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Abstract

Weakly supervised object detection is a challenging task
when provided with image category supervision but re-
quired to learn, at the same time, object locations and ob-
ject detectors. The inconsistency between the weak supervi-
sion and learning objectives introduces randomness to ob-
ject locations and ambiguity to detectors. In this paper, a
min-entropy latent model (MELM) is proposed for weakly
supervised object detection. Min-entropy is used as a met-
ric to measure the randomness of object localization dur-
ing learning, as well as serving as a model to learn ob-
Jject locations. It aims to principally reduce the variance of
positive instances and alleviate the ambiguity of detectors.
MELM is deployed as two sub-models, which respectively
discovers and localizes objects by minimizing the global
and local entropy. MELM is unified with feature learning
and optimized with a recurrent learning algorithm, which
progressively transfers the weak supervision to object lo-
cations. Experiments demonstrate that MELM significantly
improves the performance of weakly supervised detection,
weakly supervised localization, and image classification,
against the state-of-the-art approaches.

1. Introduction

Weakly supervised object detection (WSOD) solely re-
quires image category annotations indicating the presence
or absence of a class of objects in images, which sig-
nificantly reduces human efforts when preparing training
samples. Despite supervised object detection having be-
come more reliable [10}[14}[15}25}[2629,[30], WSOD re-
mains an open problem, as often indicated by low detec-
tion rates of less than 50 percent for state-of-the-art ap-
proaches [12[18/[33,[38]]. Due to the lack of location an-
notations, WSOD approaches require learning latent objects
from thousands of proposals in each image, as well as learn-
ing detectors that compromise the appearance of various ob-
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Figure 1: Evolution of object locations during learning
(from top to bottom). Red boxes denote proposals of high
object probability, and green ones detected objects. It shows
that our approach reduces localization randomness and im-
proves localization accuracy. Best viewed in color.

jects in training images.

In the learning procedure of weakly supervised deep de-
tection networks (WSDDN) [6], a representative WSOD
approach, object locations evolved with great randomness,
e.g., switching among different object parts, Fig.[] Various
object parts were capable of optimizing the learning objec-
tive, i.e., minimizing image classification loss, but experi-
enced difficulty in optimizing object detectors due to their
appearance ambiguity. The phenomenon resulted from the
inconsistency between data annotations and learning objec-
tives, i.e., image-level annotations and object-level models.
It typically requires introducing latent variables and solv-
ing non-convex optimization in vast solution spaces, e.g.,
thousands of images and thousands of object proposals for
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each image, which might introduce sub-optimal solutions
of considerable randomness. Recent approaches have used
image segmentation [12,24]], context information [|19]], and
instance classifier refinement [38] to empirically regularize
the learning procedure. However, the issue of quantifying
sub-optimal solutions and principally reducing localization
randomness remains unsolved.

In this paper, we propose a min-entropy latent model
(MELM) for weakly supervised object detection, motivated
by a classical thermodynamic principle: Minimizing en-
tropy results in minimum randomness of a system. Min-
entropy is used as a metric to measure the randomness of
object localization during learning, as well as serving as
a model to learn object locations. To define the entropy,
object proposals in an image are spatially separated into
cliques, where spatial distributions and the probability of
objects are jointly modeled. During the learning proce-
dure, minimizing global entropy around all cliques discov-
ers sparse proposals of high object probability, and mini-
mizing local entropy for high-scored cliques identifies accu-
rate object locations with minimum randomness. MELM is
deployed as network branches concerning object discovery
and object localization, Fig. 2} and is optimized with a re-
current stochastic gradient descent (SGD) algorithm, which
progressively transfers the weak supervision, i.e., image
category annotations, to object locations. By accumulat-
ing multiple iterations, MELM discovers multiple object re-
gions, if such exist, from a single image. The contributions
of this paper include:

(1) A min-entropy latent model that effectively discov-
ers latent objects and principally minimizes the localization
randomness during weakly supervised learning.

(2) A recurrent learning algorithm that jointly optimizes
image classifiers, object detectors, and deep features in a
progressive manner.

(3) State-of-the-art performance of weakly supervised
detection, localization, and image classification.

