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Abstract

Supervised object detection and semantic segmentation
require object or even pixel level annotations. When there
exist image level labels only, it is challenging for weakly
supervised algorithms to achieve accurate predictions. The
accuracy achieved by top weakly supervised algorithms is
still significantly lower than their fully supervised coun-
terparts. In this paper, we propose a novel weakly su-
pervised curriculum learning pipeline for multi-label ob-
Ject recognition, detection and semantic segmentation. In
this pipeline, we first obtain intermediate object localiza-
tion and pixel labeling results for the training images, and
then use such results to train task-specific deep networks
in a fully supervised manner. The entire process consists
of four stages, including object localization in the training
images, filtering and fusing object instances, pixel label-
ing for the training images, and task-specific network train-
ing. To obtain clean object instances in the training im-
ages, we propose a novel algorithm for filtering, fusing and
classifying object instances collected from multiple solution
mechanisms. In this algorithm, we incorporate both met-
ric learning and density-based clustering to filter detected
object instances. Experiments show that our weakly super-
vised pipeline achieves state-of-the-art results in multi-label
image classification as well as weakly supervised object de-
tection and very competitive results in weakly supervised
semantic segmentation on MS-COCO, PASCAL VOC 2007
and PASCAL VOC 2012.

1. Introduction

Deep neural networks give rise to many breakthroughs in
computer vision by usinging huge amounts of labeled train-
ing data. Supervised object detection and semantic segmen-
tation require object or even pixel level annotations, which
are much more labor-intensive to obtain than image level la-
bels. On the other hand, when there exist image level labels
only, due to incomplete annotations, it is very challenging to
predict accurate object locations, pixel-wise labels, or even
image level labels in multi-label image classification.

Given image level supervision only, researchers have
proposed many weakly supervised algorithms for detecting
objects and labeling pixels. These algorithms employ dif-
ferent mechanisms, including bottom-up, top-down [44, 23]
and hybrid approaches [32], to dig out useful information.
In bottom-up algorithms, pixels are usually grouped into
many object proposals, which are further classified, and the
classification results are merged to match groundtruth im-
age labels. In top-down algorithms, images first go through
a forward pass of a deep neural network, and the result is
then propagated backward to discover which pixels actually
contribute to the final result [44, 23]. There are also hybrid
algorithms [32] that consider both bottom-up and top-down
cues in their pipeline.

Although there exist many weakly supervised algo-
rithms, the accuracy achieved by top weakly supervised al-
gorithms is still significantly lower than their fully super-
vised counterparts. This is reflected in both the precision
and recall of their results. In terms of precision, results from
weakly supervised algorithms contain much more noise and
outliers due to indirect and incomplete supervision. Like-
wise, such algorithms also achieve much lower recall be-
cause there is insufficient labeled information for them to
learn comprehensive feature representations of target object
categories. However, different types of weakly supervised
algorithms may return different but complementary subsets
of the ground truth.

These observations motivate an approach that first col-
lect as many evidences and results as possible from multi-
ple types of solution mechanisms, put them together, and
then remove noise and outliers from the fused results using
powerful filtering techniques. This is in contrast to deep
neural networks trained from end to end. Although this
approach needs to collect results from multiple separately
trained networks, the filtered and fused evidences are even-
tually used for training a single network used for the testing
stage. Therefore, the running time of the final network dur-
ing the testing stage is still comparable to that of state-of-
the-art end-to-end networks.

According to the above observations, we propose a
weakly supervised curriculum learning pipeline for object
recognition, detection and segmentation. At a high level, we



obtain object localization and pixelwise semantic labeling
results for the training images first using their image level
labels, and then use such intermediate results to train ob-
ject detection, semantic segmentation, and multi-label im-
age classification networks in a fully supervised manner.

Since image level, object level and pixel level analy-
sis has mutual dependencies, they are not performed in-
dependently but organized into a single pipeline with four
stages. In the first stage, we collect object localization re-
sults in the training images from both bottom-up and top-
down weakly supervised object detection algorithms. In
the second stage, we incorporate both metric learning and
density-based clustering to filter detected object instances.
In this way, we obtain a relatively clean and complete set of
object instances. Given these object instances, we further
train a single-label object classifier, which is applied to all
object instances to obtain their final class labels. Third, to
obtain a relatively clean pixel-wise probability map for ev-
ery class and every training image, we fuse the image level
attention map, object level attention maps and an object de-
tection heat map. The pixel-wise probability maps are used
for training a fully convolutional network, which is applied
to all training images to obtain their final pixel-wise label
maps. Finally, the obtained object instances and pixel-wise
label maps for all the training images are used for training
deep networks for object detection and semantic segmen-
tation respectively. To make pixel-wise label maps of the
training images help multi-label image classification, we
perform multi-task learning by training a single deep net-
work with two branches, one for multi-label image classifi-
cation and the other for pixel labeling. Experiments show
that our weakly supervised curriculum learning system is
capable of achieving state-of-the-art results in multi-label
image classification as well as weakly supervised object de-
tection and very competitive results in weakly supervised
semantic segmentation on MS-COCO [26], PASCAL VOC
2007 and PASCAL VOC 2012 [12].

In summary, this paper has the following contributions.

e We introduce a novel weakly supervised pipeline for
multi-label object recognition, detection and semantic seg-
mentation. In this pipeline, we first obtain intermediate
labeling results for the training images, and then use such
results to train task-specific networks in a fully supervised
manner.

e To localize object instances relatively accurately in the
training images, we propose a novel algorithm for filter-
ing, fusing and classifying object instances collected from
multiple solution mechanisms. In this algorithm, we incor-
porate both metric learning and density-based clustering to
filter detected object instances.

o To obtain a relatively clean pixel-wise probability map for
every class and every training image, we propose an algo-
rithm for fusing image level and object level attention maps

with an object detection heat map. The fused maps are used
for training a fully convolutional network for pixel labeling.

