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Abstract

Weakly supervised semantic segmentation and localiza-
tion have a problem of focusing only on the most important
parts of an image since they use only image-level annota-
tions. In this paper, we solve this problem fundamentally
via two-phase learning. QOur networks are trained in two
steps. In the first step, a conventional fully convolutional
network (FCN) is trained to find the most discriminative
parts of an image. In the second step, the activations on the
most salient parts are suppressed by inference conditional
feedback, and then the second learning is performed to find
the area of the next most important parts. By combining
the activations of both phases, the entire portion of the tar-
get object can be captured. Our proposed training scheme
is novel and can be utilized in well-designed techniques
forweakly supervised semantic segmentation, salient region
detection, and object location prediction. Detailed experi-
ments demonstrate the effectiveness of our two-phase learn-
ing in each task.

1. Introduction

The most fundamental task for image understanding is
to localize objects in a scene where each object has dif-
ferent locations and scales. It provides clues to challeng-
ing vision problems such as object detection and semantic
segmentation. In recent years, deep learning based meth-
ods [13, 12,27, 19, 21, 7, 20, 39] have achieved remark-
ably improved performance for those tasks by virtue of
a large amount of annotated data and GPU parallel pro-
cessing. However, it is expensive and laborious to ob-
tain huge amounts of annotations such as bounding boxes
and pixel-level labels. Therefore, weakly supervised learn-
ing [22, 42, 5, 16, 25, 18, 17, 23, 24, 28, 38] using only
image-level annotations has begun to attract attention and
shown interesting results.

However, there is still a large gap between the object lo-
calization power of weakly supervised methods and that of
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Figure 1: The effects of two-phase learning. (a) An input
image, and estimated locations as the most (red) and the
next (orange) important parts. (b) The heat map from the
first network [42]. (c) The segmentation prediction of our
baseline [18]. (d) Ground truth segmentation mask. (e) The
heat map from the proposed method. (f) The segmentation
prediction using the proposed method.

fully supervised methods. One major reason is that the lo-
calizability of weakly supervised FCNs is inherently lim-
ited to finding the most discriminative parts, rather than
estimating the complete extent of objects. This is be-
cause image-level annotations simply lack information on
the spatial extent of objects. Most existing weakly su-
pervised methods for object localization [22, 42, 41, 10],
detection [5, 16, 9, 29, 4, 37], and semantic segmenta-
tion [25, 18, 17, 23, 24, 28, 38, 35, 36, 40] suffer from this
chronic problem.

In this work, we overcome this problem fundamentally
via two-phase learning. Our networks are trained in two
phases. During the first phase, a conventional FCN is
trained for image-level classification. At this time, pixels
belonging to the most important parts in an image are re-
vealed in a heat map, as shown in Fig. 1-(b). During the
second phase, another FCN is trained but the activations
on highlighted regions in the first stage are suppressed via
inference conditional feedback. The underlying insight is
that when the network is encouraged to discriminate im-
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ages into their categories without knowledge of the most
distinctive regions, the network will discover the next most
discriminative parts of objects. At the inference stage, the
entire portion of objects can be captured by combining ac-
tivations of both phases, as illustrated in Fig. 1-(e). In other
words, two-phase learning solves the fundamental problem
that heat maps do not contain the entire parts of objects.

Enhanced heat maps are then used to improve the per-
formance of per-class saliency detection and object local-
ization as well as semantic segmentation. We explain in
detail how to apply improved heat maps to each task, and
discuss the effectiveness of the proposed two-phase learn-
ing through various experiments.

In summary, this paper introduces the concept of two-
phase learning for weakly supervised object localization. It
allows the network to capture the full extent of the objects.

2. Related Works

In this section, we review previous studies that have
sought to capture the spatial extent or the whole part of ob-
jects, not just the location of the most important part. Their
goal coincides with that of two-phase learning. These stud-
ies can be broadly categorized into two types of approaches.

First, a group of approaches modify score aggregation
methods in order to achieve a balance between the two
most popular global pooling strategies: global max pool-
ing (GMP) [22] and global average pooling (GAP) [42].
Since each of these pooling methods tends to underestimate
or overestimate the extent of objects, respectively, finding
a generalized model between these two extremes is essen-
tial. Pinheiro and Collobert [25] aggregate activations into
image-level scores through the log-sum-exp (LSE) pooling
layer. In particular, Sun and Paluri [32] provide a com-
parison of GMP, GAP, and LSE pooling methods by show-
ing the classification and localization performance of each
method. Also, global weighted ranking pooling (GWRP) is
proposed by Kolesnikov and Lampert [ 8] to properly com-
bine properties of GMP and GAP. However, these methods
are based on a user-parameter about the object size, which
predetermines the portion of an image to be focused on.