2. Related Work

WSOD problems are often solved with a pipelined ap-
proach, ¢.e., an object proposal method is first applied to
decompose images into object proposals, with which la-
tent variable learning [4}(5,|36L37,41.{45]] or multiple in-
stance learning [2| 8 9L|16,42] is used to iteratively per-
form proposal selection and classifier estimation. With
the widespread acceptance of deep learning, pipelined ap-
proaches have been evolving into multiple instance learning
networks [6L[12}[17H19L[231[28},311[33134}/381143.46].

Latent Variable Learning. Latent SVM [44/145]] learns
object locations and object detectors using an EM-like op-
timization algorithm. Probabilistic Latent Semantic Anal-
ysis (pLSA) [40,41] learns object locations in a semantic
clustering space. Clustering methods [5}|37]] identify latent

objects by discovering the most discriminative clusters. En-
tropy is employed in the latent variable methods [[7,27]], but
not considering the spatial relations among locations and
the network fine-tuning for object detection. Various latent
variable methods are required to solve the non-convex op-
timization problem. They often become stuck in a poor lo-
cal minimum during learning, e.g., falsely localizing object
parts or backgrounds. To pursue a stronger minimum, ob-
ject symmetry and class mutual exclusion information [4]],
Nesterov’s smoothing [36]), and convex clustering [5]| have
been introduced to the optimization function. These ap-
proaches can be regarded as regularization which enforces
the appearance similarity among objects and reduces the
ambiguity of detectors.

Multiple Instance Learning (MIL). A major approach
for tackling WSOD is to formulate it as an MIL problem [2],
which treats each training image as a “bag” and iteratively
selects high-scored instances from each bag when learn-
ing detectors. When facing large-scale datasets, however,
MIL remains puzzled by random poor solutions. The multi-
fold MIL [88,/9] uses division of a training set and cross
validation to reduce the randomness and thereby prevents
training from prematurely locking onto erroneous solutions.
Hoffman et al. [16] train detectors with weakly annotations
while transferring representations from extra object classes
using full supervision (bounding-box annotation) and joint
optimization. To reduce the randomness of positive in-
stances, a bag splitting strategy has been used during the
optimization procedure of MILinear [31].

Deep Multiple Instance Learning Networks. MIL
has been updated to deep multiple instance learning net-
works [6}/38]], where the convolutional filters behave as de-
tectors to activate regions of interest on the deep feature
maps [20,22}32]. The beam search [3]] has been used to de-
tect and localize objects by leveraging spatial distributions
and informative patterns captured in the convolutional lay-
ers. To alleviate the non-convexity problem, Li et al. [23]
have adopted progressive optimization as regularized loss
functions. Tang et al. [38]] propose to refine instance classi-
fiers online by propagating instance labels to spatially over-
lapped instances. Diba et al. [[12] propose weakly super-
vised cascaded convolutional networks (WCCN) with mul-
tiple learning stages. It learns to produce a class activa-
tion map and candidate object locations based on image-
level supervision, and then selects the best object locations
among the candidates by minimizing the segmentation loss.

Deep multiple instance learning networks [12 |18 38]]
report state-of-the-art WSOD performance, but are mis-
led by the problem of inconsistency between data annota-
tions (image-level) and learning objectives (object-level).
With image-level annotations, such networks are capable
of learning effective image representations for image clas-
sification. Without object bounding-box annotations, how-
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Figure 2: The proposed min-entropy latent model (MELM) is deployed as object discovery and object localization branches,
which are unified with deep feature learning and optimized with a recurrent learning algorithm.

ever, their localization ability is very limited. The convolu-
tional filters learned with image-level supervision incorpo-
rate redundant patterns, e.g., object parts and backgrounds,
which cause localization randomness and model ambigu-
ity. Recent methods have empirically used object segmen-
tation [12] and spatial label propagation [38]] to solve these
issues. In this paper, we provide a more effective and prin-
cipled way by introducing global and local entropy as a ran-
domness metric.

3. Methodology

Given image-level annotations, i.e., the presence or ab-
sence of a class of objects in images, the learning objective
of our proposed MELM is to find a solution that disentan-
gles object samples from noisy object proposals with min-
imum localization randomness. Accordingly, an overview
of the proposed approach is presented, followed by formu-
lation of the min-entropy latent model. We finally elaborate
the recurrent learning algorithm for model optimization.

