O N N O

10
11
12
13
14

15

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL.40, NO.X, XXXXX2018 1

Feedback Convolutional Neural Network for
Visual Localization and Segmentation

Chunshui Cao™, Yongzhen Huang

Liang Wang, Senior Member, IEEE, Zilei Wang

, Senior Member, IEEE, Yi Yang, Member, IEEE,

, Member, IEEE, and Tieniu Tan, Fellow, IEEE

Abstract—Feedback is a fundamental mechanism existing in the human visual system, but has not been explored deeply in designing
computer vision algorithms. In this paper, we claim that feedback plays a critical role in understanding convolutional neural networks
(CNNs), e.g., how a neuron in CNNs describes an object’s pattern, and how a collection of neurons form comprehensive perception to
an object. To model the feedback in CNNs, we propose a novel model named Feedback CNN and develop two new processing
algorithms, i.e., neural pathway pruning and pattern recovering. We mathematically prove that the proposed method can reach local
optimum. Note that Feedback CNN belongs to weakly supervised methods and can be trained only using category-level labels. But it
possesses a powerful capability to accurately localize and segment category-specific objects. We conduct extensive visualization
analysis, and the results reveal the close relationship between neurons and object parts in Feedback CNN. Finally, we evaluate the
proposed Feedback CNN over the tasks of weakly supervised object localization and segmentation, and the experimental results on
ImageNet and Pascal VOC show that our method remarkably outperforms the state-of-the-art ones.

Index Terms—feedback, convolutional neural networks (CNNs), weakly supervised, object localization, object segmentation

1 INTRODUCTION

VISUAL attention is mainly dominated by “goals” from
our mind in a top-down manner, especially in the case
of object detection. Cognitive science explains this mecha-
nism in the “Biased Competition Theory” [1]: human visual
cortex would be enhanced by top-down stimuli, and non-
relevant neurons will be suppressed in feedback loops
when searching for objects. This process actually contains
the selectivity of neuron activations [2], which reduces the
chance of recognition to be interfered by either noise or
distractive patterns.

Inspired by the above evidence, in this paper we propose
a novel Feedback Convolutional Neural Network (Feedback
CNN) architecture to imitate such selectivity. Specifically,
we propose to jointly reason the outputs of class nodes and
the activations of hidden layer neurons in the feedback
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loop. Fig. 1 illustrates the main idea of Feedback CNN. The
proposed network does the inference for input images in a
bottom-up manner, as in traditional Convolutional Neural
Networks [3], [4], [5]. Then high-level semantic labels (e.g.,
outputs of class nodes) would be produced and they are set
as the “goals” in visual search. Finally, we select the target-
relevant neurons by pruning the neural pathway in feed-
back loops. To capture the object of interests, it is in the pixel
space to reconstruct the objects by recovering all patterns
carried by the selected target relevant neurons. In this work,
we show that the Feedback CNN is effective for visualiza-
tion of classification models, object localization, and seman-
tic segmentation.

Specifically, we propose a simple yet efficient method to
analyze image compositions represented by Convolutional
Neural Networks, and then assign neuron activations given
by goals during visual search. Inspired by Deformable Part-
Based Models (DPMs) [6] that model middle level part loca-
tions as latent variables and search for them during object
detection, we introduce latent gate-variables to control the
effects of hidden neurons. Then we formulate the feedback
computation as an optimization problem and we develop
two new algorithms to solve it, i.e., Feedback Selective Prun-
ing (FSP) and Feedback Recovering (FR). The two proposed
algorithms both maximize the response of network output
to the target high-level semantic concepts in a top-down
manner. More specifically, FSP focuses on selecting the tar-
get-relevant neurons in the hidden layers, and FR is able to
restore visual pattern information in the receptive field of a
certain neuron. By combining FSP and FR, Feedback CNN
can effectively produce the task-specific gradient maps
which allow us to obtain visualization maps and energy
maps with high quality. In particular, we visualize several
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Recovering

Pruning

Fig. 1. Feedback CNN. Given an input image, we perform a normal feed-
forward to predict the class label and set it as the target. Then use the
pruning operation to select related neurons, and perform the recovering
operation on these selected neurons to obtain target-relevant visualiza-
tion and energy maps. Each selected neuron is highly related to object
parts, which is shown by visualizing the selected neurons respectively.

exemplar neurons that are selected by FSP in Fig. 1. It can be
seen that the selected neurons are highly relevant to the tar-
get object and correspond to different parts of the object. As
a consequence, Feedback CNN can select the target-relevant
neurons and suppress the irrelevant ones by the top-down
inference, which makes the model mainly respond to the
most salient regions of images that are highly related to the
target category.

Accordingly, Feedback CNN enables a CNN for object
classification to localize and segment the interested objects
in natural images, as illustrated in Fig. 2. Specifically, a
CNN classifier performs feedforward inference for an input
image as usual. The predicted category, e.g., “Train” for the
first image, is set as the “goal” for following feedback in
Fig. 2c, where only the neurons associated with “Train”
would be activated. As a result, in Figs. 2d and 2e, only the
salient regions related to “Train” are highlighted in the visu-
alization and energy maps. With the help of these maps, it is
easy to localize and segment target objects in images, as
shown in Figs. 2f and 2g, and the whole process only needs
weakly supervised class annotation for training. As sug-
gested by these results, the feedback networks provide impor-
tant flexibility to Convolutional Networks towards integrating

object recognition, localization, and segmentation into a unified
framework.

A preliminary version of this work was reported in [7].
Compared with [7], apart from more comprehensive
description, analysis, and experiments, this paper develops
two new algorithms and gives the mathematical proofs on
achieving local optimum. Consequently, the methods in
this paper present much stronger capability for task-specific
neuron selection and object capturing. Furthermore, we can
obtain energy maps with higher signal-to-noise ratio and
clearer object boundaries. We believe that this work paves a
way for weakly supervised object localization and segmen-
tation. By contrast, the previous model in [7] suffers from
more noise and is confined to weakly supervised object
localization.

The main contributions of this paper are summarized as
follows: 1) We develop two novel algorithms (i.e., FSP and
FR) to model the feedback mechanism in CNNs, and pro-
vide mathematical proofs on achieving local optimum. 2)
We demonstrate that the proposed Feedback CNN has the
capability to select the neurons associated with goal objects
through extensive visualization. 3) We apply Feedback
CNN to weakly supervised object localization and segmen-
tation, and obtain significant performance improvement
compared with previous state-of-the-art methods.