The second group of methods employ external algo-
rithms to obtain saliency masks or object proposals. Wei et
al. [38] construct a new dataset consisting of images with a
well-centered single object, and then apply the state-of-the-
art saliency detection method proposed by Jiang et al. [15]
to generate foreground/background masks. Qi el al. [26],
Pinheiro el al. [25], and Bearman et al. [3] make use of ex-
ternal region proposal methods to boost their performance.
Selective search [34], CMPC [6], BING [8], Objectness [ 1],
and MCG [2] are the popular helpers. One approach with no
such dependencies is suggested by Saleh ef al. [28]. They
extract saliency masks from the network itself by fusing
feature maps from conv4 and conv5 layers. However, the

aforementioned problem of a typical FCN is still inherent,
and thus human annotation is further involved to achieve
higher performance.

Our proposed method is fundamentally different from
the previous approaches. We do not focus on determining
aggregation methods but on finding more comprehensive
features of objects. Thus, we are able to train the network to
collect class-related regions without prior knowledge about
the object size. Also, our approach relies on no external
module that requires lower-than-image-level annotations.

3. Two-Phase Learning

This section describes the dataset and the baseline net-
work architecture used in our approach. We then go into
detail about two-phase learning, which consists of the first
phase learning, inference conditional feedback, and the sec-
ond phase learning. We refer to each of the networks trained
in the first and second phase learning as the first and the
second network, respectively. Finally, we introduce the in-
ference step where the two sets of heat maps obtained from
both networks are combined.

3.1. Dataset

We train on the Pascal VOC 2012 datasets. In practice,
we use frainaug part with 10,582 weakly annotated images
of Pascal VOC 2012, as configured by [14]. The input im-
ages are rescaled to 321 x 321, asin [18].

3.2. Baseline Architecture

The dominant paradigm of weakly supervised learning
for object localization is to use a FCN with global pooling.
The network is trained only by image-level supervision and
generates heat maps for each class at the last convolutional
layer. The global pooling layer then aggregates the heat
maps for each class to compare with image-level labels.

Among a number of weakly supervised FCNs, we build
on a particular FCN proposed in [42]. It is basically a mod-
ified VGG [31] variant, where fc6 and fc7 are converted to
conv6 and conv7 and randomly initialized. GAP and a 20-
way fully-connected layer are followed, and also pool4 and
pool5 are removed.

This network has been imported as a component into one
of the state-of-the-art techniques for weakly supervised se-
mantic segmentation. Therefore, it is convenient to manifest
the effect of our contribution by simply replacing the com-
ponent with ours, and testing the segmentation performance
of the entire system. Note that, however, our approach is
not especially dependent on this very architecture, but can
be applied to any types of existing FCNs.

3.3. First Phase Learning

In the first phase, a FCN is trained with a multi-label
logistic loss for 20 foreground classes. The network is opti-
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Figure 2: The second phase learning. The overall process of inference conditional feedback is marked as blue arrows: The first
network (with fixed layers, colored in gray) takes an input image and outputs heat maps. Only the heat maps corresponding
to the classes present in the image labels are selected, and become a suppression mask after applying thresholding. The
suppression mask is then element-wise multiplied with the conv5-3 output of the second network (with trainable layers,
colored in blue). The forward and backward passes are marked as black arrows.

mized via stochastic gradient descent (SGD) for 8,000 iter-
ations, with a batch size of 15 and a weight decay of 0.0005.
The learning rate is initially set to 0.001 and is reduced by
a factor of 10 every 2000 iterations. At the inference stage,
the network outputs class-specific heat maps; see [42] for
details.

3.4. Inference Conditional Feedback

The inference conditional feedback suppresses neurons
not to fire repeatedly on the locations that had high activa-
tions in the first network. In order to realize this, we design
a suppression mask to block the first highlighted regions
during training. First, out of the 20 heat maps from the first
network, we select only the heat maps that are relevant to a
given image-level label. We then apply an inverse rectifica-
tion: for each selected heat map, we apply hard threshold-
ing by 60% of the maximum value. In practice, we assign
a value of zero to pixels above the threshold and one other-
wise, as

0, if HS¢>0.6- H¢
Mypppa =3 maz(H:)
’ 1, otherwise

where M, , € R* X4 M¢ e RY >4 4 and ¢ denote
the binary suppression mask, per-class heat map, pixel po-
sition, and the indices of the classes present, respectively.
If there are multiple categories present, and consequently
multiple binary suppression masks, they are combined by a

logical AND operation as

Msupp,u = HMscupp’u‘ (2)
c

Finally, a resulting binary suppression mask Mgy, ., 1s fed

to the second network to suppress neurons from being acti-
vated at the same locations as in the first network.

3.5. Second Phase Learning

During the second phase, the first network with its fixed
parameters is considered as a function that takes an image
as input and produces a binary suppression mask as output.
Fig. 2 illustrates how this suppression mask is fed back into
the training of the second network. Here, the second net-
work has the same architecture as the first network.

