the key region bi j with the same label Cb

′
i
or Cb

′′
i
as

k+
Compute cosine similarity T of k+ and b

′
i or b

′′
i

if T > Tscore then
Gs .append(k+)// append the region whose confidence is
larger than a threshold

end if
else

Neglect the clustering result
end if

end for
Update object regions G by fusing Gd and Gs

end for
Output: New object regions G

a threshold (e.g. 0.95), we will save those remaining positive
keys, which will be merged as the final object regions.

3.5 Optimization strategy

Based on the contrastive learning and clustering in the RA
algorithm andOI constraint, theR-CCFmodule can automat-
ically query similarities of the most discriminative regions
with their surrounding regions, and the regions with high
similarity will be merged to form the accurate object regions.
However, at the early training stage, the feature extraction
ability of ViT is insufficient for describing key regions.
Therefore, we have developed a detailed training strategy
to solve the problem of weak feature extraction ability, and
the detailed training strategy is described as follows.

We train the R-CCF framework for 100 epochs, where
the training process is divided into three stages, including
the warm-up ViT stage, the query and clustering stage, and
the accurate object mining stage. At the warm-up ViT stage
(i.e. 0-29 epoch), we train the ViT to capture high-level
semantic knowledge of query regions. Then, the ViT archi-
tecture is further used to extract the representation of query
regions and key regions in RA algorithm(b) in the follow-
ing stage. At the query and clustering stage, we conduct a
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Algorithm 2 Train Strategy of R-CCF module
All the trainable parameters are initialized as random values
which are denoted by Wt , Wg , Wp in vision Transformer,
project head and prediction head respectively.
Input: Wt , Wg , Wp , and the total number of epoch is 100

β, learning rate decay coefficient
zd ′ , zd ′′ , the feature of query region in different data augment
zG′ , zG′′ , the feature of updated region in different data augment
zd̄ ′ , zd̄ ′′ , the feature of not fused query region in different data
augment

for epoch to 100 do
if epoch < 30 then

Wt ,Wg,Wp ← ctr(zd ′ , zd ′′ ) + ctr(zd ′′ , zd ′ ), the warm-up
stage only calculates the loss of query regions

else if epoch ≥ 30 and epoch%5 == 0 then
Wt ,Wg,Wp ← β ∗ [ctr(zG′ , zG′′ )+ ctr(zG′′ , zG′ )], the query
and clustering stage calculates the loss of updated object
regions

else
Wt ,Wg,Wp ← β ∗ [ctr(zG′ , zG′′ ) + ctr(zG′′ , zG′ ) +
ctr(zd̄ ′ , zd̄ ′′ )+ ctr(zd̄ ′′ , zd̄ ′ )], the accurate object mining stage
calculates the loss of updated object regions and the not fused
query regions

end if
end for

Output: Wt , Wg , Wp

clustering operation in each 5th epoch (e.g. 30, 35, ..., 100),
i.e. feed query regions and key regions into the RA algo-
rithm to automatically find positive key regions and merge
them into rough object regions. After the RA algorithm, the
OI constraint is proposed to discard the incorrect cluster-
ing results and refine the rough object regions for obtaining
the whole object region (i.e. updated object regions). At the
accurate object mining stage (e.g. 31 − 34, ..., 96 − 99), we
continually train ViT using updated object regions to learn
the semantic knowledge of query regions and key regions,
which can further improve the feature embedding ability of
ViT. Moreover, unfused query regions are still fed into ViT
to further query their surrounding regions.

Note that the multi-region predicted loss in RA algorithm
is optimized by different inputs at three training stages, and
the details about the training strategy and optimization can
be found in Algorithm 2.

4 Experiments

In this section, we experimentally validate our R-CCF
module and analyze each of its components for WSOD,
which includes some ablation studies and comparisons
against other state-of-the-art detectors on the PASCAL VOC
2007 and VOC2012 datasets. Moreover, we further con-
duct experiments in a cross-dataset setting from VOC2007
to COCO2017 to validate the generalization ability of our

method. Finally, some qualitative results of R-CCF module
are shown on the VOC 2007 dataset and VOC 2012 dataset.