2 RELATED WORK
2.1 Deep CNNs

In recent years, it has been witnessed the great success of
deep CNNSs in various computer vision tasks [3], [4], [5], [8],
[9]. Particularly, deep CNNs have basically achieved
human-level performance for object recognition [3], [4], [5].
Studies in [10], [11] show that the convolutional units in
CNN:s that are trained only for the purpose of classification
have the potential to learn a part of semantic patterns, e.g.,
object parts. The discriminative ability of deep CNNs can be
further improved by some approaches, such as dropout [12],
skip connections [5], and batch normalization [13]. More-
over, many researchers take considerable interests in
enhancing deep CNNs to possess greater capacity by mak-
ing the networks deeper or wider [3], [5], [14].

The great progresses of CNNs provide a solid foundation
for constructing a feedback model in CNNs. By introducing
the feedback mechanism, it is expected that object localiza-
tion and semantic segmentation can be conducted more eas-
ily, especially under weakly supervised conditions.

(a) Input images

(b) Feedforward

(c) Feedback (d) Visualization

(e) Energy map (f) Localization (g) Segmentation

Fig. 2. A simple pipeline for object localization and segmentation via the proposed Feedback CNN model. (a)(b)(c) When given an input image, the
proposed Feedback CNN is designed to utilize both bottom-up image inputs and top-down semantic labels to infer the hidden neuron activations. (d)
(e)(f)(g) Salient areas captured in the visualization and energy maps by feedback often correspond to related target objects. And based on these
maps, objects can be easily localized and segmented from the input image. Best viewed in color.
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2.2 Top-Down Feedback

Top-down Feedback is one of the important mechanisms in
the human visual system that plays a critical role in many
visual tasks, e.g., objects localization and segmentation, fea-
ture grouping, perceptual filling, and tuning receptive fields
of neurons [15]. Before our work, some efforts have been
made to embed the feedback mechanism into deep neural
networks. The convolutional latent variable models
(CLVMs) in [16] take feedback by treating units as the latent
variables of a global energy function. [17], [18] invert the
learned convolutional neural networks for understanding
deep image representations. The DasNet [19] adds a feed-
back structure that can dynamically alter the sensitivities of
convolutional filters during classification, where the feed-
back mechanism is learned via reinforcement learning. [20]
introduces the top-down module to incorporate fine details
into the detection framework. Recently, [21] presents a feed-
back based learning model. The key idea is to make predic-
tions based on a notion of the thus-far outcome in an
iterative manner. An earlier study is presented in Deep
Boltzmann Machines (DBM) for feature selection [22]. Mean-
while, Recurrent Neural Networks (RNNs) [23] and Long
Short-Term Memory (LSTM) [24] are explored to capture
attention drifting in a dynamic environment. Deconvolu-
tional Neural Networks [10] attempt to formulate feedback
as a reconstruction problem in the training phase.

In this work, we propose to formulate feedback as an opti-
mization problem for neuron selection. Different from previ-
ous works, our proposed feedback is used to selectively
modulate the status of hidden neurons during the testing
phase. Thus it does not affect the training procedure of CNNs,
i.e.,, many sophisticated models can be directly adopted.

2.3 Weakly-Supervised Object Localization and
Segmentation

In recent years, many methods have been developed for
weakly supervised object localization based on CNNs [25],
[26], [27], [28], [29], [30]. For example, [28] proposes a self-
teaching method for object localization. [26], [27] propose to
use the global average pooling and max pooling to generate
class-specific energy maps for localizing objects. [25] pro-
poses to segment objects in an image using the noisy energy
map generated by class-specified gradients. [29] proposes to
retrain the recognition model after embedding the average
pooling layer. [30] employs a probabilistic “winner-takes-
all” process, in which marginal winning probability is com-
puted by taking activation values and positive convolu-
tional weights. The energy maps generated by [29] and [30]
mainly highlight the most discriminative parts of objects
while losing fine details on object boundaries, which conse-
quently suffer from noise and interference.

Meanwhile, some other approaches are proposed for
weakly-supervised semantic segmentation [31], [32], [33],
[34], [35]. The approaches presented in [31] and [34] train
deep networks using multiple instance learning and adopt
different pooling strategies. CCNN [33] and EM-Adapt [35]
develop a self-training framework and enforce the consis-
tency between the per-image annotation and the predicted
segmentation masks with different constraints.

Different from the previous methods, the proposed Feed-
back CNN in this paper can simultaneously perform object

recognition, localization, and semantic segmentation with
the same weakly supervised settings. That is, our method
only needs to train a classification model, and then object
localization and semantic segmentation can be automati-
cally performed based on the energy maps generated by the
proposed feedback selection mechanism. Here, the bound-
ing boxes or segmentation masks are not required at all for
the training samples.

3 FEepBACK CNN

3.1 Re-Interpreting ReLU and Max-Pooling
The recent state-of-the-art deep CNNs consist of many
stacked feedforward layers, including convolutional, recti-
fied linear units (ReLU), and max-pooling layers. For each
layer, the input x can be an image or output of the previous
layer, which is composed of C input channels with the
width M and height N, i.e.,, x € RM pNXC Similarly, the out-
put y consists of C' output channels with the width M’ and
height N',i.e.,y € TV

Convolutional Layer. The convolution layer is used to
extract different features of the input, which is commonly
parameterized by " filters with the kernel k € R €.

C
Yo = Z kc’c * X,y VC/7 (1)
c=1

where k. represents the convolutional kernel of the ¢'th fil-
ter over the cth input channel.

ReLU Layer. The ReLU layer is used to increase the non-
linear properties of the decision functions without affecting
the receptive fields of convoluional layers. Formally, it is
defined as

y = max(0,x). (2)

Max-Pooling Layer. The max-pooling layer is used to reduce
the dimensionality of the output, and the feature variance of
deformable objects for producing the similar image represen-
tations. The max-pooling operation is applied to each pixel
(i, 7) by taking its small neighborhood A, namely,

(3)

Yije = MAX Tj ity jtv,cy vzv]: C.
u,ue./\f

Here y;;. represents the pixel value of (i, j) over the cth out-
put channel.

Selectivity in Feedforward Network. To understand the
selectivity mechanism in neural networks and formulate the
feedback, we re-interpret the behaviors of ReLU and max-
pooling layers by introducing a set of binary activation
variables z € {0,1} instead of the max() operations in
Equations (2) and (3). In particular, we formulate the behav-
iors of ReLU and max-pooling as y = z o x, where o denotes
the element-wise product (Hadamard product); and
y = z xx, where * denotes the convolution operator and z is
a set of convolutional filters except that they are location
variant.