Asnoted in [13], all the layers up to the conv5-3 layer are
regarded as feature extractors, where they learn the class-
tuned representations. Based on the insight, we believe that
it is semantically most appropriate to apply the feedback
just after the conv5-3 layer of the second network. In prac-
tice, a suppression mask is multiplied with each channel of
the conv5-3 output, element-wise. Thus, the forward pass
with suppression mask is given as

CF = Myppu - CF Yk, 3)
where C,)* € R*" ¥4 and C,* e R* ¥ 4! denote activa-
tions before and after applying the suppression to the convS5-
3 output, and k denotes each channel of the conv5-3 output.
Similarly, backward pass is given as

OL

oL
= Msupp,u : W v

50 % k, @)

where L denotes the output loss. During the forward pass
and backward update, the suppressed pixels are ignored. In
other words, from the conv5-3 layer, activations on the pre-
viously important regions are dropped out by the feedback
during the second phase.

3536



The second network is subsequently trained to do image-
level classification without the feature information that was
most discriminative in the first phase. In this manner, the
second network focuses on new features that can still be
used to distinguish categories, and thus reveals more regions
that were not highlighted in the first phase.

We can further think of the third or more phases using the
next inference conditional feedback by lowering the thresh-
old. However, as shown in Table 3, the localization per-
formance gradually decreases as the phase proceeds (the
threshold of 40% is used for the third phase). Therefore,
only two phases of learning are considered throughout the
applications of our approach.

3.6. Inference

At the inference stage, the feedback is not defined. The
first and second networks produce two sets of heat maps
each in a single forward pass. The implementations on how
to combine the two sets of heat maps will vary depending
on the applications, as we will explain in Sec. 4, Sec. 5, and
Sec. 6.

4. Semantic Segmentation Experiments

In the task of semantic segmentation, each pixel in the
image is classified into one of 21 categories including the
background. However, in a weakly supervised setting, the
network cannot explicitly learn the information about object
boundaries or sizes. Therefore, to successfully perform this
task, it is essential to initially retrieve accurate localization
cues. Most techniques for weakly supervised segmentation
internally train FCNs and obtain localization cues from the
heat maps for each category.

The heat maps obtained via two-phase learning can cover
not only the most discriminative parts of objects but also the
whole parts. Thus, the quality of our localization cues is
enhanced, and the performance of semantic segmentation is
also increased accordingly. In order to verify this, we apply
our two-phase learning algorithm to the SEC model [18],
one of the state-of-the-art methods for weakly supervised
semantic segmentation.

In this section, we briefly review our baseline segmenta-
tion network, SEC, and describe how the localization cues
are complemented via two-phase learning. we then experi-
ment on semantic segmentation using the localization cues.
Finally, we report and analyze the results.

4.1. Review of SEC Architecture

As introduced in [ 18], SEC stands for seed, expand, and
constrain. They are referred to as three important principles
in weakly supervised semantic segmentation. First, a seed
is a module to provide localization cues to the main seg-
mentation network. The segmentation network is implicitly

supervised to match the retrieved localization cues. Next,
expand considers how to aggregate heat maps into image-
level scores. It encourages the responses on promising loca-
tions to be high and to be consistent with image-level labels.
As a new pooling strategy, global weighted rank pooling
(GWRP) is proposed in order to recover the spatial infor-
mation that will be lost in the aggregation process. Lastly,
constrain is a module that constrains the results of the seg-
mentation networks to follow the boundaries of objects. In
practice, fully-connected conditional random fields (dense
CRF) [33] are used.

4.2. Two-phase Learning for Localization Cues

A set of localization cues, seed, is a cornerstone for a
segmentation network to build on. In the context of the
SEC model [ 18], the localization cues refer to a set of class-
specific binary masks that are obtained by a thresholding
operation: for each per-class heat map, all pixels with a
score larger than 20% of the maximum score are selected.

The localization cues obtained using heat maps from a
conventional FCN are considered reliable only for the ob-
ject positions, so they remain weak, as noted in [25, 5, 18].
With our proposed two-phase learning, the heat maps be-
come more comprehensive. As a result, the localization
cues for semantic segmentation also become more power-
ful.

In practice, we have two sets of heat maps from the first
and second networks. In order to integrate the informa-
tion on object regions, we merge the two heat maps via
weighted map voting, which will be described in detail in
Sec. 4.3. For the background class, as in [18], we imported
the network implementation proposed in [30], which gen-
erates class-agnostic saliency detection based on the image
gradient. The inferred localization cues are used to super-
vise semantic segmentation task.

4.3. Merging Heat Maps from Both Phases

To effectively combine two heat maps, we consider a
simple post-processing technique, weighted map voting.
We assume that a per-class probability score given by the
network represents how confident the network is about the
heat map of the same class. That is, if the first network pre-
dicts a high probability for a specific class, the information
in the corresponding heat map is more confident than that
of the second network, which predicts a lower probability
for the same class.