3.1. Overview

The proposed approach is implemented with an end-to-
end deep convolutional neural network, with two network
branches added on top of the fully-connected (FC) lay-
ers, Fig. |Z[ The first network branch, designated as the
object discovery branch, has a global min-entropy layer,
which defines the distribution of object probability and tar-
gets at finding candidate object cliques by optimizing the
global entropy and the image classification loss. The sec-
ond branch, designated as the object localization branch,
has a local min-entropy layer and a soft-max layer. The lo-
cal min-entropy layer classifies the object candidates in a
clique into pseudo objects and hard negatives by optimizing
the local entropy and pseudo object detection loss.

In the learning phase, object proposals are generated
with the Selective Search method [39] for each image.
An ROI-pooling layer atop the last convolutional layer is
used for efficient feature extraction for these proposals.

The min-entropy latent models are optimized with a recur-
rently learning algorithm, which uses forward propagation
to select sparse proposals as object instances, and back-
propagation to optimize the parameters in the object local-
ization branches. The object probability of each proposal is
recurrently aggregated by being multiplied with the object
probability learned in the preceding iteration. In the detec-
tion phase, the learned object detectors, i.e., the parameters
for the soft-max and FC layers, are used to classify propos-
als and localize objects.

3.2. Min-Entropy Latent Model

Modeling. Let x € X denote an image, y € ) denote
the label indicating whether = contains an object or not,
where ) = {1,0}. y = 1 indicates that there is at least
one object in the image (positive image) while y = 0 in-
dicates an image without any object (negative image). h
denoting object locations is a latent variable and 7 denot-
ing object proposals in an image is the solution space. 6
denotes the network parameters. The min-entropy latent
model, with object locations h* and network parameters 6*
to be learned, is defined as

{h*,0"} = argmin Ex y) (h, 0)
h,0

= argmin E,4 (h,0) + E; (h,0)
h,0

ey

& argmin Lg + Ly,
h,0

where Ey (h,0) and E) (h,0) are the global and local en-
tropy models|'| They are respectively optimized by the loss
function L, and L; in the object discovery and the object
localization branch, Fig.[2] (h,6) and (X,Y) in Eq. [T]are
omitted for short.

Object Discovery. The object discovery procedure is
implemented by selecting those object proposals which best
discriminate positive images from negative ones. Accord-

I'The entropy here is Aczél and Daréczy (AD) entropy [[1].
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Figure 3: Object proposal cliques. The left column is an
exemplar clique partition. The right-top shows some of
the corresponding cliques in the image. The right-bottom
shows the object confidence map of cliques.

ingly, a global min-entropy latent model E, (h,0), is de-
fined to model the probability and the spatial distribution of
object probability, as

—log Z Wy, Dy,
= —log Z w,, Z

heH.

E;(h,0) =

2)
p(y,h;0),

where p (y, h; 0) is the joint probability of class y and latent
variable h, given network parameters 6. It is calculated on
the object confidences s (y, ¢p;0) with a soft-max opera-
tion, as

exp (s (¥, ¢n30))
2ynexp (s (y, on;0))’

where ¢y, is the feature of object proposal h and s (-) de-
notes object confidence for a proposal computed by the last
FC layer in the object discovery branch. wy,, defined as

wn =1/ Ml Y, L, (P hi0)/ Y p(u.hi)),
“)
measures the probability distribution of objects to all im-
age classes in a spatial clique H., Fig.[3| || calculates the
number of elements in a clique.
The spatial cliques ¢, ¢’ € {1,..

p(y, h; 0) = (3)

C} are the minimum
U H. = H and Ve #

c,H.NHe = 0. To construct the chques the proposals
are sorted by their object confidences and the following two
steps are iteratively performed: 1) Construct a clique using
the proposal of highest object confidence but not belonging
to any clique. 2) Find the proposals that overlap with a pro-
posal in the clique larger than a threshold (0.7 in this work)
and merge them into the clique.

Eq. 2] and Egq. [3] show that minimizing the entropy
E, (h,0) for the positive images maximizes p (y), which
means that the learning procedure selects the proposals of

sufficient cover to an image, i.e.,

largest object probability to minimize image classification
loss. For the negative images, all of the proposals are back-
ground and are simply modeled via a fully supervised way.
Eq. E| shows that wy;, € [0, 1] is positively correlated to ob-
ject confidences of the positive class in a clique, but nega-
tively correlated to confidences of all other classes. Accord-
ing to the property of entropy, minimizing Eq. [2] produces
a sparse selection of cliques in which proposals have sig-
nificant high probability to the positive class. This sparsity
of cliques with high object class confidence wy;, shows the
reduction of the randomness of selected proposals.