2. Related Work

Weakly Supervised Object Detection and Segmentation.
Weakly supervised object detection and segmentation re-
spectively locates and segments objects with image-level la-
bels only [28, 7]. They are important for two reasons: first,
learning complex visual concepts from image level labels is
one of the key components in image understanding; second,
fully supervised deep learning is too data hungry.

Methods in [28, 10, 9] treat the weakly supervised lo-
calization problem as an image classification problem, and
obtain object locations in specific pooling layers of their
networks. Methods in [4, 38] extract object instances from
images using selective search [40] or edge boxes [48], con-
vert the weakly supervised detection problem into a multi-
instance learning problem [8]. The method in [8] at first
learns object masks as in [10, 9], and then uses the E-M al-
gorithm to force the network to learn object segmentation
masks obtained at previous stages. Since it is very hard for
a network to directly learn object locations and pixel labels
without sufficient supervision, in this paper, we decompose
object detection and pixel labeling into multiple easier prob-
lems, and solve them progressively in multiple stages.
Neural Attention. Many efforts [44, 2, 23] have been made
to explain how neural networks work. The method in [23]
extends layer-wise relevance propagation (LRP) [1] to com-
prehend inherent structured reasoning of deep neural net-
works. To further ignore the cluttered background, a pos-
itive neural attention back-propagation scheme, called ex-
citation back-propagation (Excitation BP), is introduced in
[44]. The method in [2] locates top activations in each con-
volutional map, and maps these top activation areas into the
input image using bilinear interpolation.

In our pipeline, we adopt the excitation BP [44] to cal-
culate pixel-wise class probabilities. However for images
with multiple category labels, a deep neural network could
fuse the activations of different categories in the same neu-
rons. To solve this problem, we train a single-label object
instance classification network and perform excitation BP in
this network to obtain more accurate pixel level class prob-
abilities.

Curriculum Learning. Curriculum learning [3] is part of
the broad family of machine learning methods that starts
with easier subtasks and gradually increases the difficulty
level of the tasks. In [3], Yoshua et al. describe the concept
of curriculum learning, and use a toy classification problem
to show the advantage of decomposing a complex problem
into several easier ones. In fact, the idea behind curricu-
lum learning has been widely used before [3]. Hinton er
al. [17] trained a deep neural network layer by layer using
a restricted Boltzmann machine [36] to avoid the local min-



(a) Image Level Stage: Proposal Generation
and Multi Evidence Fusion

(b) Instance Level Stage: Outlier Detection and
Object Instance Filtering

(c) Pixel Level Stage: Probability Map Fusion
and Pixel Label Prediction
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Figure 1. The proposed weakly supervised pipeline. From left to right: (a) Image level stage: fuse the object heatmaps H and the image
attention map A, to generate object instances R for the instance level stage, and provide these two maps for information fusion at the pixel
level stage. (b) Instance level stage: perform triplet loss based metric learning and density based clustering for outlier detection, and train a
single label instance classifier ¢s(+, -) for instance filtering. (c) Pixel level stage: integrate the object heatmaps H, instance attention map
A;, and image attention map A, for pixel labeling with uncertainty.

ima in deep neural networks. Many machine learning algo-
rithms [37, 14] follow a similar divide-and-conquer strategy
in curriculum learning.

In this paper, we adopt this strategy to decompose the
pixel labeling problem into image level learning, object in-
stance level learning and pixel level learning. All the learn-
ing tasks in these three stages are relatively simple using
the training data in the current stage and the output from the
previous stage.

3. Weakly Supervised Curriculum Learning

3.1. Overview

Given an image I associated with an image level label
vector y; = [y, 42, ...,y¢]T, our weakly supervised cur-
riculum learning aims to obtain pixel-wise labels Y; =
[Y1,Ys, -, Yp]T, and then use these labels to assist weakly
supervised object detection, semantic segmentation and
multi-label image classification. Here C is the total num-
ber of object classes, P is the total number of pixels in I,
and ' is binary. y' = 1 means the I-th object class exists in
I, and y' = 0 otherwise. The label of a pixel p is denoted
by a C-dimensional binary vector y,,. The number of object
classes existing in I, which is the same as the number of
positive components of y; is denoted by K. Following the
divide-and-conquer idea in curriculum learning [3], we de-
compose the pixel labeling task into three stages: the image
level stage, the instance level stage and the pixel level stage.

3.2. Image Level Stage

The image level stage not only decomposes multi-label
image classification into a set of single-label object instance
classifications, but also provides an initial set of pixel-wise
probability maps for the pixel level stage.

(c) Fused Proposals

(a) Heatmap Proposals  (b) Attention Proposals
Figure 2. (a) Proposals R" and R' generated from an object
heatmap, (b) proposals generated from an attention map, (c) fil-
tered proposals (green), heatmap proposals (red and blue), and at-
tention proposals (purple).

Object Heatmaps. Unlike the fully supervised case,
weakly supervised object detection produces object in-
stances with higher uncertainty and also misses a higher
percentage of true objects. To reduce the number of miss-
ing detections, we propose to compute an object heatmap
H for every object class existing in the image.