4.1 Datasets and evaluationmetrics

All of the baseline models, i.e. MIST [1], OICR [2], and
WSDDN[3], use PASCALVOC2007 dataset andVOC2012
dataset to validate their effectiveness. For a fair comparison,
following these baselines, we choose the database(i.e. PAS-
CAL VOC 2007 dataset and VOC 2012 dataset) to validate
the effectiveness of ourmethod,which have 9,963 and 22,531
images from 20 object categories, respectively. The greatest
advantage of WSOD methods is that their training pro-
cess does not require instance-level annotated data, and a
large quantity of image-level annotated data is available.
Therefore, we are interested in studying whether more train-
ing data can further improve the detection performance in
WSOD. To this end, we train our proposed R-CCF frame-
work on VOC 2007 trainval (5011 images) and 0712 trainval
(16,551 images) and evaluate it on the VOC 2007 test set to
demonstrate the effectiveness of our method. We follow the
standard metrics for WSOD and use mean average precision
(mAP) [49] as the evaluation metric for evaluating our model
on the testing set of VOC 2007 and VOC 2012. Furthermore,
correct location (CorLoc) [50] is used to evaluate the local-
ization accuracy of our model on the VOC 2007 and VOC
2012 training sets. The metrics comply with the PASCAL
criterion, where a positive detection has an IoU>0.5 with
the ground-truth.

Moreover, we report the performance of our R-CCF in
a cross-dataset setting from VOC2007 to COCO2017 to
demonstrate the generalization ability of our method, where
the VOC2007 trainval set(5011 images) serves as the train-
ing data and the COCO2017 val set(5000 images) is used as
the testing data. Since there is a difference in the number of
categories between the COCO dataset and VOC datasets, we
only report the performance of the same class as the VOC
dataset on the COCO dataset following the above evaluation
criterion.

4.2 Implementation details

In the region extractor, we set α = 1.2 to define the scope
of the surrounding regions, which we crop these surrounding
regions into 32*32 patches as key regions and resize these
regions to fixed 224*224 as inputs of the contrastive learn-
ing architecture. In the RA algorithm, the best performance
of the clustering process is obtained with cluster centroids
K=20, so we set K = 20 in all of our experiments. In the OI
constraint, we set the distance threshold Tdistance = 0.1 to
measure the correctness of clustering results for the distance
sub-constraint. We set the score threshold Tscore = 0.95 to
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represent the direction similarity of the positive key regions
and query regions.

In the optimization strategy, we set the learning rate decay
coefficient β = 0.5 at the query with the clustering stage and
the accurate object regions mining stage. The other training
settings in the R-CCF module are adopted from the setups in
MoCo v3 [28]. Specifically, theR-CCFmodule usesAdamW
optimizer, and the batch size is set to 96. We search for
lr(initial lr=1.5e-4) and weight decay wd(initial wd=1e-6)
based on 100-epoch results.We adopt the learning ratewarm-
up for the first 30 epochs and the lr follows a cosine decay
schedule after warm-up. Our augmentation policy includes
Random Color Jitter, Random Grayscale, Random Gaussian
Blur, and Random Solarize, which is used to transform an
inputted query region into two correlated views b

′
r and b

′′
r as

inMoCo v3. In all our experiments, we run the publicly avail-
able deep learning framework PyTorch1.7.1 on an NVIDIA
TESLA P100 GPU with CPU Xeon E5-1620 v4@3.50GHz.

Note that the test set was never involved in the tuning
of any parameters or hyperparameters in all experiments
(i.e. the comparisons with other state-of-the-art detectors and
the ablation study).

4.3 Main results

The R-CCF module only needs to calculate the multi-region
predicted loss on the predicted object regions from off-the-
shelf weakly supervised detectors, so it can be easily applied
to various weakly methods. To validate the effectiveness of
our R-CCF, we conduct experiments based on three classic
and popular detectors trained on the PASCAL VOC 2007
and VOC 2012 datasets, including WSDDN [3], OICR [2],
MIST [1]. We plug our R-CCF module into the above three
weakly supervised detectors and train them in an end-to-end
manner.

We stress that our module does not use any label during
training (no bounding box and class annotations are used),
the only thingwe need is the predicted regions by the baseline
weakly supervised detectors. The reason is that we use the
contrastive learning and clustering methods to automatically
enlarge the most discriminative object regions generated by
any existing weakly supervised detector. Thus, any off-the-
shelf weakly detectors can be used as our baseline detector.