Following this insight, weighted map voting is integrated
into the system by multiplying the per-class heat maps H*
by its class probability scores p°. We then merge the result-
ing maps by taking the pixel-wise maximal values between
the two multiplications, that is:

H; = max(p({st * Hfst,u’p;nd * Hgnd,u)7 (5)
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Method ‘ bg plane bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv mloU
Semi supervised:
MIL+seg [25] 79.6 502 21.6 416 349 405 459 515 60.6 126 512 11.6 568 529 448 427 312 554 215 388 369 | 420
MIL-+bbox [25] 786 469 18.6 279 307 384 440 49.6 498 11.6 447 146 504 447 40.8 385 260 450 205 369 348 | 378
STC [38] 845 680 195 605 425 448 684 640 648 145 520 228 580 553 578 60.5 406 567 230 57.1 31.2| 4938
CheckMask [28] 864 70.1 21.7 531 525 507 709 666 632 169 458 39.1 61.1 500 56.8 562 400 519 293 63.1 359 | 515
‘Weakly supervised:
EM-Adapt [23] 672 292 17.6 28.6 222 29.6 47.0 440 442 146 351 249 410 348 416 321 248 374 240 381 31.6| 338
CCNN [24] 685 255 18.0 254 202 363 468 47.1 480 158 379 210 445 345 462 407 304 363 222 388 369 | 353
MIL+sppxl [25] 772 373 184 254 282 319 416 481 50.7 127 457 146 509 441 392 379 283 440 196 376 350 | 366
CheckMask-tags [28] | 79.2  60.1 204 50.7 41.2 463 626 492 623 133 497 381 584 490 57.0 482 278 551 296 54.6 266 | 46.6
SEC (baseline) [18] | 824 629 264 ©61.6 276 381 666 627 752 221 535 283 658 578 625 525 325 626 321 454 453 | 507
Ours 828 622 231 658 21.1 431 711 662 761 213 59.6 351 702 588 623 66.1 358 699 334 459 456 | 53.1
Table 1: Comparison of weakly supervised semantic segmentation methods on VOC 2012 segmentation, val. set.
Method ‘ bg plane bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv ‘ mloU
Semi supervised:
MIL+seg [25] 787 48.0 212 31.1 284 351 514 555 528 7.8 562 199 538 503  40.0 386 278 51.8 247 333 463 | 40.6
MIL+bbox [25] 762 428 209 29.6 259 385 406 517 490 9.1 435 162 50.1 460 358 38.0 221 445 224 308 43.0| 37.0
STC [38] 852 627 21.1 580 314 550 688 639 637 142 576 283 63.0 598 67.6 617 429 61.0 232 524 331 512
CheckMask [28] 874 657 260 642 437 532 726 636 595 17.1 480 437 612 520 693 548 430 503 346 592 420 | 529
Weakly supervised:
EM-Adapt [23] 763 37.1 219 41.6 261 385 508 449 489 167 408 294 47.1 458 548 282 300 440 292 343 46.0| 396
CCNN [24] - 242 199 263 186 381 51.7 429 482 156 372 183 43.0 382 522 40.0 338 360 21.6 334 383 | 35.6
MIL+sppxl [25] 747 388 198 275 21.7 328 400 50.1 47.1 72 448 158 494 473 36.6 364 243 445 210 315 413 | 358
CheckMask-tags [28] | 80.3 57.5 241 669 317 430 675 486 567 126 509 42.6 594 529 650 448 413 511 337 444 332 | 480
SEC (baseline) [18] | 83.5 564 285 641 236 465 706 585 713 232 540 280 681 621 70.0 550 384 580 399 384 483 | 517
Ours 834 622 264 718 182 495 665 638 734 190 566 357 693 613 717 692 391 663 448 359 455| 53.8
Table 2: Comparison of weakly supervised semantic segmentation methods on VOC 2012 segmentation, test. set.

where the subscripts u and 1st and 2nd denote the pixel
position and the first and second networks, respectively.

4.4. Improving Segmentation Network

Our baseline segmentation network, SEC [ 18], performs
best when trained with all three losses of seed, expand,
and constrain. In its original form, it achieves an aver-
age intersection-over-union scores of 50.7%, which is 0.3%
higher than the same network trained with only seed and
constrain losses.

Since our two-phase learning enables the localization
cues to cover wider object regions in addition to the first pre-
dicted locations, it provides the segmentation network with
richer information for object localization. In other words,
our heat maps are able to perform both seeding and expand-
ing roles in their former sense. Therefore, we use the only
seed and constrain loss terms to train the segmentation net-
work whose localizing module is replaced by our improved
method. Atinference, the predicted segmentation masks are
rescaled to the size of their original images and refined by
dense CRF [33].