For an image I with width W and height H, a dense
set of object proposals R = (Ry, R, ..., R;,) are generated
using sliding anchor windows. And the feature stride A, is
set to 8. The number of locations in the input image where
we can place anchor windows is H/As x W/ \,. Denote the
short side of image I by Lp. Following the setting used for
RPN [29], we let the anchor windows at a single location
have four scales [Lp/8, Lp/4, Lp/2, Lp] and three aspect
ratios [0.5, 1, 2]. After proposals out of image borders have
been removed, there are usually 12000 remaining proposals
per image. Here we define a stack of object heatmaps H =
[H', H?, ... Hc} as a C x H x W matrix, and all values are



set to zero initially. The object detection and classification
network ¢4(-, ) used here is the weakly supervised object
testing net VGG-16 from [38]. For every proposal R; in
R, its object class probability vector ¢4(I, R;) is added to
all the pixels in the corresponding window in the heatmaps.
Then every heatmap is normalized to [0, 1] as follows,

H = (H® — min(H"))/maz(H°),

where H is the heatmap for the c-th object class. Note
that only the heatmaps for object classes existing in I are
normalized. All the other heatmaps are ignored and set to
Zeros.

Multiple Evidence Fusion. The object heatmaps high-
light the regions that may contain objects even when the
level of supervision is very weak. However, since they are
generated using sliding anchor windows at multiple scales
and aspect ratios, they tend to highlight pixels near but out-
side true objects, as shown in Fig 2. Given an image clas-
sification network trained using the image level labels (here
we use GoogleNet V1 [44]), neural attention calculates the
contribution of every pixel to the final classification result.
It tends to focus on the most influential regions but not nec-
essarily the entire objects. Note that false positive regions
may occur during excitation BP [44]. To obtain more ac-
curate object instances, we integrate the top-down atten-
tion maps A, = [A;, Ai, s AS} with the object heatmaps
H=[H'H? .. H.

For object classes existing in image I, their correspond-
ing heatmaps H and attention maps A, are thresholded by
distinct values. The heatmaps H are too smooth to indicate
accurate object boundaries, but they provide important spa-
tial priors to constrain object instances obtained from the
attention maps. We assume that regions with a sufficiently
high value in the object heatmaps should at least include
parts of objects, and regions with sufficiently low values
everywhere do not contain any objects. Following this as-
sumption, we threshold the heatmaps with two values 0.65
and 0.1 to identify highly confident object proposals R" =
(R RS .., R?Vh) and relatively low confident object pro-
posals R' = (R}, R, ..., Rl ) after connected component
extraction. Then the attention maps are thresholded by 0.5
to attention proposals R* = (R{, RS, ..., R}, ) as shown
in Fig 2. Np, N; and N, are the proposal numbers of R",
R' and R®. All these object proposals have corresponding
class labels. During the fusion, for each object class, the at-
tention proposals R* which cover more than 0.5 of any pro-
posals in R" are preserved. We denote these proposals by
‘R, each of which is modified slightly to completely enclose
the corresponding proposal in R" meanwhile be completely
contained inside the corresponding proposal in R! (Fig 2).

o O
s 8 33
(b) Distance Map
Figure 3. (a) Input proposals of the triplet-loss network, (b) dis-
tance map computed using features from the triplet-loss network.

(a) Input Proposals

3.3. Instance Level Stage

Since multiple object categories present in the same im-
age make it hard for neural attention to obtain an accurate
pixel-wise attention map for each class, we train a single-
label object instance classification network and compute at-
tention maps in this network to obtain more accurate pixel
level class probabilities. The fused object instances from
the image level stage are further filtered by metric learning
and density-based clustering. The remaining labeled object
proposals are used for training this object instance classi-
fier, which can also be used to further remove remaining
false positive object instances.

Metric Learning for Feature Embedding. Metric learn-
ing is popular in face recognition [34], person re-
identification and object tracking [34, 46, 39]. It embeds
an image X into a multi-dimensional feature space by as-
sociating this image with a fixed size vector, ¢;(X, ), in
the feature space. This embedding makes similar images
close to each other and dissimilar images apart in the fea-
ture space. Thus the similarity between two images can
be measured by their distance in this space. The triplet-
loss network ¢;(-,-) proposed in [34] has the additional
property that it can well separate classes even when intra-
class distances have large variations. When there exist
training samples associated with incorrect class labels, the
loss stays at a high value and the distances between cor-
rectly labeled and mislabeled samples remain very large
even after the training process has run for a long time.
Now let R = [Ry, Rg, ..., Ro]T denote the fused object
instances from all training images in the image level stage,
and Y = [y;,Ys, -, Yo)T are their labels. Here O is the
total number of fused instances, and y; is the label vector
of instance R;. We train a triplet-loss network ¢, (-, -) using
GoogleNet V2 with BatchNorm as in [34]. Each mini-batch
first chooses b object classes randomly, and then chooses a
instances from these classes randomly. These instances are
cropped out from the training images and fed into ¢;(-, -).
Fig. 3 visualizes a mini-batch composition and the corre-
sponding pairwise distances among instances.



Clustering for Outlier Removal. Clustering aims to re-
move outliers that are less similar to other object instances
in the same class. Specifically, we perform density based
clustering [31] to form a single cluster of normal instances
within each object class independently, and instances out-
side this cluster are considered outliers. This is different
from that in [31]. Let R¢ denote instances in R with class
label ¢, and V. is the number of instances in R¢. Calcu-
late the pairwise distances d(-, -) among these instances, and
obtain the N, by N, distance matrix D¢. For an instance
R¢, if its distance from another instance is less than A\g (=
0.8), its density df, is increased by 1. Rank these instances
by their densities in a descending order, and choose the in-
stance ranked at the top as the seed of the cluster. Then
add instances to the cluster following the descending order
if their distance to any element in the cluster is less than A4
and their density is higher than N./4.