By interpreting the ReLU and max-pooling layers as
“gates” controlled by input x, the network selects the impor-
tant information in a bottom-up manner during the feedfor-
ward phase, and then eliminates the signals with minor
contributions to predictions. However, for a pre-trained
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Feedforward of Iter

Feedback of Iter 1

Cyeee—)

Feedforward of Iter 2 Convergence

Fig. 3. lllustration of our feedback model and its inference process. At the first iteration, the model performs as a feedforward neural network. Then,
the neurons in the feedback hidden layers update their activation status to maximize the confidence output of the target top neuron. This process
continues until convergence. Note that the black nodes represent neurons that are not activated or turned off in the feedback loop. (We show only

one layer here, but feedback layers can be tacked in the deep CNNs.)

network model, the activations of some neurons could be
harmful to image classification since they may involve irrel-
evant noise, e.g., cluttered backgrounds in complex scenes.
This could be one of the reasons that most of CNN classi-
fiers on ImageNet have relatively low top-1 accuracies.

3.2 Introducing Feedback Layer
For a given neural network model, most of the gates acqui-
esce to be opened so that maximum amount of information
can pass through the network for generalization. When tar-
geting at a particular semantic label, however, we can
increase the discriminativeness of features by turning off
the gates that provide irrelevant information. Such a strat-
egy is explained as the neuron selectivity in the Biased
Competition Theory [1], and is critical to implement the
top-down attention. Moreover, the evidences from [36]
show that the performance of both human recognition and
detection can be increased significantly by the goal-directed
selectivity after a first time glimpse. A method called “look
and think twice” in [7] mimics this process and conse-
quently the CNN prediction accuracy is effectively boosted.
Technically, to increase the flexibility of models to images
and prior knowledge, we introduce an extra layer called feed-
back layer to the existing convolutional neural networks. The
feedback layer contains a set of binary variables Z € {0,1} to
represent activation status of neurons. In practice, these
binary variables are determined by top-down messages
from outputs rather than inputs. The feedback layer is
stacked upon each ReLU layer. Then the feedback and ReLU
layers form a hybrid control unit to neuron response, which
indeed combines the bottom-up and top-down messages:

Bottom-Up  Inherent selectivity from ReLU layers, and the
dominant features would be passed to the
upper layers;

Top-Down  Controlled by Feedback Layers, which propa-

gate the high-level semantic information back
to image representations. Only the gates asso-
ciated with the target neurons would be acti-
vated.

Fig. 3 illustrates a simple architecture of our feedback
model with only one ReLU layer and one feedback layer.

3.3 Problem Formulation

In this paper, we formulate the feedback mechanism as an
optimization problem by introducing additional control

gate-variables Z. Given an image / and a neural network
with learned parameters w, we optimize the output of the
target neuron by jointly inferring the binary neuron activa-
tion Z over all the hidden feedback layers. In particular, if
the target neuron is a tth class node in the top layer, we
maximize the class score S;(I) by re-adjusting the activation
of each neuron, namely,
max - Sy(I, %)
8 )

s.t. 0

Zijc € {071}a \V/ l7i7j7 c,

where zg)p denotes the gate-variable for the neuron (4, j) of
the channel c in the feedback layer .

The formulation in (4) leads to an integer programming
problem, which is NP-hard for the current non-linear deep
network architecture. Here we derive locally optimal
approximate solutions since S is linearly approximated for
our considered cases.

Linear Approximation. It is well known that a CNN presents
a nonlinear mapping function owing to the nonlinear layers
such as ReLU and max-pooling. Thus S;(I) is a highly non-
linear function about the input image /. However, given an
input image I, we can approximate Sy (I) using a linear func-
tion in the neighborhood of I, [25], [37], [38], [39], e.g., com-
puting the first-order Taylor Expansion as follows:

Si(I) = Si(Iy) + Si(lo)(I — I). (5)

In this work, we implement such approximations through
two layer-wise operations after the neural network finishes
the regular feedforward: 1) fixing the “gate” status of the
ReLU and max-pooling layers, and 2) approximating other
nonlinear layers with the first order Taylor Expansion. In this
case, the class score S; (1) turns to be the output of a linear neu-
ral network. After stacking the feedback layer upon each
ReLU layer, the objective function in (4) is updated to a line-
arly nested function S; (I, Z). It can be expanded linearly from
any feedback layer [ as

Si(I1,7) = Za@ A 20

ijc~ijeije?

(6)

ijc

where xfﬂ is the input of the neuron (i, j) of the channel c in
o

the feedback layer I, zféz is the latent gate-variable, and o,

is the Contribution Weight (CW) that is determined by the
neuron pathways from A

ijc

to the target neuron ;.
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(b) FR for elephant (c) FR for zebra

(d) Input image (e) FSP for elephant (f) FSP for zebra

Fig. 4. Visualizations by running the FR and FSP. (a)(d) The same input
image for FR and FSP. (b)(c) Visualization of gradient maps via running
FR for elephant and zebra respectively. (e)(f) Visualization of gradient
maps via running FSP for elephant and zebra respectively. Best viewed
in color.

From Equation (6), the feedback optimization problem is
transformed as

max Sf (I, 7)
‘ (7
s.t. ”L € {0,1}, V i, 4,c.

Note that a: iic ) is the output of a ReLU neuron, namely, the
constant values produced by approximating the non-linear
layers before the current ReLU layer have been calculated
in ac( ) . Thus Equation (6) does not contain a constant term.

3.4 Solutions

The objective function of the feedback optimization problem
in (7) is a linearly nested function. So we can expand the
objective function and use a greedy strategy to update the
hidden gate-variables. Next, according to the optimization
strategies, we propose two different greedy algorithms, i.e.,
Feedback Recovering and Feedback Selective Pruning. For con-
venience, we simplify the target S; (I, Z) as S in the follow-
ing descriptions.

3.4.1 Feedback Recovering (FR)

In order to maximize S, we propose to optimize the latent
gate-variables Z layer-by-layer in a top-down order. For a
specific feedback layer [, the input a:x)c represents a particular
pattern, and the Contribution Weight sz(j)( tells us how this
input pattern contributes to the target neuron S, as demon-
strated in Equation (6). Intuitively, we can reserve the xl(;)c s
with positive CWs and remove the ones with negative CWs
to maximize .S, which can be implemented by updatmg the

latent gate-variable zU) accordmg to the sign of oz . And

ijc
then we expand the remaining 2" to the next feedback layer

ije
[ — 1. This strategy is applied on each feedback layer in a top-
down order. We summarize the above processes as Feedback
Recovering in Algorithm 1. Note that here we denote the tar-
get S after updating the feedback layer [ as S;, and use the
subscript £ to replace i, j, c for simplicity. A sign function
8(x) is employed with §(z) =1 for > 0 and otherwise
8(x) = 0. A mathematical proof of FR is provided in the

appendix, which can be found on the Computer Society Digi-
tal Library at http://doi.ieeecomputersociety.org/10.1109/
TPAMI.2018.2843329.