4.5. Evaluation

To evaluate the contribution of our two-phase learn-
ing on the semantic segmentation, we use the metric of
intersection-over-union scores, following the protocol of
Pascal VOC 2012 semantic segmentation challenge [11].
We evaluated the results on 1,449 images in the validation
part of the Pascal VOC 2012 segmentation dataset.

4.6. Results and Discussion

Table 2 compares the numeric results of our approach
with those of previous weakly supervised approaches. For
reference, we also provide the results of other methods that
utilize additional annotations. They require either addi-
tional data from Flickr and an external saliency detector
pretrained by pixel-level supervision [38] or user clicks [28]
or region proposals such as selective search and MCG [25].
Since they are not trained with purely image-level annota-
tions, we refer to them as semi-supervised learning. In this
regard, only EM-Adapt [23], CCNN [24], MIL+sppxl [25],
CheckMask-tags [28], and SEC [ 18] would be fair compar-
isons with ours. Among them, we achieved the best mloU
scores 53.1% on VOC-val and 53.8% on VOC-test, which
improve upon the SEC baseline by 2.4% and 2.1% for each
set.

Fig. 5, Fig. 6, and Fig. 7 illustrate visual comparisons of
the segmentation predicted by the baseline [ 8] and ours.

Discovering More Object Regions A chronic problem
of weakly supervised semantic segmentation is that the seg-
mentation covers only parts of objects. This is because
their heat maps tend to focus only on the most discrimi-
native parts, e.g. a person’s face. In particular, when ob-
jects are cropped or partially occluded, the object is often
totally ignored in the prediction. We observe that our two-
phase learning is able to overcome this problem. On this
level, Fig. 5 compares qualitative results of the baseline and
ours. The segmentation network trained in our method cov-
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Figure 3: Object saliency detections using the first network (column 2,5, and 8) and proposed method (column 3,6, and 9).

ers more object regions than the baseline [18]. More specif-
ically, it either discovers other parts of objects, e.g. a torso,
arms, and legs of a person, or reveals new instances that
have not been found before.

Expanding up to Reasonable Extent As mentioned in
Sec. 4.1, various aggregation methods often fail to accu-
rately estimate the extent of objects. This is because they
enforce the network to expand to a certain degree. This
often causes unreasonable expansions, as shown in Fig. 6.
However, our approach is immune to this problem. The rea-
son is that our system determines what additional features
should be considered important. Therefore, the combina-
tion of the heat maps from the first and second networks
does not simply widens the segmentation but also restricts
it to fall inside the class-related regions. This method of
propagation allows our approach to successfully remove the
unreasonable expansions that happened in the baseline seg-
mentation.

Failure Cases Like typical weakly supervised segmen-
tation techniques, our segmentation also has a problem dis-
tinguishing objects that co-occur almost always, e.g. trains
vs. tracks, as shown in Fig. 7. Another failure case arises
rarely, when the newly found regions do not belong to the
the predicted class, e.g. plants but not potted. We believe
this is because the newly highlighted features in the second
phase are sometimes not discriminative enough to exclude
such confusing regions. This implies that the two-phase
learning will have an upper bound on the degree to which
the important parts are suppressed, as noted in Sec. 3.5.

Scope In order to demonstrate that our method can be
applied to other semantic segmentation methods using heat
maps, we applied our method to CCNN [24], and confirmed
that the benefits of our method are consistent: Our approach
achieves an mloU score of 35.7% on VOC-val, outperform-
ing the CCNN baseline which achieves 34.5% (what we
could reproduce) by highlighting the second most impor-
tant parts that are not found in the baseline. This implies
that our two-phase learning is not limited to either the SEC

model or the CAM [42] module, but is more generally ap-
plicable to other segmentation systems.

5. Per-Class Saliency Prediction Experiments

In this section, we demonstrate that the two sets of heat
maps obtained via two-phase learning can synergize each
other to capture the complete object. Here, we consider the
heat maps as per-class saliency maps. Accordingly, we in-
vestigate whether those saliency maps are consistent with
the ground truth segmentation masks. The two sets of heat
maps are combined via weighted map voting, as given in
Eq. (9).

5.1. Evaluation

In order to evaluate the quality of our heat maps, we only
consider the heat maps whose corresponding class is present
in the images. Similarly, we extract per-class saliency
masks only for the classes present, from the ground truth
segmentation. We use these as our ground truth saliency
masks. In practice, 2,148 pairs of a per-class heat map and
the ground truth saliency mask are collected for 1,440 im-
ages in Pascal VOC 2012 val. set. Each pixel in those heat
maps has a response value that we consider as a confidence
value, and we generate a precision-recall curve and compute
the average precision (AP).