Instance Classifier for Re-labeling. Since metric learn-
ing and clustering screen object instances in an aggressive
way and may heavily decrease their recall, we use the nor-
mal instances surviving the previous clustering step to train
an instance classifier, which is in turn used to re-label all
object proposals generated in the image level stage again.
This is a single-label classification problem as each object
instance is allowed a single label. GoogleNet V1 with the
SoftMax loss serves as the classifier ¢s(+, ), and it is fine-
tuned from the image level classifier. For every object pro-
posal generated in the previous image level stage, if its la-
bel predicted by the instance classifier does not match its
original label, it is labeled as an outlier and permanently
discarded.

3.4. Pixel Level Stage

In previous stages, we have already built an image clas-
sifier, a weakly supervised object detector, and an object
instance classifier. Each of these deep networks produces
its own inference result from the input image. For exam-
ple, the image classifier generates a global attention map,
and the object detector generates the object heatmaps. In
the pixel level stage, we still perform multi-evidence fil-
tering and fusion to integrate the inference results from all
these component networks to obtain the pixelwise probabil-
ity map indicating potential object categories at every pixel.
The global attention map A, from the image classifier has
a full knowledge about the objects in an image but some-
times only focuses on the most important object parts. The
object instance classifier has a local view of each individual
object. With the help of object-specific local attention maps
generated from the instance classifier, we can avoid missing
small objects.

Instance Attention Map. Here we define the instance
attention map A; as a C x H x W matrix, and all val-
ues are zero initially. For every surviving object instance

from the instance level stage, the object instance classifier
¢s(+,+) is used to extract its local attention map, and add
it to the corresponding region in the instance attention map
A;. Normalize the range of A; to [0, 1] as we did for object
heatmaps.

Probability Map Integration. The final attention map A
is obtained by calculating the element-wise maximum be-
tween the image attention map A, and the instance atten-
tion map A;. That is, A = maxz(A;, A,). For both the
heatmap H and the attention map A, only the classes exist-
ing in the image are considered. The background maps of
A and H are defined as follows,

Ay =mazx(0,1 - X%y A)),
Hy = maz(0,1 - X5y H)).

Now both A and H become (C + 1) x H x W matrices.

For the I-th channel, if v/ = 0, A; = 0 and H; = 0.
Then we perform softmax on both maps along the channel
dimension independently. The final probability map P is
defined as the result of applying softmax to the element-
wise product between A and H by treating H as a filter.
That is, P = softmax(H © A).
Pixel Labeling with Uncertainty. Pixel labels Y are
initialized with the probability map P. For every pixel p,
if the maximum element in its label vector y,, is larger than
a threshold (=0.8), we simply set the maximum element to
1 and other elements to 0; otherwise, the class label at p is
uncertain. To inspect these uncertain pixels more carefully,
we obtain additional evidence by computing their saliency
scores S (normalized into [0, 1]) using an existing state-of-
the-art salient object detection algorithm [25]. Given an un-
certain pixel ¢ with a high saliency score (S, > 0.3), if
the maximum element in its label vector y, is larger than
a threshold (=0.6) and this element does not correspond to
the background, we set the maximum element to 1 and other
elements to 0. Given another uncertain pixel o with a low
saliency score (S, < 0.3), if the maximum element in its
label vector y, corresponds to the background, we set the
background element to 1 and other elements to 0.

4. Object Recognition, Detection and Segmen-
tation

4.1. Semantic Segmentation

Given pixel-wise labels generated at the end of the pixel
level stage for all training images, we train a fully convo-
lutional network (FCN) similar to the network in [27] to
perform semantic segmentation. Note that all pixels with
uncertain class labels are excluded during training. In the
prediction part, we adopt atrous spatial pyramid pooling as
in [5]. The resulting trained network can be used for la-
beling all pixels in any testing image as well as pixels with
uncertain labels in all training images.
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Figure 4. The pixel labeling process in the pixel level stage. White pixels in the last column indicate pixels with uncertain labels.

4.2. Object Detection

Once all pixels with uncertain labels in the training im-
ages have been re-labeled using the above network for se-
mantic segmentation, we generate object instances in these
images by computing bounding boxes of connected pixels
sharing the same semantic label. As in [38] and [24], we
train fast RCNN [13] using these bounding boxes and their
associated labels. Since the bounding boxes generated from
the semantic label maps may contain noise, we filter them
using our object instance classifier as in Section 3.3. VGG-
16 is still the base network of our object detector, which is
trained with five scales and flip as in [38].

4.3. Multi-label Classification

The main component in our multi-label classification
network is the structure of ResNet-101 [16]. There are
two branches after layer res4b22_relu of the main compo-
nent, one branch for classification and the other for semantic
segmentation. Both branches share the same structure af-
ter layer res4b22_relu. Here we adopt multi-task learning
to train both branches. The idea is using the training data
for the segmentation branch to make the convolutional ker-
nels in the main component more discriminative and power-
ful. This network architecture is shown in the supplemental
materials. Layer pool5 of ResNet-101 in the classification
branch is removed, and the output X (€ RI14x14x2048) of
layer resbc is a 14 x 14 x 2048 matrix. X is directly fed
into a 2048 x 1 x 1 x C convolutional layer, and a classi-
fication map Y ys(€ RM™X14%C) s obtained. We let the
semantic label map Y ., (€ R™*'4%C) play the role of an
attention map Ym after the summation over each channel
of the semantic label map is normalized to 1. The final im-
age level probability vector g is the result of spatial average
pooling over the element-wise product between Y ., and
Yatt. Here f/m is used to identify important image re-
gions and assign them larger weights. At the end, the prob-
ability vector g is fully connected to an output layer, which
performs binary classification for each of the C classes. The
cross-entropy loss is used for training the multi-label classi-
fication network. The segmentation branch uses atrous spa-
tial pyramid pooling to perform semantic segmentation, and

softmax is applied to enforce a single label per pixel.