Algorithm 1. Feedback Recovering (FR)
INPUT :
DO :
Initialize all Z with 1
for iteration = 1 to max iteration do

tmage Iy, target neuron with score function S

Feed forward
if iteration == 1 then
Do Linear approximation operations
end if
for!= N to 1do
if [ = N then
(N) _ _as
%=
N N
47— s
update a;c(N) = z,(cN) * a;N)
update S — Sy =), ot;c(N)xf,CN)
else
Fix Z;CN)7 z,(cNfl), ... ,zgﬂ)
S = Sl D)
o _ oS
X 3;(+)1
1
zgc) = S(aé))
update a;m = z/(,cl) * ag)
update Sppp — S =, ot;ﬂ(l)w,(j)
end if
l— —
end for
end for

In order to qualitatively analyze the effect of FR, we con-
duct the proposed FR algorithm over the VggNet [4] that is
pre-trained on the ImageNet 2012 dataset. As shown in Fig. 4,
given an input image in the first column which contains an
elephant and a zebra, we run FR for these two categories sepa-
rately, and then the concerned objects can be highlighted.

Visualization and Energy Map. After FR achieves conver-
gence, the back-propagation from the target neuron to the
image space is performed and a gradient map can be
obtained. This gradient map is a three-channel matrix. To
visualize it in the RGB space, we normalize it as the visuali-
zation map by Min-Max normalization with a scale factor:
255* Ll To describe the importance of each pixel to the
target category, the energy map is constructed by calculat-
ing the summation of absolute gradient values of the three
channels for each pixel and normalizing the produced one-
channel map by ¢, normalization.

For the input image in Fig .4a, the visualization maps for
the elephant and zebra are depicted in Figs. 4b and 4c. It
can be observed that the FR fails to distinguish particular
patterns for different target objects, but can roughly restore
visual information in the receptive field of a target neuron.
That is the main reason why we name Algorithm 1 as Feed-
back Recovering. The major cause for these results is that
we sequentially update the CWs of hidden neurons in a
top-down manner. A more detailed analysis will be pro-
vided in the discussion section.
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3.4.2 Feedback Selective Pruning (FSP)

FR modulates CWs during the optimization processes,
which causes it to lose the discriminativeness of resulting
maps. In this section, we propose to update all the gate-vari-
ables Z with CWs unchanged. To this end, we compute the
latent gate-variable Z in a bottom-up order. Specifically, we
modulate the input ;) to maximize the target score S. We
summarize all the operatlons as Feedback Selective Pruning
in Algorithm 2. Note that wi, denotes the weight between
xil, Y and :Jc,(f> when the convolutional operation is per-
formed from the layer [ — 1 to layer /. Similarly, the mathe-
matical proof of FSP is provided in the appendix, available
in the online supplemental material.

Algorithm 2. Feedback Selective Pruning (FSP)

INPUT :
DO :
Initialize all Z with 1
for iteration = 1 to max iteration do
Feed forward
if iteration == 1 then
Do Linear approximation operations
end if
for! =1 to N do
if | = 1 then
M) — 88

kT .M
3zk

image Iy, target neuron with score function S

1 1
A = 5(a)
update xgl) = Zil) * zgcl)
update S — 51 =", a;\,})x;ﬁl)

else
fix zg)7 zf,f)? cey 22171)

S I—Zk/“l 1) k(lz 1)

and also,

Sie1 =2 O‘l(f,D'T/(«l)

x,(:) =relu(>_y wé’fl)z;ffl)zg,lfm)

(O _ 381
o, =
k 811:2_[)

update x;,(l) = zg) * xg)

update Si_1 — S =>", ajj%jf”
end if
I+ +

end for

end for

We run the FSP under the same experimental settings as
for the FR, and the results are shown in Figs. 4e and 4f.
From the results, the salient regions in Figs. 4e and 4f focus
on different target objects. That is, the FSP algorithm is able
to select target-relevant neurons in deep CNN. This is the
reason why we name it as Feedback Selective Pruning.
Compared with FR, therefore, FSP possesses more powerful
ability to distinguish different target objects. For such ability
of FSP, it is mainly because the status of gate-variables is
determined by the CWs of hidden neurons and the inputs
are modulated instead of the CWs during the optimization.
We will provide more discussion in the next section.

3.5 Discussion
To maximize the target score S, the FR algorithm updates
CWs layer-by-layer from top to bottom. During optimiza-

tion, the gate-variable zm for x(l)

fied az i ) instead of orlglnal ajjl As a consequence, it would
destroy the ability of the target neuron to judge whether a
pattern is beneficial to the semantic information it repre-
sents. But the FR algorithm presents a good method to visu-
alize the content in the receptive field of a neuron.

In contrast, the FSP algorithm updates the activations of
hidden neurons to maximize the target score S from bottom

to top. For a particular neuron its value :L'(Z) may be changed
However the CW, i.e., o)

ije

. is determined by the modi-

because of the updating of xl e

for 37; e

) will not be changed in a single iteration, since the sta-
tus of neurons in the ReLU and max-pooling layers have
been fixed after the first feedforward and the network is
optimized in a bottom-up order. Due to adopting different
computational strategies, FSP and FR result in different z< )
From another point of view, S can be expanded from
each feedback layer. Suppose that we have N feedback
layers in total, and we do expand S for N times at all the

feedback layers. Then S can be reformulated as

§ E Ol“( LJ(_ L/(,

=1 ijc

(®)

If each acL o Ve, l€1,2,... N represents a particular pat-
tern, then S is a hnear combination of all those patterns
from Equation (8). All the patterns with the negative CW
will be removed by FSP. This will change the values of the
reserved J‘E ,err but not change the relationship between the
reserved patterns and the target neuron. Actually, the FSP
offers a natural way to seek the patterns closely related to a
particular object.

Indeed, neither FR nor FSP provides a global optimum
solution, and thus it is difficult to produce perfect visualiza-
tion and energy maps only using one of them. In this paper,
we propose Feedback CNN to combine the advantages of
FR and FSP, and consequently impressive results can be
produced.