In the learning procedure, Eq4 (h, ) is minimized by op-
timizing both the parameters in the object discovery branch
and the parameters in the convolutional layers in an end-to-
end manner. To implement this, an SGD algorithm is used,
and the loss function is defined as

Ly =yEq(h,9) Zlog (1= p(y.h:6)). ()

For positive images, y = 1, the second term of Eq. [j] is
zero and only E; is optimized. For negative images, y = 0,
the first term of Eq. []is zero and the second term, image
classification loss, is optimized.

Object Localization. The proposals selected by the
global min-entropy model constitute good initialization for
object localization, but nonetheless incorporate random
false positives, e.g., objects or partial objects with back-
grounds. That is a consequence of the learning objective of
the object discovery branch selecting those object proposals
which best discriminate positive images from negative ones,
but ignoring the localization of objects. A local min-entropy
model is therefore defined for accurate object localization,
as

E; (h,0) = —log max wy, - p (y, h; 0), (6)
heM:

where H denotes the clique of the highest average ob-
ject confidence. wy;, = p(y, h;@)/zyp(y,h;G) measures
the distribution of object confidences to all image classes.
Optimizing Eq. [6] produces maximum wy, and sparse ob-
ject proposals of high object probability p(y, h; #), and de-
presses negative proposals in a clique. With optimization
results, the object proposals in a clique are classified into
either pseudo objects h* or hard negatives by a threshold-
ing method, as

Loif p(y,h*50)>7
,h*50) =
Py ) {0 otherwise

)

where 7 = 0.6 is an empirically set threshold.
With pseudo objects and hard negatives, a object detector
is learned by using the loss function defined as

L = Z—logf(h*,el)a (8)

h*
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where f(-) denotes the object detectors with the parameters
6, of the FC layer and soft-max layer in the object localiza-
tion branch, Fig.[2]

3.3. Model Learning

In MELM, the object discovery branch learns poten-
tial objects by optimizing a min-entropy latent model us-
ing image category supervision, while the object localiza-
tion branch learns object classifiers using estimated pseudo
objects. The objective of model learning is to transfer the
image category to object locations with min-entropy con-
straints, ¢.e., minimum localization randomness.

Recurrent Learning. A recurrent learning algorithm
is implemented to transfer the image-level (weak) super-
vision using an end-to-end forward- and back-propagation
procedure. In a feed-forward procedure, the min-entropy
latent models discover and localize objects which are used
as pseudo-annotations for object detector learning with a
back-propagation. With the learned detectors the object lo-
calization branch assigns all proposals new object probabil-
ity, which is used to aggregate the object confidences with
an element-wise multiply operator in the next learning iter-
ation, Fig.[2] In the back-propagation procedure, the object
discovery and object localization branches are jointly opti-
mized with an SGD algorithm, which propagates gradients
generated with image classification loss and pseudo-object
detection loss. With forward- and back-propagation proce-
dures, the network parameters are updated and the classifi-
cation models and object detectors are mutually enforced.
The recurrent learning algorithm is described in Alg.[I}

Accumulated Recurrent Learning. According to Eq.
[6] the object localization model also performs object discov-
ery, which may find objects different from those discovered
by the object discovery model. This work extends recurrent

Algorithm 1 Recurrent Learning

Input: Image x € &, image label y € ), and region proposals
heH
Output: Network parameters 6 and object detectors 6;
1: Initialize object confidence s (h) = s(y, ¢n;0) = 1 forall h
2: for i=1to MaxIter do

3: ¢ < Compute deep features for all h through forward
confidence
4 ¢;1 « o¢n * s(h), aggregate features by object confidence
5. Object discovery:
6: H2: < Optimize E, using Eq. 2]
7: L4 < Compute classification loss using Eq. 3]
8 Object localization:
9: h* + Optimize E; using Eq.[f]
10: L; + Compute detection loss using Eq.[§]
11:  Network parameter update:
12: 0, 0; < Back-propagation by using loss L4 and L;

13:  s(h) < Update object confidence using detectors 6,
14: end for

learning to accumulated recurrent learning, Fig. [ which
accumulates different objects from both the object discov-
ery and object localization branches, and uses them to learn
object classifiers. Doing so endows this approach with the
capability to localize multiple objects in a single image but
also provides the robustness to process object appearance
diversity by using multiple detectors.