5. Experimental Results

All our experiments are implemented using Caffe [18]
and run on an NVIDIA TITAN X(Maxwell) GPU with
12GB memory. The hyper-parameters in Section 3 are set
according to common sense and confirmed after we visually
verify that the segmentation results on a few training sam-
ples are valid. The same parameter setting is used for all
datasets and has not been tuned on any validation sets.

5.1. Semantic Segmentation

Datasets and performance measures. The Pascal VOC
2012 dataset [11] serves as a benchmark in most existing
work on weakly-supervised semantic segmentation. It has
21 classes and 10582 training images (the VOC 2012 train-
ing set and additional data annotated in [15]), 1449 for val-
idation and 1456 for testing. Only image tags are used as
training data in our experiments. We report results on both
the validation (supplemental materials) and test sets.
Implementation details. Our network is based on VGG-
16. The layers after relu5_3 and layer pool4 are removed.
Dilations in layers conv5_1, conv5_2, and conv5_3 are set
to 2. The feature stride )\ at layer relub_3 is 8. We add the
atrous spatial pyramid pooling as in DeepLab V3 [5] after
layer relu5_3. The dilations in our atrous spatial pyramid
pooling layers are [1,2,4,6]. This FCN is implemented in
py-faster-renn [30]. For data augmentation, we use five im-
age scales (480, 576, 688, 864, 1024) (the shorter side is
resized to one of these scales) and horizontal flip, and cap
the longer side at 1200. During testing, the original size of
an input image is preserved. The network is fine-tuned from
the pre-trained model for ImageNet in [35]. The learning
rate y is set to 0.001 in the first 20k iterations, and 0.0001
in the next 20k iterations. The weight decay is 0.0005, and
the mini-batch size is 1. Post-processing using CRF [22] is
added during testing.

Result comparison. We compare our method with exist-
ing state-of-the-art algorithms. Table 1 lists the results of
weakly supervised semantic segmentation on Pascal VOC
2012. The proposed method achieves 55.6% mean IoU,
comparable to the state of the art (AE-SPL [43]). Recent



Flgure 5. The detection and semantic segmentation results on Pascal VOC 2012 test set (the first row) and Pascal VOC 2007 test set (the
second row). The detection results are gotten by select proposals with the highest confidence of every class. The semantic segmentation

results are post-processed by CRF [22].

method bg aero bike bird boat bottle bus  car cat  chair cow table dog horse mbike person plant sheep sofa train v mloU
SEC[21] 835 564 285 641 236 465 706 585 713 232 540 280 681 621 70.0 55.0 384 580 399 384 483 517
FCL[32] 857 588 305 67.6 247 447 748 618 737 229 574 275 713 648 724 57.3 370 604 428 422 50,6 537
TP-BM[20] 834 622 264 718 182 495 665 638 734 190 56.6 357 693 613 71.7 69.2 39.1 663 448 359 455 538
AE-PSL[43] - - - - - - - - - - - - - - - - - - - - 55.7
Ours+CRF 86.6 72.0 30.6 680 448 462 734 566 73.0 189 633 320 70.1 72.2 68.2 56.1 345 675 296 602 436 55.6

Table 1. Comparison among weakly supervised semantic segmentation methods on PASCAL VOC 2012 segmentation test set.

algorithms, including AE-PSL[?], F-B [33], FCL [32], and
SEC [21], all conduct end-to-end training to learn object
score maps. Our method demonstrates that if we filter and
integrate multiple types of intermediate evidences at differ-
ent granularities during weakly supervised training, the re-
sults become equally competitive or even better.

5.2. Object Detection

Datasets and performance measures. The performance of
our object detector in Section 4.2 is evaluated on the pop-
ular Pascal VOC 2007 and Pascal VOC 2012 datasets [11].
Each of these two datasets is divided into train, val and test
sets. The trainval sets (5011 images for 2007 and 11540 im-
ages for 2012) are used for training, and only image tags are
used. Two measures are used to test our model: mAP and
CorLoc. According to the standard Pascal VOC protocol,
the mean average precision (mAP) is used for testing our
trained models on the test sets, and the correct localization
(CorLoc) is used for measuring the object localization ac-
curacy [6] on the trainval sets whose image tags are already
used as training data.

Implementation details. We use the code for py-faster-
renn [30] to implement fast R-CNN [13]. The network is
still VGG-16. The learning rate is set to 0.001 in the first
30k iterations, and 0.0001 in the next 10k iterations. The
momentum and weight decay are set to 0.9 and 0.0005 re-
spectively. We follow the same data augmentation setting in
[38], use five image scales (480, 576, 688, 864, 1200) and
horizontal flip, and cap the longer image side at 2000.

Result comparison. Object detection results on Pascal
VOC 2007 test set (Table 2) and Pascal VOC 2012 test
set (supplemental materials) are reported. Object localiza-
tion results on Pascal VOC 2007 trainval set and Pascal
VOC 2012 trainval set are also reported (supplemental ma-
terial). On Pascal VOC 2012 test set, our algorithm achieves
the highest mAP (47.5%), at least 5.0% higher than the
latest state-of-the-art algorithms including OICR [38] and
HCP+DSD+OSSH3[19]. Our trained model also achieves
the highest mAP (51.2%) among all weakly supervised al-
gorithms on Pascal VOC 2007 test set, 4.2% higher than
the latest result from [38]. The object localization accuracy
(CorLoc) of our trained model on Pascal VOC 2007 train-
val set and Pascal VOC 2012 trainval set are respectively
67% and 69.4%, which are 2.7% and 3.8% higher than the
previous best.