For both FR and FSP, the target neuron S is not limited to
be a class node in the top layer. According to the optimiza-
tion process, the target neuron S can be any hidden neuron
in the neural network. In our proposed Feedback CNN, the
FSP algorithm is used to select target-relevant neurons in
every layer for a particular class node, and the FR algorithm
is employed to reconstruct the target object by restoring the
visual pattern information carried by the selected neurons.
More specifically, the target object would be roughly recon-
structed by: (1) running FR over the selected neurons in one
of the middle layers simultaneously, and (2) performing a
back-propagation from the target neurons (via setting the
gradients as 1) to the image space.

Fig. 5 presents some examples to intuitively show the
results generated by the proposed Feedback CNN. Specifi-
cally, Figs. 5b and 5c give the results of FR on the selected
neurons separately, where the energy and the visualization
maps are merged via the average operation. Figs. 5d and 5e
give the results of FR on the selected neurons simulta-
neously, which is much more efficient in practice. It can be
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(a) (d) (e)

Fig. 5. Results generated by combining both FR and FSP. (a) Input
images. (b)(c) Merged energy maps and visualization maps by running
FR separately on neurons selected by FSP. (d)(e) Energy and visualiza-
tion maps by running FR simultaneously on neurons selected by FSP.
Best viewed in color.

(b) (©)

seen that the target objects can be effectively captured by
Feedback CNN even for the images containing cluttered
background. Thus the neurons associated with the target
objects can be selected while the irrelevant ones can be
turned off. Note that this kind of selectivity occurs in each
hidden layer. In particular, for a deep CNN, we determine
the status of gate-variables according to the mean value of
all CWs in a layer, which would be more robust to noisy
patterns.

4 EXPERIMENTAL RESULTS

In this section, we conduct extensive experiments to verify
the effectiveness of Feedback CNN. The iteration process of
FSP is analyzed in Section 4.1 and the effectiveness of neu-
ron selection is studied in Section 4.2. We evaluate the dis-
criminative ability of FSP in Section 4.3. Besides, we
conduct quantitative experiments of weakly supervised
object localization in Section 4.4 and weakly supervised
semantic segmentation in Section 4.5. It should be noted
that since the FR algorithm is like a kind of image recon-
struction, we evaluate FR together with FSP in Sections 4.4
and 4.5.

4.1 Analysis on lteration Process of FSP
In order to verify our theoretical analysis described in Sec-
tion 3 that the score of the target neuron would keep
increasing until convergence when running the FSP algo-
rithm, we specially visualize the iterative process of the FSP
algorithm here. For the experimental purpose, the VggNet
(16 layers) [4], which is pre-trained with ImageNet 2012
training set, is fine-tuned on the Pascal VOC2012 data set.
First, as shown in Figs. 6a, 6b and 6c, given the input
image, the FSP algorithm is applied respectively on two
neurons which represent the categories of “dog” and “cat”

—cat
——dog
——other:

scores

2 B g
iterations

B 3 O
iterations

(b) Iteration for dog (c) Iteration for cat

——bus

——car £

——bus
——car
——other,

——other.
o
b9y
0
0
I o
o

s b 2

scores

B 3 O
iterations iterations

(d) Bus and cars

(e) Iteration for bus (f) Iteration for cars

Fig. 6. The iteration curves of FSP for different objects. (a)(d) Input
images. (b)(c) The iteration curves for dog and cat respectively. (e)(f)
The iteration curves for bus and car respectively.

in the last fully connected layer named as “fc8” in the
VggNet. The scores of all the 20 neurons in “fc8”, corre-
sponding to the 20 classes of Pascal VOC2012, are recorded
during the iteration procedure. The iteration process for cat-
egory “cat” is plotted with the red curve, “dog” with the
green curve, and other 18 classes with the blue curves. As
can be seen, all the iterative procedures converge after about
5 iterations. And the scores of the target neuron keep
increasing until convergence, while the scores of other clas-
ses are suppressed even if the corresponding objects are
presented in the image. Similar results are derived from the
image which contains a bus and several cars, as shown in
Figs. 6d, 6e and 6f. These results prove that FSP will con-
verge to a local optimum efficiently and increase the score
of the target neuron effectively. In addition, it should be
noted that there are several small cars in the top left and
right corners in Fig. 6d. When feedback is applied with
respect to category “car”, the scores of the target neuron
keep increasing while the scores for “bus” decrease heavily
though there is a big bus in the center of the image, as dem-
onstrated in Fig. 6f. The reason is that neurons carrying use-
ful information for particular targets can be selected
effectively while irrelevant neurons will be turned off in the
feedback loops.

Furthermore, we apply FSP on the ImageNet 2012 classi-
fication validation set which contains 50,000 images. The
ground-truth label of each image is set as the target for the
feedback model, and the scores of 5 iterations for all images
are recorded. Then we calculate their mean and standard
deviation of each iteration, and plot them in Fig. 7. We find
that the FSP algorithm is also effective even for a very large
image data set.

4.2 Effectiveness of Neuron Selection

In this section, we evaluate the effectiveness of neuron selec-
tion of FSP. Given an image with multiple class objects, e.g,
images in Fig. 8, we run the FSP algorithm with the same
VggNet in Section 4.1 for different targets, and take a mid-
dle layer named as “conv5 2” for explanation. This layer
has 512 filter kernels, indicating that it may express 512
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& ' | —®—arror bars of 50000 images

: -

iterations

Fig. 7. The mean iteration curve of 50000 images from the ImageNet
2012 classification validation set.

patterns related to different classes. In Fig. 8, the first input
image contains 2 people, a bicycle and a car, and the FSP
algorithm is run for the three classes. After convergence, for
each target, we can select the top 5 channels by ranking the
512 feature maps according to their maximum scores. Fur-
ther, we select the 5 neurons that have the maximum activa-
tion scores in each of the top 5 channels. As illustrated in
Fig. 8, the FR algorithm is run to visualize these 5 neurons,
and it turns out that they represent the most discriminative
parts of the corresponding objects. The similar results
appear in another image with some people and bottles.

To be more convincing, we evaluate these selected top 5
filters on the whole Pascal VOC2012 segmentation valida-
tion set which contains 1,449 images. We calculate the maxi-
mum and mean responses of the selected top 5 filters
related to each of the 20 categories by using the images of
each category. Since many images have multiple class
labels, the calculation process using some of these images
will be slightly adjusted. Suppose that we have correctly
selected 5 filters for category A and a given input image is
labeled as category A and B. Then the responses of these 5
filters will be mainly caused by the objects from category A,
thus it is not reasonable to put these responses to category
B.To avoid this mutual influence, we ignore these images
when evaluating the performance on category B.

