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ABSTRACT
In weakly supervised object detection, conventional methods treat object location in each image as a latent variable
and use non-convex optimization to solve the latent variable.
However, as the optimization objective is image-level instead of sample-level, the learning procedure tends to choose
object parts as false positive samples. Furthermore, when
multiple classes of objects appear in the same images, the
models could invite class-correlations and lose discriminative
capability. In this paper, we propose a simple but effective
suppression strategy that mines hard negative samples in the
learning procedure to ease the above problems. We propose using a spatial-voting strategy to help finding negative
samples to suppress the impact of object parts. We also use
regions from class-correlated images as negative samples to
suppress the impact of class-correlations. Experiments show
that our approach significantly improves the baseline by 6%
and achieves state-of-the-art performance.
Index Terms— Weakly Supervised Object Detection,
Correlation and Part Suppression, SLSVM
1. INTRODUCTION
Object detection is one of the most fundamental computer vision task. Nevertheless, most existing object detection methods require a considerable amount of manual annotations of
samples (classes and locations) at learning stage [1, 2, 3].
Considering that the image-level annotations are widely available on the Internet, weakly supervised object detection (WSOD), which uses image-level annotations about the presence
or absence of a class of objects, has attracted increasing attentions.
Multi-instance learning (MIL) [4, 5, 6], latent SVM
(LSVM) [7, 8, 9, 10, 11] and clustering [9, 12, 13] are
three kinds of widely used WSOD methods. MIL treats
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Fig. 1. Illustration of object part and class-correlation problems. (a) Object parts (red boxes) could follow a SLSVM
model, and thus be falsely detected as positives. (b) The presence of object from other classes (yellow boxes) introduces
correlation to the “horse” object class (green boxes). (Better
view in color version)
each training image as a “bag” of samples and iteratively
selects high-scored samples from each bag to learn models. Recent proposed multi-fold MIL [5, 6] uses division
of training set and cross validation to prevent training from
prematurely locking onto erroneous object locations. Various clustering approaches target at finding a single compact
cluster for the object class and multiple ones for the related
backgrounds. Wang et al. [12, 13] calculate clusters of image
windows with probabilistic latent Semantic Analysis (pLSA)
on the regions of positive samples, as well as employing these
clusters and a voting-like approach to determine positive subcategories. Bilen and Song [9, 11] use clustering to initialize
their latent variables (i.e. object regions, part configurations
and sub-categories) and learn object detectors based on this
initialization.
Latent SVM has been the most popular WSOD method,
which learns weakly supervised models with a non-convex
optimization function. To prevent the optimization from getting stuck to local minimum, Bilen et al. [8] propose regularizing object symmetry and class mutual exclusion informa-
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Fig. 2. Flowchart of our proposed approach.
tion in the objective function. Song et al. [10] improve the
optimization of latent SVM by applying Nesterov’s smoothing technique. Bilen et al. [9] improve the solution of latent
SVM by regularizing a term for convex clustering.
The conventional LSVM based approaches [8, 9, 10, 11]
aim to optimize the image-level classification instead of the
sample-level classification. Once the image-level classification objective function reaches optimization, whether or not
the sample-level classification is optimized, the learning procedure stops. Considering that all positive images contain the
object parts but none of negative images does, LSVM is easy
to falsely select object parts as “positive” samples.
In addition, a single training image might contain multiple
classes of objects, thus the image has multiple image-level
labels. When learning a detector for the target class of objects
using images of multiple labels, the non-target objects could
be falsely introduced into target class by the latent SVM, and
bring correlations to the learned detector.
In this paper, we propose a simple but effective suppression strategy to ease the above problems. First, we suppress
the object class correlation by statistically sampling the negative images with the correlation information and train a
correlation-suppressed model. We then predict the object
location by a spatial voting scheme and obtain the negative
object parts for retraining a part-suppressed model.
The remainder of this paper is organized as follows. In
Section 2, we review the Soft-max LSVM (SLSVM) approach, followed by our proposed learning approach with
part and correlation suppression. Section 3 presents the experimental results and Section 4 concludes the paper.
2. APPROACH