As shown in Table 1, we can see that the R-CCF module
achieves 32.5%, 42.5% and 55.2% in mAP on the PASCAL
VOC 2007 test set, which are 2.1%, 1.3% and 0.3% higher
than the baseline detectorsWSDDN [3], OICR [2],MIST [1]
respectively. All the baseline detectors gain mAP improve-
mentswith theR-CCFmodule,whichdemonstrates the effec-
tiveness of our proposed method in WSOD. Interestingly,
based on the predicted results of a simple weakly-supervised
object detector WSDDN-L [3], our R-CCF increases the
mAP by a large margin, i.e. from 30.4% to 32.5% without

an iterative refinement strategy, which proves our method
can handle some complex scenarios. Moreover, based on the
state-of-the-art weakly supervised detector [1] with refine
strategy, our proposedmethod still improves themAP perfor-
mance from 54.9% to 55.2%. The above experiments prove
that our proposed method is not only suitable for the method
based on refined strategy but also for the simplest weakly-
supervised object detector without the refinement iteration.

Table 2 shows the CorLoc on the VOC 2007 trainval set,
similarly, we can see that our proposed method surpasses
all baseline detectors clearly. For example, R-CCF based on
OICR achieves 62.4% inCorLoc, exceeding the baseline by a
largemargin (i.e. 1.8%). Furthermore, R-CCF based on other
weakly detectors (e.g. WSDDN and MIST) also improves
in CorLoc, i.e. 49.7% vs. 49.4, and 68.9% vs. 68.8%. The
comparison of CorLoc performance demonstrates that our
method can solve the problem of highlighting only the most
discriminative regions in WSOD.

To validate the effectiveness and robustness of our pro-
posed method, we also conduct experiments on the VOC
2012 dataset, i.e. training our R-CCF framework on the VOC
2012 trainval set and evaluating on the VOC 2012 test set.
Table 3 shows that the R-CCF module achieves 41.5% and
54.6% in mAP, which are 3.6% and 0.2% higher than the
baseline detectors OICR [2] and MIST [1] respectively.

Moreover, R-CCF based on these two baseline detectors
also improves in CorLoc(i.e. 62.1%vs. 63.2%, and 71.2%vs.
71.4%). According to the improvement in mAP and CorLoc,
we can conclude that our proposed method tends to focus on
a complete object region and, indeed, refines the predicted
results of baseline detectors. Meanwhile, to analyze the com-
plexity of the proposed method, we test the parameters and
giga floating-point operations per second(GFLOPs) of the
model that affect training and inference time and the required
computational resources. The last two columns in Table 3
denote the number of network parameters and the GFLOPs
results by testing a batch of the first 100 color images and
their corresponding region proposals on the VOC2012 test
set with a TESLA P100 GPU. As shown in Table 3, com-
pared with the baseline (i.e. OICR), our module brings 44
M parameters and acceptable computational cost (362.28
vs. 498.91 in GFLOPs), but the mAP and CorLoc perfor-
mance is improved, i.e. +3.6% and + 1.1% based on OICR,
which further verifies the effectiveness of our R-CCFmodule
for WSOD.

Furthermore, to validate whether more training data can
further improve the detection performance, we follow the
experimental setting (i.e. using an extra training set) of
MIST [1] to train our R-CFF module, i.e. we use the pre-
dicted results of MIST on the VOC0712train/val sets as the
input(i.e. query regions and key regions) of our R-CCFmod-
ule. Similarly, we plug our R-CCFmodule into the MIST [1]
weakly supervised detector and train it in an end-to-end
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Table 3 The mAP(%), Corloc(%), Parameters(M) and GFLOPs of
our proposed R-CCF framework based on different baseline detectors
(i.e. OICR [2] and MIST [1]) on the VOC2012 test set and VOC2012
trainval set

Methods mAP(%) CorLoc(%) Parameters(M) GFLOPs

OICR [2] 37.9 62.1 134 362.28

OICR+R-
CCF(Ours)

41.5(+3.6) 63.2(+1.1) 178 498.91

MIST [1] 54.4 71.2 136 503.14

MIST+R-
CCF(Ours)

54.6(+0.2) 71.4(+0.2) 180 604.42

The Parameters denote the number of network parameters and the
CFLOPs (lower is better) is computed on the first 100 images of
VOC2012 test set with a TESLA P100 GPU

manner. Table 4 shows that R-CCF achieves state-of-the-art
performance (i.e. 58.3% inmAP) on the PASCALVOC2007
test set, which is 0.2% higher than the baseline detector. This
improvement further demonstrates the effectiveness of our
proposed method in WSOD.