4. Experiments

The proposed MELM was evaluated on the PASCAL
VOC 2007 and 2012 datasets using mean average precision
(mAP) [13]]. Following is a description of the experimen-
tal settings, and the evaluation of the effect of min-entropy
models with randomness analysis and ablation experiments.
The proposed MELM is then compared with the state-of-
the-art approaches.

4.1. Experimental Settings

MELM was implemented based on the widely used
VGG16 CNN model [35] pre-trained on the ILSVRC 2012
dataset [21]. As the conventional object detection task
[1831]], we used Selective Search [|39] to extract about 2000
object proposals for each image, removing those whose
width or height was less than 20 pixels.

The input images were re-sized into 5 scales {480, 576,
688, 864, 1200} with respect to the larger side, height or
width. The scale of a training image was randomly se-
lected and the image was randomly horizontal flipped. In
this way, each test image was augmented into a total of
10 images [|6,/12}/38]]. For recurrent learning, we employed
the SGD algorithm with momentum 0.9, weight decay Se-4,
and batch size 1. The model iterated 20 epochs where the
learning rate was Se-3 for the first 15 epochs and Se-4 for
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Figure 5: Localization, gradient, and entropy on the VOC
2007 dataset. (a) the evolution of entropy and (b) gradient.
(c) localization accuracy and (d) localization variance.

the last 5 epochs. The output scores of each proposal from
the 10 augmented images were averaged.

4.2. Randomness Analysis

Fig. [5h shows the evolution of global and local entropy,
suggesting that our approach optimizes the min-entropy ob-
jective during learning. Fig.[5p provides the gradient evolu-
tion of the FC layers. In the early learning epochs, the gra-
dient of the global min-entropy module was slightly larger
than that of the local min-entropy module, suggesting that
the network focused on optimizing the image classifiers. As
learning proceeded, the gradient of the global min-entropy
module decreased such that the local min-entropy module
dominated the training of the network, indicating that the
object detectors were being optimized.

To evaluate the effect of min-entropy, the randomness
of object locations was evaluated with localization accu-
racy and localization variance. Localization accuracy was
calculated by weighted averaging the overlaps between the
ground-truth object boxes and the learned object boxes, by
using p(y, h; 0) as the weight. Localization variance was
also defined as the weighted variance of the overlaps by
using p(y, h; 6) as the weight. Fig. [5¢ and Fig. [5d show
that the proposed MELM had significantly greater local-
ization accuracy and lower localization variance than WS-
DDN. This strongly indicates that our approach effectively
reduces localization randomness during weakly supervised
learning. Such an effect is further illustrated in Fig.[6] where
the object locations learned by our approach were more ac-
curate and less variant than those of WSDDN.

4.3. Ablation Experiments

Ablation experiments were used to evaluate the respec-
tive effects of the proposal cliques, the min-entropy model,
and the recurrent learning algorithm.

Baseline. The baseline approach was derived by sim-
plifying Eq. 2| to solely model the global entropy E4(h, 6).
This is similar to WSDDN without the spatial regulariser [6]
where the only learning objective is to minimize the image
classification loss. This baseline, referred to as “LOD-"" in
Tab.[I] achieved 24.7% mAP.

Clique Effect. By dividing the object proposals into
cliques, the “LOD-" approach was promoted to “LOD”.
Tab. [I] shows that the introduction of spatial cliques im-
proved the detection performance by 4.8% (from 24.7% to
29.5%). That occurred because using multiple cliques re-
duced the solution spaces of the latent variable learning,
thus readily facilitating a better solution.

Multi-Entropy Latent Model. We denoted the multi-
entropy model by “MELM-D” and “MELM-L” in Table
[Il which respectively corresponded to object discovery
and object localization. We trained the min-entropy latent
model by simply cascading the object discovery and object
localization branches, without using the recurrent optimiza-
tion. Tab.|l|shows that MELM-L significantly improved the
baseline LOD from 29.5% to 40.1%, with a 10.6% margin
at most. This fully demonstrated that the min-entropy la-
tent model and the implementation of object discovery and
object localization branches were pillars of our approach.