2.1. Review of SLSVM
Let x ∈ X, y ∈ Y, h ∈ H denote image, its binary label
and the object location (bounding box) which is a latent variable to be solved, respectively. The joint feature vector [8] of
image x, label y and location h is defined as follows:

φ (x, h) if y = 1
→
Φ (x, y, h) =
(1)
if y = −1,
0
where φ denotes the feature representation. For image x, its
label y and the region h of the target object can be predicted
via a detection model w by maximizing the flowing function
{y ∗ , h∗ } = arg max w · Φ (x, y, h) .
(2)
y∈Y, h∈H

Concretely, the objective function

 forlearning the model
w on the training image set S = xi , y i , i = 1, . . . , N is
defined as:
N



1
L (w, S) =  w2 + λ
(3)
lm w, xi , y i ,
2
i=1
where the regularization term of the image classification loss
lm is defined as

lm (w, xi , y i ) = log exp(w · Φ(xi , y, h) + Δ(y i , y))
y,h
− log exp(w · Φ(xi , y i , h)),
h

(4)
where Δ(y i , y) = 0 if y = y i , 1 else.
In learning procedure, a concave-convex optimization for
max-margin latent SVM is used to solve the non-convex problem. More details can be found in [7, 8].
2.2. Correlation Suppression

The flowchart of our approach is shown in Fig. 2. It incorporates the proposed correlation and part suppression strategies
into the SLSVM-based weakly supervised detection framework. In the learning stage, we separately train a detector for
each object class. We use the Selective Search algorithm [14]
to extract regions as [3, 15], which produces about 2000 samples for each image. Each region is represented with a 4096
dimensional feature vector from FC7 layer of the CNN pretrained on the ILSVRC image classification dataset [16]. In
correlation suppression, we use all positive images and correlated negative samples for SLSVM training. In part suppression, we use object parts as negatives samples and train an
SVM model.



The correlation problem is caused by multiple labels of images. Conventional WSOD methods that simply use all (or
randomly sampled subset) of the negative images in the learning stage do not consider the class-correlation problem. In
this paper, we experimentally find that class-correlations do
effect the WSOD performance and the object distributions in
the positive images are suitable to describe such correlations.
Considering that the correlation between two object classes
is not symmetric, e.g., half of the “horse” images contain the
object “person” while only one in ten of the “person” images
contain the object “horse”, we have to calculate the correlation vector for each class of objects individually. The pipeline
of correlation suppression is described in Algorithm 1. For

Algorithm 1 Correlation Suppression
Input: Training image set X of C object classes
Output: Corrlation-suppressed model {wc , c=1, 2, . . . , C}
1: for each object class c do
2:
Xc+ , Xc− ← X // Class-specifically divided.
+
3:
L+
// L+
c ← Xc
c is the positive image labels set
+
4:
ρc ← L c
// ρc is the class correlation for class c
+
5:
XcT
← Xc+ // XcT is the training image set
−
6:
XcT
←∅
7:
for each object class k except c do
8:
Xkρ ← ρ, Xc− // Negative sampling for class k
−
−
9:
XcT
← XcT
∪ Xkρ
10:
end for
+
−
11:
wc ← T raining SLSV M using XcT
, XcT
12: end for
the target object class c, we divide the training image set X
into positive set Xc+ and negative set Xc− . To calculate how
many correlated (negative for class c) objects appear in the
positive images, we get the label set L+
c by counting all the
image labels except label c in positive set Xc+ . We then calculate the correlation vector ρc , which indicates the relation
between positive objects and correlated objects, by
 