Finally, we report the performance of our R-CCF in a
cross-dataset setting from VOC to COCO to demonstrate
the generalization ability of our method, i.e. we use a model
trained on theVOCdataset to conduct inference tests directly
on the COCO dataset. Since there is a difference in the num-
ber of categories between the COCO dataset and the VOC
datasets, we only report the performance of the same class as
the VOC dataset on the COCO dataset. As shown in Table 5,
compared to theMIST baseline trained on theCOCOdataset,
our method without training on the COCO dataset achieves a
remarkable result of 28.1% in mAP, which demonstrates the
generalization ability of our proposed R-CCF across differ-
ent datasets.

4.4 Ablation studies

To validate the contribution of each component in our R-CCF
module including the RA algorithm, OI constraint, and other
hyper-parameters, we conduct ablation experiments to prove
their effectiveness on the VOC 2007 dataset. Note that all

Table 4 ThemAP performance of our proposed R-CCFmodule trained
with different train sets based on the MIST detector on the VOC 2007
test set

Methods 07trian/val 0712trian/val

MIST [1] 54.9 58.1

MIST+R-CCF(Ours) 55.2 58.3

↑ +0.3 +0.2

07train/val means the models are trained on the VOC 2007 trainval set,
and 0712train/val denotes the models are trained on the VOC 2007 and
2012 trainval sets

ablation experiments are based on MIST [1] and the training
is terminated at 80 epochs unless otherwise stated.

Effectiveness of the RAalgorithm To verify the effectiveness
of the RA algorithm in our framework, as shown in Table 6,
we compare the proposed R-CCF module with the RA algo-
rithm against the baseline detector (without RA algorithm)
on the VOC 2007 test set. Although the baseline detector
(i.e. MIST [1]) already performs well on this dataset, we can
observe that the performance of R-CCF with RA algorithm
still outperforms the baseline detector by 0.21% in mAP
(from 54.9% to 55.11%). The reason for this improvement is
that the baseline detector often focuses on the most discrimi-
native parts of objects. In contrast, the RA algorithm follows
theMoCo v3 paradigm and a clustering process is conducted
to automatically query similarities of the most discriminative
regions and their surrounding regions, the selected surround-
ing regions with the most discriminative regions are further
used to merge as the candidates of final accurate object
regions. Although the most discriminative object regions
from the baseline detector contain limited object informa-
tion, R-CCF module with the RA algorithm can identify
the similarity of surrounding regions and form new object
regions using contrastive learning between query regions and
key regions. Moreover, we continually train the vision trans-
former using ourwell-designed optimization strategy to learn
the semantic knowledge of query regions and key regions,
which further improves the feature embedding ability of the
ViT. Based on the above reasons, the RA algorithm solves
the problem of highlighting only discriminative object parts
in WSOD, which also demonstrates the effectiveness of our
proposed RA algorithm in WSOD.

Effectiveness of the OI constraint To further validate the
effectiveness of the OI constraint, we show the performance
of our proposed R-CCF module with and without OI con-
straint on the VOC 2007 test set. As shown in the 2nd and
3rd row of Table 6, we can see that the R-CCF module with
OI constraint obtains 55.17% in mAP, surpassing the base-
line clearly (from 54.9% to 55.17%). As mentioned earlier,
the reason is that the class sub-constraint and distance sub-
constraints in the OI constraint measure the correctness of
the clustering process and hinder harmful clustering pro-
cesses,which are important for removingpositive key regions
with low confidence at the early training stage. By introduc-
ing the OI constraint, the detection performance increases
from 55.11% to 55.17% compared with using only the RA
algorithm. Clearly, this improvement validates the claim that
the OI constraint can remove positive key regions with low
confidence. The remaining positive key regions and query
regions are used to generate the final object regions. The
above experiments and analysis demonstrate the effective-
ness of our proposed OI constraint.
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Table 6 Ablation study results of RA algorithm and OI constraint on
VOC2007 test set

Method RA algorithm OI constraint mAP(%)

R-CCF module ✗ ✗ 54.9(baseline)