VOL. 40, NO.X, XXXXX2018

bicycle B

car

person

bottle

person

Fig. 8. Visualization of 5 neurons that have the maximum scores in each
of the top 5 channels selected by the FSP algorithm. Best viewed in
color.

In Fig. 9, the maximum and mean responses are pre-
sented in the first and second rows respectively. We take
the category “person” as an example for detailed analy-
sis. FSP is run for the category “person” on the person-
bicycle-car image until convergence, and top 5 filters are
acquired. All images that are labeled as “person” are fed
to the original CNN model. The responses are drawn
with the magenta lines. Then, images of other 19 classes
which do not contain any “person” are fed to the same
CNN to get the corresponding responses. Specially, the
responses for the category “bicycle” and “car” which
appear in the image are plotted with the red and cyan
lines respectively, and the rest 17 classes are plotted
with blue lines. In Fig. 9b, the fact that the magenta lines
is higher than other lines indicates that the correspond-
ing filters are highly related to its target category, which
means that the FSP algorithm has effectively selected the
meaningful filters. The results are similar for another
image, as shown in Fig. 9e. We find that this kind of
neuron selection happens in all hidden layers. The FSP
algorithm has the ability to correctly select the corre-
sponding neurons (filters) to preset targets, as well as
suppress irrelevant neurons at the same time.

B T
top-5-filters

(b) person(max) (c) car(max)

B B g B g
top-5-filters top-5-filters

(e) input image (f) person(max)

(h) input image (i) person(mean)

(j) car(mean)

0
top-5-filters

(k) bicycle(mean)

(1) input image (m) person(mean)

(n) bottle(mean)

Fig. 9. Filter selection. The FSP algorithm is run for different objects in the input images (a) and (e). After FSP achieves convergence, we select top 5
channels (corresponding to 5 filters) for each target object according to the maximum scores of 512 channels in the “conv5_2" layer. We calculate the
maximum and mean responses of these 5 filters to the images of 20 different classes from the Pascal VOC2012 segmentation validation set. The first
row reports the maximum scores and the second row reports the mean scores. The filters selected by FSP well respond to the corresponding class
images. For example, the selected filters for “person” have much higher responses to the images from the category “person”. Best viewed in color.
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(a) ® © @ e ® & O
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® M & O (m)  (n)

Fig. 10. Visualization and energy maps. (a)(e)(i)(m) Input images. (b)(f)(j)(n) FSP-FR energy maps. (c)(g)(k)(0) Summation Energy Maps. (d)(h)(1)(p)

Visualization maps. Note that (i

4.3 Analysis on the Discriminative Ability of FSP

To evaluate this discriminative ability of FSP, we conduct
several experiments on the Pascal VOC2012 classification
validation set. The same VggNet in Section 4.1 is employed,
and Feedback CNN is utilized to generate category-specific
energy maps.

As a result, Fig. 10 depicts several examples. The energy
maps generated by Feedback CNN are highly relevant to
the target objects in the input images, as shown in Figs. 10b,
10f, 10j and 10n. For convenience, these energy maps are
named as FSP-FR energy maps.

Summation Energy Map. Due to the selection ability of the
FSP algorithm, most of the neurons preserved in all hidden
layers are highly relevant to the same semantic class. Mean-
while, a whole object can be divided into several parts and be
expressed in several different hidden layers. Thus, it is rea-
sonable to combine all the selected neurons to generate a new
energy map. We achieve this simply by the summation
operation. After applying the FSP algorithm, we resize the
gradients of feature maps in all ReLU layers behind convolu-
tional layers with the same size of the input image, and calcu-
late the summation of all the resized gradient maps along the
channel direction. The summation map is normalized by ¢,
normalization, named as Summation Energy Map. Note that
the energy value of each pixel indicates how important this
pixel is to the target category and the total energy of a Summa-
tion Energy Map is 1. Figs. 10c, 10g, 10k and 100 illustrate
some results. As can be seen, the Summation Energy Maps
have better distributions over target objects.

The Summation Energy Map integrates information of
the selected neurons in all hidden layers. So it is more con-
vincing that we evaluate the discriminative ability of FSP
using Summation Energy Maps instead of FSP-FR energy
maps. We calculate the Summation Energy Maps for each
image of the Pascal VOC2012 segmentation validation set.
As the data set provides ground-truth masks for all objects
of each category, we calculate the sum of energy that falls
into the target object regions in each image. We call this
value as the coverage rate. The mean coverage rate is com-
puted for each class on all validation images and drawn in

-p) demonstrate some results when input images contain multi-class objects. Best viewed in color.

Fig. 11 with the blue curve. Specially, since the deconvolu-
tional operation in back-propagation causes dilation of the
objects in the energy maps, we further report the results of
dilating the ground truth masks by 5 pixels and 10 pixels in
Fig. 11, with green and red curves respectively. As a con-
trast, the mean coverage rate of energy maps based on the
original gradients of the input image is reported too. As can
be seen, all coverage rates of Summation Energy Maps (left)
are much higher. That is, the Summation Energy Maps gen-
erated by FSP effectively highlight the expected objects and
almost focus on the target areas.

To provide a more convincing evaluation of the discrimi-
native ability of Summation Energy Map, we also calculate
the coverage rate only for images with multi-class labels in
PASCAL VOC2012 segmentation validation set. The corre-
sponding results are shown in Fig. 12, demonstrating the
effectiveness of FSP. All these results indicate that the FSP
algorithm has a strong discriminative ability. Object-related
neurons can be correctly selected and class-specific energy
maps can also be effectively produced, which well paves
the road for weakly supervised object localization and
weakly-supervised semantic segmentation.

4.4 Weakly-Supervised Object Localization
4.4.1  The ImageNet 2012 Localization Task

In this section, we evaluate the object localization power of
Feedback CNN on the ImageNet 2012 localization task. The

011 12 13 14 15 16 7 i€ 18 W 3

LR LA R R "8 s
[s.nl\u\ 2N T-twenty-classes

34587840
Pascal VOC 2012-twenty-classes

Fig. 11. Coverage rates of Summation Energy Map over all 20 classes
images of Pascal VOC2012. (left) Coverage rates of Summation Energy
Maps. (right) Coverage rates of the energy maps generated by original
gradients. Best viewed in color.
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Fig. 12. Coverage rates of Summation Energy Map of multi-class images
of Pascal VOC2012. (left) Coverage rates of Summation Energy Maps.
(right) Coverage rates of the energy maps generated by original gra-
dients. Best viewed in color.

goal of the task is bounding box localization of dominant
objects in an image. The top 5 localization evaluation met-
ric [25] is employed, in which a correct prediction is counted
when one of the top 5 guesses meets the requirement that
both object category prediction and its associated bounding
box are correct. To generate the top 5 category predictions,
the VggNet is trained on the ImageNet 2012 classification
training set. For weakly supervised localization, several
steps are performed to get a bounding box. We summarize
the experimental procedure in Procedure 1.