+
ρc = hist L+
(5)
c / Lc ,
where hist (·) denotes the calculation of histograms, and the
function |·| returns the total number of elements in a set. We
then sample the negative samples for each correlated object
class k except c (because images with label c are positive) by
randomly sample ρc |Xc− | images of class k in Xc− .
After obtaining the positive and negative image set Xc+
and Xc− , the correlation-suppressed SLSVM model for object
c can be trained. We apply such a procedure to all classes of
objects to obtain the correlation-suppressed SLSVM models.
2.3. Part Suppression
We also propose suppressing the impact of object parts by
sampling object parts as negative training samples. In WSOD
settings, however, there are no precise locations for positive
training samples and the top-scored samples obtained by the
SLSVM model may be incorrect (as shown in Fig. 1(a)),
which makes it difficult to directly extract the object parts. We
propose using a spatial “voting” scheme to predict the positive object location and then localize object parts as negatives
(shown in Fig. 3). We retrain a part-suppressed detection
model using the previous obtained samples.
We use the SLSVM model trained in section 2.2 as an
initial model, and calculate the detection score for each sample. We then choose a set samples HS by using the SLSVM
scores, as:
HS = {score(h) > θ| h ∈ H} ,

(6)
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Fig. 3. (a) The high-scored boxes; (b) The predicted positive
sample (yellow dotted box); (c) Selection of object parts as
negative samples (yellow solid boxes). (Better view in color
version)
where θ is the score threshold (as shown in Fig. 3(a)).
 Given
NHS samples hi = (pi1 , q1i , pi2 , q2i ), i = 1, ..., NHS , where
(pi1 , q1i ) and (pi2 , q2i ) denote the left-top and right-bottom
coordinates of sample hi , the predicted object location h∗
(shown in Fig. 3(b)) is
(7)
h∗ = (p1 , q1 , p2 , q2 ) ,

where p1 = 1/NHS i∈[1,NH ] pi1 is a coordinate value by
S
spatial voting and q1 , p2 and q2 are similar to it. Then, the
negative object parts can be obtained by the predicted object
location h∗ as
{h |0 < overlap (h, h∗ ) ≤ δ, h ∈ H} ,

(8)

where overlap(·) denotes the intersection-over-union overlap between two boxes (samples) and δ denotes the overlap
threshold.
To learn a part-suppressed detector, we choose the fully
supervised SVM model. In the SVM learning procedure, predicted object regions (with Eq. 7) from all positive images are
chosen as positive training samples. The predicted object part
samples are merged with the samples from negative images
as negative training samples.
3. EXPERIMENT
We evaluate our approach on the challenging PASCAL VOC
2007 dataset [17], which totally contains 20 object classes
and 9963 images. The dataset is are divided into three subsets: train, val and test with 2501, 2510 and 4952 images,
respectively. Following the previous works of WSOD, we use
the trainval set for training and test set for testing. Each object class has an image-level label where 1 means that there
is at least one target objects in the image, -1 means none and
0 means the “difficult” image for recognition. We exclude
the images with label 0 for each object class in the training
process as [8].
In the PASCAL VOC dataset, there are about 350 positive
images and 4650 negative images for each object class. In
experiments, we propose using all positive images for each
object class and class-correlated negative images obtained by
the correlation suppression strategy. Using class-correlated
negatives not only benefits the learned detection models but
also reduces the memory cost during the learning stage. In

Table 1. The detection results of the previous works and our proposed method on PASCAL VOC 2007
Method
Song et al. [10]
Song et al. [11]
Bilen et al. [8]
Bilen et al. [9]
SLSVM [8]
Our slsvm
Our slsvm+C
Our slsvm+C+P

aero
27.6
36.3
42.2
46.2
39.8
36.1
35.2
44.9

bike
41.9
47.6
43.9
46.9
42.0
36.4
48.2
52.2

bird
19.7
23.3
23.1
24.1
22.7
18.1
20.2
24.5

boat
9.1
12.3
9.2
16.4
9.1
10.5
14.0
14.4

bottle bus
10.4 35.8
11.1 36.0
12.5 44.9
12.2 42.2
12.9 42.1
10.0 35.1
2.5 41.2
11.2 40.6