✓ ✗ 55.11(+0.21)

✓ ✓ 55.17(+0.27)

The performance of R-CCF module with or without RA algorithm and
OI constraint are reported, which are based on the MIST detector

Furthermore, a class sub-constraint and a distance sub-
constraint in the OI constraint are proposed to measure the
correctness of clustering results and further refine the rough
object region from the RA algorithm. Specifically, the class
sub-constraint judges whether query regions from different
views(i.e. b

′
i and b

′′
i ) are assigned to the same cluster. When

the class sub-constraint is met, the distance sub-constraint
further is used to calculate distances between b

′
i , b

′′
i and

their cluster centroid, if the difference between these two
distances is less than a threshold, we think that this clus-
tering process is valid and correct, and the final regions
generated by R-CCF can cover objects completely. Here, we
qualitatively show the influence of these two sub-constraints,
i.e. class sub-constraint and distance sub-constraint in the OI
constraint.

Figure 3 shows three typical clustering results based on the
class sub-constraint and the distance sub-constraint, includ-
ing mismatching class sub-constraint, mismatching distance
sub-constraint, and matching OI constraint (i.e. both the
class sub-constraint and distance sub-constraint are satis-
fied). First, the class sub-constraint judges whether b

′
i and

b
′′
i are assigned into the same cluster, and Fig. 3(a) shows the

case of mismatching class sub-constraint, where b
′
i and b

′′
i

are assigned into different clusters. Then, the distance sub-
constraint is used to calculate distances between b

′
i and b

′′
i

and the cluster centroid, we can observe that the difference
between these two distances is greater than a threshold

Table 7 The performance of different learning rate decay coefficients
β in the optimization strategy on the VOC2007 test set, where β=0
denotes the well-designed optimization strategy is not used

Learning rate decay
coefficient β

0 0.2 0.5 0.8 1.0

mAP(%) 55.13 55.15 55.17 55.17 55.16

Tdistance will result in amismatching distance sub-constraint,
as shown in Fig. 3(b). Finally, we visualize the cases of
class sub-constraint and distance sub-constraint are satis-
fied simultaneously, where all latent representations of query
regions and positive key regions are spatially adjacent and
associate with the same object in embedding space, as shown
in Fig. 3(c), thus the clustering process is correct and the final
regions generated by R-CCF can cover objects accurately.

Effectiveness of the optimization strategy To validate the
effectiveness of our optimization strategy in Section 3.5,
we compare the performance of R-CCF with and without
the optimization strategy(i.e. β �= 0 and β = 0) on the
VOC2007 test set. Table 7 shows that the detection perfor-
mance increases from 55.13% to 55.17% when R-CCF uses
the well-designed optimization strategy. Based on the above
experimental results, we can conclude that the optimization
strategy can further improve the feature embedding ability of
ViT, which also demonstrates the effectiveness of our opti-
mization strategy. We also use different learning rate decay
coefficients β to analyze the sensitivity of this parameter in
ViT feature embedding. Thus, we conduct several experi-
ments to investigate the influence of β. As shown in Table 7,
when β ∈ (0, 1), the performance is almost unchanged,
which indicates our optimization strategy is not sensitive to
the learning rate decay coefficient β. We obtain the best per-
formance (i.e. 55.17%) in mAP when β = 0.5, so we set
β = 0.5 in all experiments in this paper.

Fig. 3 Three typical clustering results based on the class sub-constraint
and distance sub-constraint, where + represents the centroids of each
cluster, · represents embedding features of query regions or key regions.
(a) Mismatching class sub-constraint, b

′
i and b

′′
i are assigned into dif-

ferent clusters. (b) Mismatching distance sub-constraint, the distance

between b
′
i and b

′′
i and the cluster centroid is large than a distance

threshold (i.e. Tdistance). (c) Matching class sub-constraint and dis-
tance sub-constraint simultaneously, all latent representations of query
regions and key regions in the same cluster are spatially adjacent and
associate with the same object. Best viewed in color and on computer
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Fig. 4 The mAP performance for various choices of K on the VOC
2007 test set, where K denotes the number of cluster centroids. The red
solid dot indicates the setting K=20 with the highest mAP