Procedure 1. Weakly Supervised Object Localization

1: Given a test image and a predicted label;

2: Run FSP according to the predicted label and obtain Sum-
mation Energy Map;

3: Get a bounding box which preserves 99 percent energy of

the Summation Energy Map. Crop the box region from the

original image as new input;

Apply FSP again on the new input image;

5: Set one of the middle-level layers (e.g., “conv5_2") as the
target layer for FR;

6: Set the preserved neurons in “conv5_2" as the target, and
run FR on those neurons simultaneously to get a new
energy map;

7: Get a bounding box which preserves 99 percent energy of
the new energy map.

=~

In particular, as described in Procedure 1, objects are
localized in two stages because of the varied scale of objects.
We first localize the objects roughly in Steps 1—4. Then the
precise localization is obtained in Steps 5-9 by combining
FSP and FR. Note that, in Procedure 1, we intuitively select
the “conv5_2" layer since the neurons in this layer represent
large-size patterns which are beneficial for reconstructing
target objects. And to preserve as much energy as possible
but avoid meaningless solutions (e.g., a box with the same
size of the input image), we intuitively set the rate of the
preserved energy as 99 percent. Better performance could
be produced when carefully select those hyper-parameters.

We compare the localization performance of Feedback
CNN on the ILSVRC2012 validation set (50,000 images)
with several state-of-the-art methods in Table 1. Compared
with the VGGnet-GAP [29], our method wins 5.01 percent
in terms of the accuracy of weakly supervised object locali-
zation. To avoid the influence of different classification per-
formance of the compared models, we employ different
image cropping strategies, such as no cropping, 5 cropping,
and dense cropping [4], to produce different classification

TABLE 1
Localization Results on ILSVRC2012
classification localization
methods
top 5 error top 5 error
deepinside [25] - 44.6
VGGnet-GAP [29] 12.2 45.14
Backprop-on-VGGnet [29] 114 51.46
GoogLeNet-GAP [29] 13.2 43.00
GoogLeNet [29] 11.3 49.34
Feedback CNN-no crop 15.68 42.82
Feedback CNN-5 crop 12.95 41.72
Feedback CNN-dense crop 9.22 40.32
MWP [30] with GT 38.70
Feedback CNN with GT 36.50

accuracies and we compare the localization accuracy when
classification error rates are close. It is important to note
that, the classification accuracies of the compared methods
are all produced by using 5 cropping operation. As illus-
trated in Table 1, When our classification accuracy is 3.48
percent (without cropping operation) and 0.75 percent
(with 5 cropping operations) lower than the compared
approach VGGnet-GAP [29], we still achieve 2.32 and 3.42
percent higher localization accuracy, respectively. More-
over, when given ground truth labels, 36.50 percent error
rate is obtained, which is an accuracy of 2.2 percent higher
than the recent best-performing approach MWP [30] under
the same experimental set-up.

Due to the powerful selection ability of FSP and the bet-
ter object boundaries in energy maps, the proposed Feed-
back CNN outperforms the state-of-the-art approaches. The
energy maps generated by our Feedback CNN are more
precise and contain more complete objects. Accordingly, the
bounding boxes are more close to the ground truth bound-
ing boxes. Fig. 13 displays some examples.

4.4.2 Object Localization on Pascal VOC

We now turn to a different evaluation setting. We follow the
evaluation protocol of weakly supervised object localization
in [27], [30], [40]. Experiments are conducted on the test set
of Pascal VOC2007 with 4,952 images and Pascal VOC2012
classification validation set with 5,823 images. Here, we
compare Feedback CNN with the following methods: Exci-
tation Backprop (EB) [30]; Exemplar-Driven(ED) [40]; Deep
inside CNN (DICNN) [25]; Deconvolutional neural net-
works (Deconv) [10], and Weakly-supervised learning CNN
(WeakSup) [27].

For Feedback CNN, the Summation Energy Maps are
used as localization score maps. We extract the maximum

Fig. 13. Examples of weakly supervised object localization of our
approach. The predicted bounding boxes are plotted in red color.
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TABLE 2
Mean Accuracy (%) of Object Localization on the Test Set of
VOC2007 and Classification Validation Set of VOC2012

DICNN WeakSup Deconv ED EB  Ours
VOCo07 76.0 - 75.5 - 80.0 865
VOC12 - 65.3 64.7 734 786 827

point on a Summation Energy Map as a location prediction.
A hit is counted if the maximum point falls into the ground
truth bounding box of the target category, otherwise a miss
is counted. Unlike [27], which sets a 18-pixel tolerance to
the predicted location, we restrict the correct predicted loca-
tion to be within the ground truth bounding box for a more
accurate evaluation. The localization accuracy is measured
by Acc = % for each category. The mean accuracy
across all categories is reported. Table 2 presents the experi-
mental results.

Note that we use the ground truth category labels as tar-
gets for Feedback CNN on Pascal VOC2007 for fair compar-
ing with DICNN [25] and EB [30], and use the predicted
ones on Pascal VOC2012 for fair comparing with ED [40]
and WeakSup [27]. The results demonstrate that Feedback
CNN significantly outperforms the compared methods with
a large performance gap.

A visual comparison between Deconv [10], WeakSup [27],
EB [30] and Feedback CNN is shown on the left side of
Fig. 14. All the three input images contain a motorbike, and
we present the localization maps for the motorbike class
produced by the above four methods. More examples are
presented on the right side of Fig. 14, in which all the input
images contain objects from two categories of PASCAL
VOC. As can be seen, our Feedback CNN generates more
accurate localization maps with less noise. Both the qualita-
tive and quantitative experiments support that Feedback
CNN performs very well for the weakly-supervised object
localization.

4.5 Weakly-Supervised Semantic Segmentation

In this section, we focus on the weakly-supervised semantic
segmentation task with experimental analysis on the Pascal
VOC2012 semantic segmentation challenge. We employ the
standard Pascal VOC2012 segmentation metric: mean inter-
section-over-union (mloU). Note that we only make use of
class-level labels to fine-tune VggNet for classification on
the Pascal VOC2012 segmentation training set, and evaluate
our method on the Pascal VOC2012 semantic segmentation
validation set (containing 1,449 images). In the training
phase, the input images are randomly cropped, mirrored,
scaled and rotated to obtain a better model. As for the
multi-label classification task, the loss function we adopt is
the sigmoid cross entropy instead of soft-max. To segment
objects from an input image based on the energy map, the
saliency cut proposed in [41] is utilized.