Recurrent Learning. In Tab. [I] the proposed recurrent
learning algorithm, “MELM-D+RL” and “MELM-L+RL”,
respectively achieves 34.5% and 42.6% mAP, improving the
“MELM-L” (without recurrent learning) by 1.9% and 2.5%.
This improvement showed that with recurrent learning and
the object confidence accumulation, Fig. [2] the object dis-
covery and object localization branches benefited from each
other and thus were mutually enforced.

Accumulated Recurrent Learning. When using two
accumulated object localization modules, the MELM, re-
ferred to as “MELM-L2-ARL”, significantly improved the
mAP of the “MELM-L-RL” from 42.6% to 46.4% (+3.8%).
It further improved the mAP from 46.4% to 47.3% (+0.9%)
when using three accumulated detectors, but did not signif-
icantly improve when using four detectors.

4.4. Performance and Comparison

Weakly Supervised Object Detection. Table 2] shows
the detection results of our MELM approach and the state-
of-the-art approaches on the PASCAL VOC 2007 dataset.
MELM improved the state-of-the-art to 47.3% and respec-
tively outperformed the OICR [38El, Self-Taught [[18]], and

2This work reported a higher performance (47.0%) with multiple net-
works ensemble and Fast-RCNN re-training. For a fair comparison, the
performance of OICR using a single VGG16 model is used.
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by the localization accuracy and localization variance in the last column.

‘ Method ‘ aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv mAP‘
LOD- - - 247
LOD 322 496 159 81 50 51.1 448 223 166 353 240 204 310 571 98 153 309 31.7 50.1 37.8 295
MELM-D 363 47.1 197 134 3.1 614 526 128 139 405 333 126 296 621 101 175 350 487 604 413 326
MELM-L 495 544 262 197 129 594 63.0 392 223 469 39.1 362 432 642 2.6 213 401 489 579 544 40.1
MELM-D+RL 374 56.8 274 131 44 592 520 258 203 415 33.1 213 328 60.0 100 11.6 357 43.6 572 473 345
MELM-L+RL 504 57.6 377 232 139 602 63.1 444 243 520 423 427 437 66.6 29 214 451 452 59.1 562 426
MELM-D+ARL 421 612 2065 173 78 614 556 202 213 463 353 367 370 63.1 12 187 389 520 578 480 374
MELM-L1+ARL 513 669 36.1 28.1 155 68.6 67.1 373 248 652 451 507 469 675 21 253 513 564 629 59.0 464
MELM-L2+ARL 55.6 669 342 29.1 164 68.8 68.1 43.0 250 656 453 532 49.6 686 20 254 525 568 62.1 57.1 473

Table 1: Detection average precision (%) on the PASCAL VOC 2007 test set. Ablation experimental results of MELM.

‘ Method ‘ aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv mAP‘
MILinear Ilﬂll 413 397 221 95 39 410 450 191 1.0 340 16.0 213 325 434 219 197 215 223 360 18.0 254
Multi-fold MIL \E\ 393 43.0 288 204 80 455 479 2211 84 335 23.6 292 385 479 203 200 358 308 41.0 20.1 302
LCL+Context |m\ 489 423 261 11.3 119 413 409 347 108 347 188 344 354 527 19.1 174 359 333 348 465 31.6
WSDDN 394 50.1 315 163 126 645 428 42,6 10.1 357 249 382 344 556 94 147 302 40.7 547 469 348
PDA [23] 545 474 413 208 177 519 635 46.1 218 571 221 344 505 618 162 299 407 159 553 402 395
OICR \Iv'J 58.0 624 31.1 194 130 65.1 622 284 248 447 306 253 37.8 655 157 241 417 469 643 62.6 41.2
Self-Taught 522 47.1 350 267 154 613 660 543 3.0 53.6 247 436 484 658 6.6 188 519 436 53.6 624 417
WCCN [iﬁll 495 60.6 38.6 292 162 708 569 425 109 441 299 422 479 641 138 235 459 541 60.8 545 428
MELM 556 669 342 29.1 164 688 68.1 43.0 250 656 453 532 496 68.6 2.0 254 525 568 62.1 57.1 473

Table 2: Detection average precision (%) on the PASCAL VOC 2007 test set. Comparison of MELM to the state-of-the-arts.