Analysis of cluster number K In this subsection, we con-
duct ablation experiments to find a suitable cluster number
K for generating high-quality rough object regions during
the clustering process in the RA algorithm. Figure 4 shows
the comparison of different cluster numbers K on the VOC
2007 test set. It can be observed that the initial performance
in mAP(i.e. MIST detector [1] as baseline) is 54.9%. By
increasing the clustering number K, the mAP first reduced
substantially compared with K=0, where K=1 denotes that
a query region and its key regions are assigned to the same
cluster. Then, the cluster number K gradually increases, and
the best performance 55.17% inmAP(i.e. K=20) is achieved,
which indicates that the suitable cluster number K improves
the mAP performance with an ascending trend(10 ≤ K ≤
20). We think the reason is that the RA algorithm finds the
positive key regions with high confidence and provides high-
quality rough object regions for the OI constraint. However,
by continuing to increase the cluster numberK (e.g. K > 20),
the detection network converges to the baseline mAP per-
formance around 54.9%. This is because each region may
become an independent cluster in these cases, and query
regions and key regions are not fused, i.e. the number of
cluster centroids is greater than the number of regions. For
quantitatively understanding the sensitivity of cluster num-
ber K in our R-CCF module, Table 8 shows the comparison

ofmAP performance utilizing the different cluster number K
(K=0, 1, 2, 3,..., 25) to train our module based on the baseline
on the VOC 2007 test set. We can observe that the detection
performance improves to 55.17% from 54.9% as K increases
in the clustering process since the RA algorithm provides
accurate object regions for the OI constraint. However, after
setting the cluster number K > 20, the mAP converges to
the baseline performance(i.e. 54.9%), the reason is that the
detection network converges to one point as explained in the
above. Thus, we set the cluster number K to 20 (i.e. K=20)
for all the experiments in our paper.

Analysis of the scope of surrounding regions α We conduct
ablation experiments to discuss the importance of the scope
of surrounding regions α, which directly affects the perfor-
mance(i.e. mAP) and computational cost(i.e. GFLOPs) of
our proposed method. Figure 5 and Table 9 show the com-
parison results utilizing different α (1.0, 1.2, 1.5, and 2.0) to
train our module on VOC 2007 test set. It can be observed
that the initial performance inmAP(i.e.MIST baseline [1]) is
54.9%. By increasing α, the mAP first increases and reaches
the best performance 55.17% in mAP(i.e. α=1.2). Then, the
performance gradually decreases,which indicates that a large
range of key regions is associated with adjacent instances of
the same category. Meanwhile, the computational cost con-
tinually increases, as shown in Fig. 5. The reason is that a
large number of query regions and key regions are used in
the continual contrastive fusion process. Therefore, to bal-
ance detection performance(i.e. mAP) and computational
costs(i.e. GFLOPs), we set α to 1.2 for for all the experi-
ments in our paper.

Analysis of the ratio of surrounding regions As stated in the
region extractor (Section 3.2), 60% of surrounding regions
are randomly used in the RA algorithm and the OI constraint.
To make clear how to tune the ratio of surrounding regions
in the region extractor, we compare the performance of R-
CCF on the VOC2007 test set under the setting of using 60%
and 100% surrounding regions as the key regions, respec-
tively. Table 10 shows that the best detection performance
(i.e. 55.17%) is achieved when the ratio of surrounding
regions is set to 60%. Meanwhile, the clustering computa-
tion time decreases by 202 ms (from 444 ms to 242 ms).
There are two reasons for this improvement: the 60% ratio

Table 8 The mAP performance
in different cluster numbers on
the VOC 2007 test set, where K
denotes the number of clusters
and K=0 represents the
performance without the RA
algorithm

K 0 1 2 3 4 5 8

mAP(%) 54.9 20.71 45.62 49.19 51.90 52.95 54.23

↑ 0 −34.19 −9.28 −5.71 −3.00 −1.95 −0.67

K 10 15 18 20 22 25

mAP(%) 55.15 55.08 55.07 55.17 54.96 55.02

↑ +0.25 +0.18 +0.17 +0.27 +0.06 +0.12
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Fig. 5 The
performance(i.e. mAP) and
computational
costs(i.e. GFLOPs) for different
α on VOC 2007 test set, where
mAP(larger is better) and
CFLOPs (lower is better) are
computed on the first 100
images of VOC2007 test set
with a TESLA P100 GPU

of surrounding regions can prominently reduce the time of
querying and clustering and 60% of surrounding regions still
efficiently mine accurate object localization regions(i.e. pos-
itive key regions can be clearly detected using only a few key
regions in a row or column). Based on the above experimen-
tal results and analysis, we prove the effectiveness of setting
the 60% ratio of the surrounding regions as key regions.