5.3. Multi-Label Classification
Dataset and performance measures. Microsoft
COCO [26] is the most popular dataset in multi-label
classification. MS-COCO was primarily built for object
recognition tasks in the context of scene understanding.
The training set is composed of 82081 images in 80
classes, on average 2.9 object labels per image. Since
the groundtruth labels of the test set is not available,
performance evaluation is conducted on the validation set
with 40504 images. We train our models on the training set
and test them on the validation set.

Performance measures for multi-label classification is



method aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv  mAP
OM+MIL+FRCNN|[24] 545 474 413 208 177 519 635 461 218 571 221 344 505 61.8 16.2 299 407 159 553 402 395
HCP+DSD+OSSH3[19] 542 520 352 259 150 596 679 587 101 674 273 378 5438 67.3 5.1 19.7 526 435 569 625 437
OICR-Ens+FRCNN[38] 655 672 472 216 221 680 685 359 57 631 495 303 647 66.1 13.0 256 500 57.1 602 59.0 470
Ours+FRCNN w/o clustering 66.7 61.8 553 418 6.7 612 625 728 127 462 409 710 673 64.7 30.9 16.7 426 560 650 265 485
Ours+FRCNN w/o uncertainty ~ 66.8  63.4 545 422 58 605 583 678 78 46.1 403 710 682 62.6 30.7 165 41.1 552 668 252 475
Ours+FRCNN w/o instances 67.7 629 531 444 112 624 585 712 83 457 415 71.0 68.0 59.2 30.3 15.0 424 560 672 268 48.1
Ours+FRCNN 643 680 562 364 231 685 672 649 7.1 541 470 570 693 654 208 232 507 596 652 570 512

Table 2. Average precision (in %) of weakly supervised methods on PASCAL VOC 2007 detection test set.

method FI-C P-C R-C FI-O P-O R-O FI-Citop3 P-C/top3 R-C/top3 F1-O/top3 P-O/top3 R-O/top3
CNN-RNN[41] 60.4 66.0 55.6 67.8 69.2 66.4
RLSD[45] 62.0 67.6 57.2 66.5 70.1 63.4
RNN-Attention[42] - - - - - - 67.4 79.1 58.7 72.0 84.0 63.0
ResNet101-SRN[47] 70.0 812 633 750 841 677 66.3 85.8 57.5 72.1 88.1 61.1
ResNet101(448 x 448)(baseline) 72.8 738 729 763 775 1751 69.5 78.3 63.7 73.1 83.8 64.9
Ours 749 804 702 784 852 725 70.6 84.5 62.2 74.7 89.1 64.3

Table 3. Performance comparison among multi-label classification methods on Microsoft COCO 2014 validation set.

quite different from those for single-label classification.
Following [47, 42], we employ macro/micro precision,
macro/micro recall, and macro/micro F1-measure to eval-
uate our trained models. For precision, recall and F1-
measure, labels with confidence higher than 0.5 are consid-
ered positive. “P-C”, “R-C” and “F1-C” represent the aver-
age per-class precision, recall and F1-measure while “P-O”,
“R-O” and “F1-O” represent the average overall precision,
recall and Fl-measure. These measures do not require a
fixed number of labels per image. To compare with exist-
ing state-of-the-art algorithms, we also report the results of
top-3 labels with confidence higher than 0.5 as in [42].

Implementation details. Our main network for multi-label
classification is ResNet-101 as described earlier. The reso-
lution of the input images is at 448 x 448. We first train a
network with the classification branch only. As a common
practice, a pre-trained model for ImageNet is fine-tuned
with the learning rate  set to 0.001 in the first 20k iter-
ations, and 0.0001 in the next 20k iterations. The weight
decay is 0.0005. Then we add the segmentation branch
and train this new branch only by fixing all the layers be-
fore layer res4b22_relu and the classification branch. The
learning rate is set to 0.001 in the frist 20k iterations, and
0.0001 in the next 20k iterations. At last, we train the
entire network with both branches using the cross-entropy
loss for multi-label classification for 30k iterations with a
learning rate 0.0001 while still fixing the layers before layer
resdb22_relu.

Result comparison. In addition to our two-branch network,
we also train a ResNet-101 classification network as our
baseline. The multi-label classification performance of both
networks on MS-COCO is reported in Table 3. Since the in-
put resolution of our baseline is 448 x 448, in comparison
to the latest work (ResNet101-SRN) [47], the performance
of our baseline is slightly better. Specifically, the F1-C of
our baseline is 72.8%, which is 2.8% higher than the F1-

C of ResNetl101-SRN. In comparison to the baseline, our
two-branch network further achieves overall better perfor-
mance. Specifically, the P-C of our two-branch network is
6.6% higher than the baseline, the R-C is 2.7% lower, and
the F1-C is 2.1% higher. All F1-measures (F1-C, F1-O, F1-
C/top3 and F1-O/top3) of our two-branch network are the
highest among all state-of-the-art algorithms.