5.2. Results

A set of our heat maps combined via weighted map vot-
ing achieves an AP of 37.7%, which is 5.5% higher than that
(32,5%) achieved using only the first heat maps. Fig. 3 il-
lustrates the qualitative results: in our combined heat maps,
the regions highlighted by both networks are revealed on
object-relevant locations, e.g. the hands of a person, wheels
of a motorcycle, and a person’s feet.

6. Location Prediction Experiments

The proposed two-phase learning allows the second net-
work to focus on the valuable features that have not been
discovered in the first phase learning. In the previous sec-
tion, we have shown that those newly revealed features can
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Phase ‘ plane bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train  tv ‘ mAP
Center | 86.0 56.6 648 416 180 825 300 875 233 739 245 753 831 659 54.2 176 66.1 521 784 303 | 556

First 98.7 944 932 885 672 936 813 99.0 650 945 674 967 988 959 926 72.0 985 888 921 83.8 | 88.1
Second | 98.1 899 928 751 5277 90.8 767 972 564 959 388 974 987 951 912 699 975 781 827 71.6 | 82.6
Third | 946 893 885 380 328 860 652 964 317 939 248 951 932 89.1 712 272 9211 434 923 64.8 | 70.5

Table 3: Object location prediction for each phase on VOC 2012 main, val. set.

Figure 4: Object location predictions of the first (red) and second (orange) networks.

be combined with the first features to better capture the ex-
tent of objects. However, in this section, we also demon-
strate that the different features highlighted by each of the
first and second networks are semantically consistent with
the distinctive parts of objects.

Here, we experiment on 5,823 images and the ground
truth bounding boxes of the Pascal VOC 2012 main val. set.

6.1. Evaluation

In order to pinpoint the locations which the networks fo-
cus on, we consider the pixel of the maximal response of
a per-class heat map as the predicted object location. For
quantitative evaluation, we use the criteria introduced in
[22]. First, the heat maps are rescaled to their original im-
age size using bilinear interpolation. With 18-pixel toler-
ance, the predicted location within any ground truth bound-
ing boxes of the target category is counted as correct and
false negative otherwise, see [22] for details. For each im-
age, for each class, the maximal response is considered as
the confidence for the prediction, and this is then used to
compute AP. Note that the heat maps from each network
are not combined here but investigated separately because
only the maximal value locations are considered.

Moreover, in order to confirm that the features that are
considered important in both networks do not overlap, we
measured the Euclidean pixel distance between the pre-
dicted locations of the first and second networks.

6.2. Results and Discussion

The per-class precisions of the location prediction for
Pascal VOC are summarized in Table 3. To show the dif-
ficulty of the location prediction task, we report the per-
formance of our naive baseline, center, which predicts the

center of the image as the object location.

As it has been widely noted in the literature [42, 22, 30,
18] that weakly supervised FCNs reliably predict approx-
imate positions of objects, our first network also success-
fully captures object locations, achieving an mAP of 88.1%.
However, our second network is at a great disadvantage in
predicting object locations because the most discriminative
parts of objects have not been shown during training. Nev-
ertheless, the second network was able to highlight the next
most important parts with a small performance reduction of
5.5%, achieving an mAP of 82.6%.

Likewise, as shown in the previous experiments, the sec-
ond network tends to highlight either different important
parts of objects, e.g. sails of a boat, pillars of a car, or other
instances even of small sizes, e.g. a bird in front. Also, even
when the object region is small, it maintains the ability to
predict the location, e.g. a small bird flying, implying that
the second learned features are also representative of the
object. Fig. 4 visualizes some pairs of predictions.

In most cases, two networks focus on different parts of
images. The average Euclidean distance of the predictions
of the two networks appeared to be 69 pixels. Consider-
ing that the average size of the images in the Pascal VOC
2012 dataset is 390 x 470, it is shown that the second net-
work found fairly distant objects from those detected by the
first network. Consequently, we demonstrate that different
features highlighted in both networks can complement each
other to localize objects.

7. Conclusion

Weakly supervised object localization has an inherent
weakness that it often fails to capture the extent of ob-
jects because the network focuses only on the most distinc-
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Image Baseline

A

Figure 7: Qualitative segmentation results. Some failure
cases (on VOC 2012 segmentation, val. set).

tive parts of the objects. In this paper, we propose a two-
phase learning algorithm that can fundamentally mitigate
this problem. We have been motivated by the insight that

Ground Truth

Image Baseline

if we retrain the network while covering the most discrim-
inative parts of the objects, it will highlight feature regions
that are different from the first, while those features still
fall inside the range of the objects. We propose inference
conditional feedback in order to train an additional network
in this manner. Finally, the heat maps of the first and sec-
ond networks are combined to enhance object localization.
Experiments on semantic segmentation, object saliency de-
tection, and object location prediction tasks have shown the
effectiveness of our two-phase learning on the challenging
Pascal VOC 2012 dataset.

Acknowledgements This work was supported by DMC
R&D Center of Samsung Electronics Co.