4.5 State-of-the-art comparison

We compare our proposed R-CCFmodule with several state-
of-the-art weakly supervised detectors on the VOC 2007 test
set, including SDCN [51], C-MIL [52], Yang [53], PCL++
[22], SLV [54], WSOD2 [23], PredNet [55], C-MIDN [56],
Zhang [5], SDCN+FRCNN [51], SLV+FRCNN [54], IDO
[41], MIST [1], C-MIL+FRCNN [52], C-MIDN+FRCNN
[56], PredNet+FRCNN [55], Yang+FRCNN [53] and IDO+
FRCNN [41]. The upper part in Table 11 shows the detec-
tion performance of each weakly supervised detector. Addi-
tionally, we can observe that the proposed method surpasses
all previous approaches on the VOC2007 test set. For exam-
ple, the R-CCF module exceeds the previous state-of-the-art
method (i.e. MIST) 0.3%. Moreover, though we do not
train a fully-supervised detector like Faster-RCNN [60]
by using pseudo ground-truths, such as SDCN+FRCNN

Table 9 The mAP and GFLOPs performance in different α, where
mAP(larger is better) and CFLOPs (lower is better) are computed on
the first 100 images of VOC2007 test set with a TESLA P100 GPU

α 1.0 1.2 1.5 2.0

mAP(%) 54.90 55.17 55.13 54.68

GFLOPs 571.14 578.42 665.34 678.01

[51], SLV+FRCNN [54], Zhang et al. [5], MIST [1], C-
MIL+FRCNN [52], C-MIDN+FRCNN [56], PredNet+FRC
NN [55], and Yang+FRCNN [53], R-CCF module can still
achieve the highest performance of 55.2% inmAP,which fur-
ther demonstrates the effectiveness of our proposed method
in the task of WSOD.

Furthermore, to validate whether more training data can
further improve detection performance, we compare our pro-
posed method with other detectors using additional training
sets on the VOC 2007 test set. As shown in the lower part
of Table 11, our method also achieves the best performance
(i.e. 58.3%), which is a new state-of-the-art performance in
WSOD, surpassing all previous methods [1, 23, 43, 57–59]
clearly. This improvement further demonstrates the robust-
ness and generalization of our proposed method in weakly
supervised object detection.

We also show the CorLoc performance of our R-CCF
based onMIST comparedwith other state-of-the-artmethods
on the VOC 2007 trainval set. As shown in Table 12, we can
see that our R-CCF (i.e. 68.9%) surpasses the baseline MIST
(i.e. 68.8%) by 0.1%, which proves our method can refine
the target object locations. In addition, we achieve a com-
petitive performance in CorLoc compared with other SOTA
methods, such as WSOD2 [23], PredNet [55], and SLV [54].
Since our R-CCF is orthometric with the baselines and it can

Table 10 The mAP performance in different ratios of surrounding
regions, where clustering time represents the time of performing R-
CCF module once at the query and clustering stage

Ratio of the sur-
rounding regions

mAP(%) Clustering time(ms)

60% 55.17 242

100% 55.11 444
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plug into any existingweakly supervised detector, we believe
our R-CCF can further achieve a higher CorLoc performance
if based on a better baseline detector (e.g. SLV), which is left
in the future.

Finally, we compare R-CCF module with several state-
of-the-art weakly detectors on the VOC 2012 test set,
including OICR [2],C-WSL [72], WSRPN [70],C-MIL [52],
Yang [53], C-MIDN [56], WSOD2 [23], OIM [73], Pred-
Net [55], IDO [41], SLV [54], IDO+FRCNN [41], MIST [1]
and CASD [74], as shown in Table 13. Table 13 shows that
the proposed method clearly surpasses all previous mod-
els on the VOC 2012 test set. Regarding the mAP metric,
our proposed method exceeds the previous state-of-the-art
method (i.e. MIST) by 0.2% (from 54.4% to 54.6%) abso-
lutely. In terms of the CorLoc metric, our proposed method
achieves the competitive results (i.e. 71.4% vs. 72.3%) on the
VOC2012 trainval set. The reason for these improvements is
that our proposed method can achieve a more accurate object
region than other weakly supervised detection methods. The
comparison on theVOC2012 dataset also proves that R-CCF
is effective in WSOD.