5.4. Ablation Study

We perform an ablation study on Pascal VOC 2007 de-
tection test set by replacing or removing a single component
in our pipeline every time. First, to verify the importance
of object instances, we remove all steps related to object
instances, including the entire instance level stage and the
operations related to the instance attention map in the pixel
level stage. The mAP is decreased by 3.1% as shown in Ta-
ble 2. Second, the clustering and outlier detection step in
the instance level stage is removed. We directly train an in-
stance classifier using the object proposals from the image
level stage. The mAP is decreased by 2.7%. Third, instead
of labeling a subset of pixels only in the pixel level stage,
we assign a unique label to every pixel even in the case of
low confidence. The mAP drops to 47.5%, 3.7% lower than
the performance of the original pipeline.

6. Conclusions

In this paper, we have presented a new pipeline for
weakly supervised object recognition, detection and seg-
mentation. Different from previous algorithms, we fuse and
filter object instances from different techniques and perform
pixel labeling with uncertainty. We use the resulting pixel-
wise labels to generate groundtruth bounding boxes for ob-
ject detection and attention maps for multi-label classifica-
tion. Our pipeline has achieved clearly better performance
in all of these tasks. Nevertheless, how to simplify the steps
in our pipeline deserves further investigation.



References

(1]

(2]

(3]

[4]

(3]

(6]

(7]

(8]

(9]

(10]

(1]

[12]

(13]

[14]

[15]

S. Bach, A. Binder, G. Montavon, F. Klauschen, K.-R.
Miiller, and W. Samek. On pixel-wise explanations for non-
linear classifier decisions by layer-wise relevance propaga-
tion. PloS one, 10(7):e0130140, 2015. 2

D. Bau, B. Zhou, A. Khosla, A. Oliva, and A. Torralba. Net-
work dissection: Quantifying interpretability of deep visual
representations. In The IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR), July 2017. 2

Y. Bengio, J. Louradour, R. Collobert, and J. Weston. Cur-
riculum learning. In Proceedings of the 26th annual interna-
tional conference on machine learning, pages 41-48. ACM,
2009. 2,3

H. Bilen and A. Vedaldi. Weakly supervised deep detection
networks. In Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition, pages 2846-2854,
2016. 2

L.-C. Chen, G. Papandreou, F. Schroff, and H. Adam. Re-
thinking atrous convolution for semantic image segmenta-
tion. arXiv preprint arXiv:1706.05587,2017. 5, 6

T. Deselaers, B. Alexe, and V. Ferrari. Weakly supervised
localization and learning with generic knowledge. Interna-
tional journal of computer vision, 100(3):275-293, 2012. 7

A. Diba, V. Sharma, A. Pazandeh, H. Pirsiavash, and
L. Van Gool. Weakly supervised cascaded convolutional net-
works. arXiv preprint arXiv:1611.08258, 2016. 2

T. G. Dietterich, R. H. Lathrop, and T. Lozano-Pérez. Solv-
ing the multiple instance problem with axis-parallel rectan-
gles. Artificial intelligence, 89(1):31-71, 1997. 2

T. Durand, T. Mordan, N. Thome, and M. Cord. Wild-
cat: Weakly supervised learning of deep convnets for image
classification, pointwise localization and segmentation. In
IEEE Conference on Computer Vision and Pattern Recogni-
tion (CVPR 2017),2017. 2

T. Durand, N. Thome, and M. Cord. Weldon: Weakly su-
pervised learning of deep convolutional neural networks. In
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, pages 4743-4752, 2016. 2

M. Everingham, S. A. Eslami, L. Van Gool, C. K. Williams,
J. Winn, and A. Zisserman. The pascal visual object classes
challenge: A retrospective. International journal of com-
puter vision, 111(1):98-136, 2015. 6, 7

M. Everingham, L. Van Gool, C. K. Williams, J. Winn, and
A. Zisserman. The pascal visual object classes (voc) chal-
lenge. International journal of computer vision, 88(2):303—
338,2010. 2

R. Girshick. Fast r-cnn. In Proceedings of the IEEE inter-
national conference on computer vision, pages 1440-1448,
2015. 6,7

A. Graves, M. G. Bellemare, J. Menick, R. Munos, and
K. Kavukcuoglu. Automated curriculum learning for neu-
ral networks. arXiv preprint arXiv:1704.03003, 2017. 3

B. Hariharan, P. Arbeldez, L. Bourdev, S. Maji, and J. Malik.
Semantic contours from inverse detectors. In Computer Vi-
sion (ICCV), 2011 IEEE International Conference on, pages
991-998. IEEE, 2011. 6

(16]

(17]

(18]

(19]

[20]

(21]

(22]

(23]

[24]

[25]

(26]

(27]

(28]

(29]

K. He, X. Zhang, S. Ren, and J. Sun. Deep residual learn-
ing for image recognition. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, pages
770-778, 2016. 6

G. E. Hinton, S. Osindero, and Y.-W. Teh. A fast learn-
ing algorithm for deep belief nets. Neural computation,
18(7):1527-1554, 2006. 2

Y. Jia, E. Shelhamer, J. Donahue, S. Karayev, J. Long, R. Gir-
shick, S. Guadarrama, and T. Darrell. Caffe: Convolu-
tional architecture for fast feature embedding. In Proceed-
ings of the 22nd ACM international conference on Multime-
dia, pages 675-678. ACM, 2014. 6

Z.Jie, Y. Wei, X. Jin, J. Feng, and W. Liu. Deep self-taught
learning for weakly supervised object localization. In The
IEEE Conference on Computer Vision and Pattern Recogni-
tion (CVPR), July 2017. 7, 8

D. Kim, D. Cho, D. Yoo, and I. So Kweon. Two-phase learn-
ing for weakly supervised object localization. In The IEEE
International Conference on Computer Vision (ICCV), Oct
2017. 7