3541



References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

(11]

(12]

[13]

[14]

[15]

[16]

B. Alexe, T. Deselaers, and V. Ferrari. Measuring the object-
ness of image windows. [EEE Trans. Pattern Anal. Mach.
Intell. (TPAMI), 34(11):2189-2202, 2012. 2

P. A. Arbeldez, J. Pont-Tuset, J. T. Barron, F. Marqués, and
J. Malik. Multiscale combinatorial grouping. In Proc. of
Computer Vision and Pattern Recognition (CVPR), 2014. 2
A. L. Bearman, O. Russakovsky, V. Ferrari, and F. Li. What’s
the point: Semantic segmentation with point supervision. In
Proc. of European Conf. on Computer Vision (ECCV), 2016.
2

H. Bilen, M. Pedersoli, and T. Tuytelaars. Weakly super-
vised object detection with convex clustering. In Proc. of
Computer Vision and Pattern Recognition (CVPR), 2015. 1
H. Bilen and A. Vedaldi. Weakly supervised deep detection
networks. In Proc. of Computer Vision and Pattern Recogni-
tion (CVPR), 2016. 1,4

J. Carreira and C. Sminchisescu. Cpmc: Automatic object
segmentation using constrained parametric min-cuts. /[EEE
Trans. Pattern Anal. Mach. Intell. (TPAMI), 34(7):1312—
1328, 2012. 2

L.-C. Chen, G. Papandreou, I. Kokkinos, K. Murphy, and
A. L. Yuille. Semantic image segmentation with deep con-
volutional nets and fully connected crfs. In Proc. of Int’l
Conf. on Learning Representations (ICLR), 2015. 1

M. Cheng, Z. Zhang, W. Lin, and P. H. S. Torr. BING:
binarized normed gradients for objectness estimation at
300fps. In Proc. of Computer Vision and Pattern Recogni-
tion (CVPR), 2014. 2

H. Cholakkal, J. Johnson, and D. Rajan. Backtracking scspm
image classifier for weakly supervised top-down saliency. In
Proc. of Computer Vision and Pattern Recognition (CVPR),
2016. 1

R. G. Cinbis, J. J. Verbeek, and C. Schmid. Weakly super-
vised object localization with multi-fold multiple instance
learning. IEEE Trans. Pattern Anal. Mach. Intell. (TPAMI),
39(1):189-203, 2017. 1

M. Everingham, L. Gool, C. K. Williams, J. Winn, and
A. Zisserman. The pascal visual object classes (voc) chal-
lenge. Int’l Journal of Computer Vision (IJCV), 88(2):303—
338,2010. 5

R. Girshick. Fast r-cnn. In Proc. of Int’l Conf. on Computer
Vision (ICCV), 2015. 1

R. B. Girshick, J. Donahue, T. Darrell, and J. Malik. Rich
feature hierarchies for accurate object detection and seman-
tic segmentation. In Proc. of Computer Vision and Pattern
Recognition (CVPR), 2014. 1,3

B. Hariharan, P. Arbelaez, L. D. Bourdev, S. Maji, and J. Ma-
lik. Semantic contours from inverse detectors. In Proc. of
Int’l Conf. on Computer Vision (ICCV), 2011. 2

H. Jiang, J. Wang, Z. Yuan, Y. Wu, N. Zheng, and S. Li.
Salient object detection: A discriminative regional feature
integration approach. In Proc. of Computer Vision and Pat-
tern Recognition (CVPR), 2013. 2

V. Kantorov, M. Oquab, M. Cho, and I. Laptev. Contextloc-
net: Context-aware deep network models for weakly super-

(17]

(18]

(19]

(20]

(21]

(22]

(23]

[24]

[25]

[26]

[27]

(28]

(29]

(30]

(31]

3542

vised localization. In Proc. of European Conf. on Computer
Vision (ECCV), 2016. 1

A. Kolesnikov and C. H. Lampert. Improving weakly-
supervised object localization by micro-annotation. Proc. of
British Machine Vision Conference (BMVC), 2016. 1

A. Kolesnikov and C. H. Lampert. Seed, expand and con-
strain: Three principles for weakly-supervised image seg-
mentation. In Proc. of European Conf. on Computer Vision
(ECCV),2016. 1,2,4,5,6,7

J. Long, E. Shelhamer, and T. Darrell. Fully convolutional
networks for semantic segmentation. In Proc. of Computer
Vision and Pattern Recognition (CVPR), 2015. 1

J. Long, E. Shelhamer, and T. Darrell. Fully convolutional
networks for semantic segmentation. In Proc. of Computer
Vision and Pattern Recognition (CVPR), 2015. 1

H. Noh, S. Hong, and B. Han. Learning deconvolution net-
work for semantic segmentation. In Proc. of Int’l Conf. on
Computer Vision (ICCV), 2015. 1