WCCN by 6.1%, 5.6%, and 4.5%. In TableEl, the
detection comparison results on the PASCAL VOC 2012
datasets are provided. MELM respectively outperformed
the OICR [38], Self-Taught [18]], and WCCN by 4.5%,
4.1%, and 4.1%, which were significant margins for the
challenging WSOD task.

Specifically, on the “bike”, “car”, “chair”, and “cow”
classes, MELM outperformed the state-of-the-art WCCN

approach up to 6~21%. Despite of the average good perfor-
mance, our approach failed on the “person” class, as shown
in the last image of Fig.[/| This may have been because with
a large appearance variation existing in person instances,
it is difficult to learn a common appearance model. The
“faces” that represent the person class with minimum ran-
domness were falsely localized.

Fig.[7shows some of the detection results of the MELM
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Figure 7: Examples of our object detection results. Yellow bounding boxes are ground-truth annotations. Green boxes and
red boxes are positive and negative detection results respectively. Images are sampled from PASCAL VOC 2012 test set.

l Method [ Dataset Splitting [ mAP ‘

MILinear [31] train/val 2338
PDA train/val 29.1
Self-Taught [[18 train/val 39.0
ContextNet \ trainval/test 353
WCCN [12] trainval/test 37.9
OICR [38] trainval/test 379
Self-Taught [[18 trainval/test 38.3
MELM train/val 40.2

MELM trainval/test 424

Table 3: Detection average precision (%) on the VOC 2012
test set. Comparison of MELM to the state-of-the-arts.

| Method | Localization (mAP) [ Classification (mAP) |
MILinear [31] 439 72.0
LCL+C0nte 48.5 -
PDA (23] 524 ;
VGG16 [35] - 89.3
WSDDN 6] 535 89.7
Multi-fold MIL @ 54.2 -
ContextNet [[19]] 55.1 -
WCCN [12] 56.7 90.9
MELM 614 93.1

Table 4: Correct localization rate (%) and image classifica-
tion average precision (%) on PASCAL VOC 2007. Com-
parison of MELM to the state-of-the-arts.

approach. By accumulating proposals of high confidences,
MELM localized multiple object regions and therefore
learned more discriminative detectors.

Weakly Supervised Object Localization. The Correct
Localization (CorLoc) metric was employed to evalu-
ate the localization accuracy. CorLoc is the percentage of
images for which the region of highest object confidence
has at least 0.5 interaction-over-union (IoU) with one of the
ground-truth object regions. This experiment was done on
the trainval set because the region selection exclusively
worked in the training process. Tab. ] shows that the mean
CorLoc of MELM outperformed the state-of-the-art WCCN

by 4.7% ( 61.4% vs. 56.7%). This shows that the min-
entropy strategy used in our approach was more effective
for object localization than the image segmentation strategy
used in WCCN.

Image Classification. The object discovery and object
localization functionality of MELM highlights informative
regions and suppresses disturbing backgrounds, which also
benefits the image classification task. As shown in Tab.
[ with the VGG16 model, MELM achieved 93.1% mAP,
which respectively outperformed WSDDN (6] and WCCN
up to 3.4% and 2.2%. It is noteworthy that MELM
outperforms the VGG16 network, which was specifically
trained for image classification, by 3.8% mAP (93.1% vs.
89.3%). This shows that the min-entropy latent model
learned more representative feature representations by re-
ducing the localization randomness of informative regions.

5. Conclusion

In this paper, we proposed a simple but effective min-
entropy latent model (MELM) for weakly supervised object
detection. MELM was deployed as two submodels of ob-
ject discovery and object localization, and was unified with
the deep learning framework in an end-to-end manner. Our
approach, by leveraging the sparsity produced with a min-
entropy model, provides a new way to learn latent object re-
gions. With the well-designed recurrent learning algorithm,
MELM significantly improves the performance of weakly
supervised detection, weakly supervised localization, and
image classification, in striking contrast with state-of-the-
art approaches. The underlying reality is that min-entropy
results in minimum randomness of an information system,
which provides fresh insights for weakly supervised learn-
ing problems.
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