4.6 Qualitative results

Figure 6 shows some detection results predicted by our pro-
posed R-CCF module on the VOC2007 and VOC2012 test
sets. In the first four rows, we show some detection results

Table 13 Comparison results in mAP(%) and CorLoc(%) for different
weakly supervised methods on the PASCAL VOC 2012 test set

Method mAP(%) CorLoc(%)

OICR [2] 37.9 62.1

C-WSL [72] 43.0 64.9

WSRPN [70] 43.4 64.9

C-MIL [52] 46.7 67.4

Yang [53] 46.8 69.5

C-MIDN [56] 50.2 71.2

WSOD2 [23] 47.2 71.9

OIM [73] 45.3 67.1

PredNet [55] 48.4 69.5

IDO [41] 49.0 67.7

SLV [54] 49.2 69.2

IDO+FRCNN [41] 51.7 71.2

CASD [74] 53.6 72.3

MIST [1] 54.4 71.2

Ours 54.6 71.4

Clearly, our method obtains the best performance in mAP(%) and gets
a comparable performance in CorLoc(%)

in images that include a single or multiple objects. From
these qualitative results, we observe that our method can
successfully mine the whole object region even though some
object instances are occluded and non-rigid. This demon-
strates the effectiveness of our proposed method in solving
the problem of highlighting only the most discriminative
regions. Moreover, we also visualize some failure cases in
the last two rows in Fig. 6, i.e. missed objects, and grouped
instances. Themain reason is that our R-CCF is influenced by
the predictions from the baseline weakly supervised detec-
tor. Our R-CCF can not solve these two problems in that
the regions of objects predicted by the baseline detector
are missed and grouped. However, for the main problem of
highlighting only discriminative object parts in WSOD, our
proposed R-CCF can detect the complete object region well,
as shown in the first four rows in Fig. 6.

5 Conclusion

In this paper, we propose an end-to-end R-CCF module for
weakly supervised object detection (WSOD). To solve the
problem of highlighting only discriminative object parts in
WSOD, a novel RA algorithm is proposed to identify similar-
ities between query regions and key regions, and new rough
object regions are formed based on the clustering results.
In the RA algorithm, a multi-region predicted loss and an
optimization strategy are designed to optimize ViT for bet-
ter extracting the representation of query regions and key
regions. However, some unsteady and noisy key regions with
low confidence are classified as positive key regions, which
will inevitably disrupt the RA algorithm and become a sub-
optimal problem. To overcome this problem, OI constraint,
including class sub-constraint and distance sub-constraint, is
proposed to refine rough object regions from the RA algo-
rithm, and accurate object regions are achieved by removing
positive key regions with low confidence. Meanwhile, a
well-designed training strategy is proposed to overcome
the sub-optimal problem further by improving the feature
embedding ability of ViT. Extensive experiments on the
widely used WSOD dataset demonstrate the effectiveness of
our proposed R-CCF module for detecting complete object
regions, and show that we outperform previous state-of-the-
artmethods by a largemargin,where the largest improvement
is registered for non-grid objects.

Detecting completely object regions in WSOD is still an
open challenge, in the future, we plan to design more effec-
tive methods for learning the stronger feature maps of query
regions and key regions, and then further explore their rela-
tionship for accurate fusing. Moreover, encouraged by the
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Fig. 6 Qualitative results of our proposed R-CCFmodule and the base-
line detector on the VOC2007 and VOC2012 test sets. Blue and red
bounding boxes denote our predictions and baseline predictions, respec-
tively. Green bounding boxes denote the ground truths. In the first four

rows, we show that some object instances are successfully detected by
our proposed method. We also show some failure cases, where the final
predicted object regions(i.e. blue bounding box) hard cover the com-
plete object in the fifth and sixth rows. Best seen on a computer in
color

achieved results, we plan to extend our proposed method
to other kinds of weakly supervised tasks. Finally, with
the development of the vision-language model(e.g. CLIP),
we will also introduce CLIP to the weakly supervised
tasks, which fully utilizes the image-level label semantic
information of NLP to save high-quality region proposals
and reduce expensive computational costs.
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