M. Oquab, L. Bottou, I. Laptev, and J. Sivic. Is object lo-
calization for free? weakly-supervised learning with convo-
lutional neural networks. In Proc. of Computer Vision and
Pattern Recognition (CVPR), 2015. 1, 2,7

G. Papandreou, L.-C. Chen, K. P. Murphy, and A. L. Yuille.
Weakly- and semi-supervised learning of a deep convolu-
tional network for semantic image segmentation. In Proc.
of Int’l Conf. on Computer Vision (ICCV), 2015. 1,5

D. Pathak, P. Krihenbiihl, and T. Darrell. Constrained con-
volutional neural networks for weakly supervised segmen-
tation. In International Conference on Computer Vision
(ICCV),2015. 1,5, 6

P. O. Pinheiro and R. Collobert. From image-level to pixel-
level labeling with convolutional networks. In Proc. of Com-
puter Vision and Pattern Recognition (CVPR), 2015. 1, 2, 4,
5

X. Qi, Z. Liu, J. Shi, H. Zhao, and J. Jia. Augmented
feedback in semantic segmentation under image level su-
pervision. In Proc. of European Conf. on Computer Vision
(ECCV),2016. 2

S. Ren, K. He, R. Girshick, and J. Sun. Faster r-cnn: To-
wards real-time object detection with region proposal net-
works. In Proc. of Neural Information Processing Systems
(NIPS), 2015. 1

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 Proc.
of European Conf. on Computer Vision (ECCV), 2016. 1, 2,
5

M. Shi and V. Ferrari. Weakly supervised object localization
using size estimates. In Proc. of European Conf. on Com-
puter Vision (ECCV), 2016. 1

K. Simonyan, A. Vedaldi, and A. Zisserman. Deep in-
side convolutional networks: Visualising image classifica-
tion models and saliency maps. Proc. of Int’l Conf. on Learn-
ing Representations (ICLR), 2014. 4,7

K. Simonyan and A. Zisserman. Very deep convolutional
networks for large-scale image recognition. Proc. of Int’l
Conf. on Learning Representations (ICLR), 2014. 2



(32]

(33]

(34]

[35]

(36]

[37]

(38]

(39]

[40]

[41]

[42]

C. Sun, M. Paluri, R. Collobert, R. Nevatia, and L. D. Bour-
dev. Pronet: Learning to propose object-specific boxes for
cascaded neural networks. In Proc. of Computer Vision and
Pattern Recognition (CVPR), 2016. 2

T. Toyoda and O. Hasegawa. Random field model for inte-
gration of local information and global information. /EEE
Trans. Pattern Anal. Mach. Intell. (TPAMI), 30(8):1483—
1489, 2008. 4, 5

J. R. R. Uijlings, K. E. A. van de Sande, T. Gevers, and
A. W. M. Smeulders. Selective search for object recognition.
Int’l Journal of Computer Vision (IJCV), 104(2):154-171,
2013. 2

M. Vasconcelos, N. Vasconcelos, and G. Carneiro. Weakly
supervised top-down image segmentation. In Proc. of Com-
puter Vision and Pattern Recognition (CVPR), 2006. 1

A. Vezhnevets and J. M. Buhmann. Towards weakly super-
vised semantic segmentation by means of multiple instance
and multitask learning. In Proc. of Computer Vision and Pat-
tern Recognition (CVPR), 2010. 1

C. Wang, K. Huang, W. Ren, J. Zhang, and S. J. Maybank.
Large-scale weakly supervised object localization via latent
category learning. [EEE Trans. Image Processing (TIP),
24(4):1371-1385, 2015. 1

Y. Wei, X. Liang, Y. Chen, X. Shen, M. M. Cheng, J. Feng,
Y. Zhao, and S. Yan. STC: A simple to complex framework
for weakly-supervised semantic segmentation. /EEE Trans.
Pattern Anal. Mach. Intell. (TPAMI), PP(99):1-1. 1,2, 5

W. Xia, C. Domokos, J. Dong, L. Cheong, and S. Yan. Se-
mantic segmentation without annotating segments. In Proc.
of Int’l Conf. on Computer Vision (ICCV), 2013. 1

J. Xu, A. G. Schwing, and R. Urtasun. Tell me what you see
and I will show you where it is. In Proc. of Computer Vision
and Pattern Recognition (CVPR), 2014. 1

J. Zhang, Z. L. Lin, J. Brandt, X. Shen, and S. Sclaroff. Top-
down neural attention by excitation backprop. In Proc. of
European Conf. on Computer Vision (ECCV), 2016. 1

B. Zhou, A. Khosla, A. Lapedriza, A. Oliva, and A. Torralba.
Learning deep features for discriminative localization. In
Proc. of Computer Vision and Pattern Recognition (CVPR),
2016. 1,2,3,6,7

3543