Procedure 2 demonstrates the experimental procedure.
In particular, distinct parts of an object may be expressed
in different layers, and their information can be all inte-
grated into the Summation Energy Maps, which makes the
Summation Energy Maps suitable for the segmentation
task. On the other hand, the FSP-FR energy maps have the
property to highlight object boundaries. Thus, we acquire
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Fig. 14. Visual comparison. The left side is the comparison of localization
score maps of the motorbike class between Deconv [10], WeakSup [27],
EB [30] and Feedback CNN. The right side shows more examples.

both these energy maps for the target objects in an input
image and simply add them together as the final energy
map, which is called as the Summation-FSP-FR energy
map. Specially, for the overlapped objects, the pixels of the
overlapped regions are simply determined by their energy
values in the corresponding Summation-FSP-FR energy
maps. It should be noted that the deconvolutional opera-
tion in a CNN model in the back-propagation process will
cause the offset in the energy map, which leads to the dila-
tion around object edges. Thus, we regularize the Summa-
tion-FSP-FR energy into the super-pixels generated by the
method proposed in [42].

Procedure 2. Weakly Supervised Semantic Segmentation

1: Given a test image and a predicted label;

2: Run FSP and obtain Summation Energy Map;

3: Select one of the middle-level layers (e.g., “conv5_2") as the
target layer for FR, and get the FSP-FR energy map;

4: Add Summation Energy Map and FSP-FR energy map to
obtain Summation-FSP-FR energy map;

5: use super-pixels [42] to refine the Summation-FSP-FR map.

6: Run the saliency cut to get the segmentation results.

The quantitative results on the over-all validation set are
listed in Table 3. We compare the performance of our
weakly supervised approach with several state-of-the-art
approaches with the same experimental setup, i.e., using
only images from Pascal VOC2012 and only image-level
labels. The results reveal that our approach largely outper-
forms previous techniques. Particularly, we achieve a 10.76
percent higher mIOU score than the state-of-the-art
approaches and update the best records of 16 classes of Pas-
cal VOC2012. Fig. 15 illustrates some successful examples,
where we find that even for very complex scenes, the pro-
posed approach still works well. We also show some failure
cases and their corresponding objects’” energy maps in
Fig. 16. We observe that the energy maps are quite meaning-
ful but the segmentation results are not satisfactory. The
reason derives from the saliency cut [41], which implies that
our approach has the potential to be further improved.

4.6 Discussion

The proposed Feedback CNN achieves good performance
on both weakly supervised object localization and semantic
segmentation. It is intuitive that, if all the target-relevant
neurons in a classification neural network can be ideally
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TABLE 3
Results of Weakly Supervised Semantic Segmentation on the Pascal VOC2012 Validation Dataset

bkg plane bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv. mAP

img+obj [31]

32.2

stagel [32] 71.7 30.7 30.5 263 20.0 242 39.2 33.7 50.2 17.1 29.7 225 413 357 430 36.0 29.0 349 23.1 332 332 33.6
EM-Adapt[35] 672 292 17.6 28.6 222 29.6 47.0 44.0 442 146 351 249 41.0 348 41.6 321 248 374 240 381 31.6 33.8
CCNN [33] 68.5 255 18.0 254 20.2 36.3 46.8 47.1 48.0 158 379 21.0 445 345 462 40.7 304 363 222 388 369 353
MIL+ILP+SP [34] 77.2 37.3 184 254 282 319 41.6 48.1 50.7 12.7 45.7 14.6 509 44.1 392 379 283 44.0 19.6 37.6 35.0 36.6
ours 81.1 62.1 259 51.5 32,5 47.7 57.7 51.0 65.1 20.6 55.6 23.7 54.5 54.6 57.3 385 272 659 312 50.7 40.3 47.4

Fig. 15. Examples of weakly supervised semantic segmentation on the Pascal VOC2012 validation set. The first row is input images, the second row

is ground truth segmentations, and the last row is our results.

selected when given an input image, the target objects can
be accurately localized and even segmented from the input
image based on the spatial and pattern information carried
by all the target-relevant neurons.

In Feedback CNN, most semantic patterns can be well
learned and expressed by the neurons in the basic classifica-
tion CNN, which is the most fundamental premise. And the
FSP algorithm can effectively select target-relevant neurons
when given an input image, which is the essential part of the
Feedback CNN. Due to the effectiveness of neuron selection,
the spatial information carried by the selected neurons is
able to be integrated into an energy map, i.e., the Summation
Energy Map. And the pattern information can be restored
and visualized by using the FR algorithm, which enables us
to reconstruct target objects. Based on these advantages, we
can obtain highly discriminative target-relevant energy
maps with good quality (e.g., complete objects with clear
boundaries). These are main reasons that the Feedback CNN
works well on object localization and segmentation.

(b)

(@) (d)

Fig. 16. Failed examples. (a) Input images. (b) Ground truth segmenta-
tions. (c) Our segmentation results. (d)(e) Energy maps for different
objects generated by our approach.

Another issue to be discussed is what happens if an irrel-
evant class neuron is chosen as the target for an input image
with objects of specific classes. In fact, given an input image,
almost all the class nodes in common CNN models produce
non-zero responses, which means that most class nodes can
always find visual patterns from the input image that con-
tribute to themselves. Therefore, when we set up an irrele-
vant target for the input image, the feedback model will
always find the corresponding neurons that contribute to
the target. More precisely, the proposed feedback mecha-
nism is able to infer what makes the CNN model produce a
specific prediction, no matter the prediction is right or
wrong, weak or strong.

5 CONCLUSION

In this paper, we proposed a novel Feedback CNN consist-
ing of the pruning and recovering operations. Feedback
CNN gives an effective approach to implement the selectiv-
ity mechanism of neuron activation by jointly inferring the
outputs of class nodes and activations of neurons in hidden
layers. Feedback CNN is able to capture high-level semantic
concepts and transform it into the image space to generate
the energy maps. By embedding the feedback mechanism, a
CNN that is only used for general object classification can
be enhanced to accurately localize and segment the inter-
ested objects in images. A large number of qualitative and
quantitative experiments have verified the effectiveness of
our Feedback CNN. The feedback mechanism is signifi-
cantly important in both the human visual system and
machine vision systems, and thus deserves more attention.
In the future, we plan to further explore it, e.g., how neu-
rons represent multiple object instances of the same cate-
gory, which is critical for instance segmentation.
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