A. Kolesnikov and C. H. Lampert. Seed, expand and con-
strain: Three principles for weakly-supervised image seg-
mentation. In European Conference on Computer Vision,
pages 695-711. Springer, 2016. 7

P. Krihenbiihl and V. Koltun. Efficient inference in fully
connected crfs with gaussian edge potentials. In Advances
in neural information processing systems, pages 109-117,
2011. 6,7

S. Lapuschkin, A. Binder, G. Montavon, K.-R. Muller, and
W. Samek. Analyzing classifiers: Fisher vectors and deep
neural networks. In Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, pages 2912—
2920, 2016. 1,2

D. Li, J.-B. Huang, Y. Li, S. Wang, and M.-H. Yang. Weakly
supervised object localization with progressive domain adap-
tation. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pages 3512-3520, 2016. 6,
8

G. Li and Y. Yu. Deep contrast learning for salient object
detection. In Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition, pages 478-487, 2016.
5

T.-Y. Lin, M. Maire, S. Belongie, J. Hays, P. Perona, D. Ra-
manan, P. Dolldr, and C. L. Zitnick. Microsoft coco: Com-
mon objects in context. In European conference on computer
vision, pages 740-755. Springer, 2014. 2,7

J. Long, E. Shelhamer, and T. Darrell. Fully convolutional
networks for semantic segmentation. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recogni-
tion, pages 3431-3440, 2015. 5

M. Oquab, L. Bottou, I. Laptev, and J. Sivic. Is object lo-
calization for free?-weakly-supervised learning with convo-
lutional neural networks. In Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition, pages
685-694, 2015. 2

S. Ren, K. He, R. Girshick, and J. Sun. Faster r-cnn: Towards
real-time object detection with region proposal networks. In



(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

(41]

(42]

[43]

[44]

Advances in neural information processing systems, pages
91-99, 2015. 3

S. Ren, K. He, R. Girshick, and J. Sun. Faster R-CNN: To-
wards real-time object detection with region proposal net-
works. In Advances in Neural Information Processing Sys-
tems (NIPS), 2015. 6,7

A. Rodriguez and A. Laio. Clustering by fast search and find
of density peaks. Science, 344(6191):1492-1496, 2014. 5
A. Roy and S. Todorovic. Combining bottom-up, top-down,
and smoothness cues for weakly supervised image segmen-
tation. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pages 3529-3538, 2017. 1,
7

F. Saleh, M. S. A. Akbarian, M. Salzmann, L. Petersson,
S. Gould, and J. M. Alvarez. Built-in foreground/background
prior for weakly-supervised semantic segmentation. In Eu-
ropean Conference on Computer Vision, pages 413-432.
Springer, 2016. 7

F. Schroff, D. Kalenichenko, and J. Philbin. Facenet: A uni-
fied embedding for face recognition and clustering. In Pro-
ceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, pages 815-823, 2015. 4

K. Simonyan and A. Zisserman. Very deep convolu-
tional networks for large-scale image recognition. CoRR,
abs/1409.1556, 2014. 6

P. Smolensky. Information processing in dynamical systems:
Foundations of harmony theory. Technical report, COL-
ORADO UNIV AT BOULDER DEPT OF COMPUTER
SCIENCE, 1986. 2

L. Sun, Q. Huo, W. Jia, and K. Chen. A robust approach for
text detection from natural scene images. Pattern Recogni-
tion, 48(9):2906-2920, 2015. 3

P. Tang, X. Wang, X. Bai, and W. Liu. Multiple instance
detection network with online instance classifier refinement.
In The IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), July 2017. 2,4,6,7, 8

G. Tsagkatakis and A. Savakis. Online distance metric learn-
ing for object tracking. IEEE Transactions on Circuits and
Systems for Video Technology, 21(12):1810-1821, 2011. 4
J. R. Uijlings, K. E. Van De Sande, T. Gevers, and A. W.
Smeulders. Selective search for object recognition. Inter-
national journal of computer vision, 104(2):154-171, 2013.
2

J. Wang, Y. Yang, J. Mao, Z. Huang, C. Huang, and W. Xu.
Cnn-rnn: A unified framework for multi-label image classifi-
cation. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pages 2285-2294, 2016. 8
Z. Wang, T. Chen, G. Li, R. Xu, and L. Lin. Multi-label
image recognition by recurrently discovering attentional re-
gions. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pages 464-472,2017. 8

Y. Wei, J. Feng, X. Liang, M.-M. Cheng, Y. Zhao, and
S. Yan. Object region mining with adversarial erasing: A
simple classification to semantic segmentation approach. In
IEEE CVPR, 2017. 6,7

J. Zhang, Z. Lin, J. Brandt, X. Shen, and S. Sclaroff. Top-
down neural attention by excitation backprop. In European

[45]

(46]

(47]

(48]

Conference on Computer Vision, pages 543-559. Springer,
2016. 1,2, 4

J. Zhang, Q. Wu, C. Shen, J. Zhang, and J. Lu. Multi-label
image classification with regional latent semantic dependen-
cies. arXiv preprint arXiv:1612.01082, 2016. 8

L. Zheng, Y. Yang, and A. G. Hauptmann. Person re-
identification: Past, present and future. arXiv preprint
arXiv:1610.02984, 2016. 4

FE. Zhu, H. Li, W. Ouyang, N. Yu, and X. Wang. Learn-
ing spatial regularization with image-level supervisions for
multi-label image classification. In The IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), July
2017. 8

C. L. Zitnick and P. Dollar. Edge boxes: Locating object
proposals from edges. In European Conference on Computer
Vision, pages 391-405. Springer, 2014. 2