car
39.1
46.6
45.1
47.1
42.1
43.3
43.9
52.2

cat
33.6
25.4
24.9
35.2
23.4
31.8
26.8
35.2

chair
0.6
0.7
8.3
7.8
9.3
2.7
5.3
3.4

cow
20.9
23.5
24.0
28.3
21.3
21.7
29.3
28.9

table
10.0
12.5
13.9
12.7
8.0
10.6
9.5
3.4

dog
27.7
23.5
18.6
21.5
17.9
19.1
21.9
25.9

hors
29.4
27.9
31.6
30.1
27.6
30.9
35.3
39.4

mbik
39.2
40.9
43.6
42.4
41.9
34.3
38.1
44.4

pers
9.1
14.8
7.6
7.8
10.8
14.9
11.9
24.5

plnt
19.3
19.2
20.9
20.0
18.8
14.2
17.3
17.2

shp
20.5
24.2
26.6
26.8
19.9
17.5
25.4
19.1

sofa
17.1
17.1
20.6
20.8
18.4
8.3
14.5
18.2

train
35.6
37.7
35.9
35.8
33.5
30.1
37.6
40.7

tv
7.1
11.6
29.6
29.6
18.2
13.9
20.5
24.9

mAP
22.7
24.6
26.4
27.7
24.0
22.0
24.4
28.3

Fig. 5. Illustration of the effectiveness of part suppression.
Red boxes are detection results by the SLSVM. Green boxes are results of our approach with part suppression. (Better
view in color version)

Fig. 4. Illustration of the effectiveness of correlation suppression. From left to right: object locations, score heat-maps of
SLSVM, score heat-maps after correlation suppression. (Better view in color version)
the part suppression procedure, we experimentally choose an
overlap threshold δ defined in Eq. 8. Experiments show that
with δ = 0.3 we can obtain the best performance.
Table 1 shows the mean average precisions (mAPs) of the
proposed approach and other state-of-the-art approaches. In
Table 1, “SLSVM” denotes the SLSVM baseline in [8] and
“Our slsvm”, “Our slsvm+C” and “Our slscm+C+P” denote
the SLSVM baseline, SLSVM with correlation suppression,
and SLSVM with both correlation and part suppression, respectively. It shows our implemented baseline for SLSVM
model “Our slsvm” gets 22% mAP, which is 2% lower than
“SLSVM” [8]. It can be seen in Table 1 that “Our slsvm+C”
improves the baseline by 2.4% while “Our slsvm+C+P” further improves 3.9%. Our approach finally yields a detection
mAP of 28.3%, which significantly improves the baseline result by 6.3% and slightly improves the state-of-the-art approach [9] result by 0.6%.
Fig. 4 and Fig. 5 show the detection results. It can be
seen in Fig. 4 that by using the correlation suppression strat-



egy, the class-correlated objects (“car”, “person”, “table” and
“sheep”) are suppressed and the target objects (“bus”, “bottle”, “TV” and “dog”) are more precisely detected. Fig. 5
shows that the proposed part suppression strategy reduces the
response of object parts in the learning stage, which consequently improves the detection models and precision.
4. CONCLUSION
In this paper, we revisit the challenging weakly supervised
object detection problem. Most of the conventional methods using a non-convex optimization approach to learn models
that achieve best image-level classification could be impacted
by object parts and class correlations. Adopting the soft-max
latent SVM as the learning method, we propose a part and
correlation suppression strategy which uses negative samples
to alleviate the impact of object part and class correlation. Experiments show that our proposed strategy is effective, indicating that object part and class-correlation are two important
factors in weakly supervised object detection. To facilitate
future development, we have made the source code publicly
available at www.ucassdl.cn.
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