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1. Semi-supervised PGBM

There are many classification tasks where we are given
a large number of unlabeled examples in addition to
only a few labeled training examples. For such sce-
nario, it is important to include unlabeled examples
during the training to generalize well to the unseen
data, and thus avoid overfitting. Larochelle and Ben-
gio (2008) proposed the semi-supervised training of the
discriminative restricted Boltzmann machine by com-
bining the generative objective defined on the unla-
beled examples with the discriminative objective. Sim-
ilarly to their approach, the supervised PGBM can
be trained in a semi-supervised learning framework.
Specifically, we can use the input data log-likelihood
defined on the unlabeled data as a regularizer.

The joint distribution of the supervised PGBM with
two mixture components (i.e., R = 2) is written as
follows:
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1
Z
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The semi-supervised PGBM is trained to minimize the
following semi-supervised objective function:

Lsemi =
∑

(v,y)∈Dl

− log P (v,y) + α
∑

v∈Du

− log P (v)

(2)

where Dl and Du denote the set of labeled and unla-
beled examples, respectively. The regularization coef-
ficient α controls the contribution of unlabeled data
during the training.

We use contrastive divergence to train the semi-
supervised PGBM. The gradient of the first term can
be approximated as we described in Section 3.2 in the
main text. Similarly, the gradient of the second term
with respect to the parameters Θ = {Wr,br, cr,U,d}
can be computed as follows:
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Since exact inference is intractable, we use alternat-
ing Gibbs sampling (or mean-field) with the following
conditional distributions:
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In the positive phase, we iterate over the Equa-
tions (5)∼(8). In the negative phase, we iterate over
all five Equations (5)∼(9). For classification, we use
the posterior of the first (i.e. task-relevant) compo-
nent hidden units as an input to the linear SVM (Fan
et al., 2008).

2. Convolutional PGBM

Convolutional architectures have been used for many
unsupervised learning algorithms, including sparse
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Figure 1. Architecture of the two-layer CPGDN model. We use the CRBM for the first layer, and the CPGBM with
two mixture components for the second layer. We also visualize the filters for each mixture component learned from the
“Face” category. In this figure, we use z̄ for binary variable z to denote its complement, i.e., z̄ = 1− z.

coding (Zeiler et al., 2010; Kavukcuoglu et al., 2010),
deep neural networks (Krizhevsky et al., 2012), and
restricted Boltzmann machines (Lee et al., 2011) to
model locally correlated data.

We first review the convolutional restricted Boltzmann
machines (Lee et al., 2011), and present the convolu-
tional extension of the PGBM. Finally, we describe the
two-layer convolutional deep network that is used for
weakly supervised object localization on Caltech 101
dataset (Fei-Fei et al., 2004).

2.1. Convolutional restricted Boltzmann
machines

For simplicity, we present the convolutional restricted
Boltzmann machine (CRBM) with binary-valued vis-
ible units.1 The energy function of the CRBM is de-
fined as follows:

E(v,h) = −
L∑

l=1

∑
m,n

vl
m,ncl

−
K∑

k=1

∑
i,j

hk
i,j

(
L∑
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(W̃k,l ∗ vl)i,j + bk

)
. (10)

where L denotes the number of input channels (e.g.,
L = 3 for RGB color images; L = 1 for grayscale im-

1We used the Gaussian CRBM with probabilistic max
pooling for the first layer of our convolutional deep net-
work. Please see (Lee et al., 2011; Sohn et al., 2011) for
more details.

ages) and K denotes the number of filters. Here, we
consider the input image of size NV × NV × L and
square filters of size ws, i.e., Wk,l ∈ Rws×ws. The op-
erator Ã defined on the matrix A denotes the vertical
and horizontal flip of the matrix. We use the valid
convolution in Equation (10) and (11), and the full
convolution in Equation (12).

The conditional probabilities of hidden and visible
units can be written as follows:

P (hk
i,j = 1|v) = σ

(∑
l

(W̃k,l ∗ vl)i,j + bk

)
(11)

P (vl
m,n = 1|h) = σ

(∑
k

(Wk,l ∗ hk)m,n + cl

)
(12)

where σ(x) = 1
1+exp(−x) denotes a sigmoid function.

The CRBM can be trained using contrastive diver-
gence.

2.2. Convolutional PGBM

In the convolutional PGBM (CPGBM), we introduce
multinomial switch units zm,n ∈ {1, · · · , R}, m,n =
1, · · · , NV for each input coordinate of the visible unit.
Note that each switch unit is shared across all input
channels. The energy function of the CPGBM with R
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components is written as follows:

E(v, z,h) = −
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operator � denotes an element-wise multiplication be-
tween two matrices, i.e., (z � v)m,n = zm,nvm,n.
We can interpret the CPGBM’s energy function de-
scribed in Equation (13) as a sum of energy functions
of R CRBM components whose visible units are fil-
tered by the corresponding switch unit activations, i.e.,
vr = zr � v, as follows:

E(v, z,h) =
R∑

r=1

ECRBM(vr,hr;Wr,br, cr). (14)

where ECRBM(v,h) is defined in Equation (10).

Due to the three way interaction among visible, hid-
den and switch units, exact inference is intractable.
Instead, we use alternating Gibbs sampling (or mean-
field approximation) to compute the posterior dis-
tribution. The conditional probabilities of hidden,
switch, and visible units given the other two types of
variables can be written as follows:
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Similarly to the CRBM, the CPGBM can be trained
using contrastive divergence.

2.3. Weakly supervised object segmentation,
with application to object recognition

In this section, we extend our model to learn groups of
task-relevant features (i.e., foreground patterns) from
the images with higher resolution, and apply it to
weakly supervised object segmentation.

(a) second layer, task-relevant

(b) second layer, task-irrelevant

(c) first layer

Figure 2. Filter visualization of the CPGDN learned from
Caltech 101 dataset. We show (a) the second layer task-
relevant component, (b) the second layer task-irrelevant
component, and (c) the first layer filters.

2.3.1. Convolutional deep point-wise mixture
network

We describe our point-wise gated convolutional deep
network (CPGDN). Lee et al. (2011) showed that the
convolutional deep belief network (CDBN) composed
of multiple layers of convolutional RBM with prob-
abilistic max pooling (CRBM) can learn hierarchical
feature representations from large images. In particu-
lar, the first layer of the CDBN mostly learns generic
edge filters, and the higher layers learn not only com-
plex generic patterns such as corners or contours, but
also semantically meaningful features such as object
parts (e.g., eyes, nose, or wheels in the second layer)
or whole objects (e.g., human face or car in the third
layer). This motivates us to build a deep network
where we use the CRBM for the first layer, and the
CPGBM for the higher layers to learn semantically
meaningful features. In Figure 1, we show the archi-
tecture of two-layer CPGDN model that we used for
weakly supervised object segmentation task.

2.3.2. Weakly supervised object segmentation

We apply the two-layer CPGDN to large images of Cal-
tech 101 dataset (Fei-Fei et al., 2004) to separate out
the task-relevant part (e.g., foreground object) from
the background patterns (e.g., natural scene). We use
the second layer CPGBM with two mixture compo-
nents, each with 100 filters. Similarly to the training
procedure of the PGBM, we pre-train the second layer
CRBMs followed by the feature selection to initialize
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Figure 3. Visualization of the pairs of examples for switch unit activation map and the corresponding image below over-
layed with the predicted (red) and the ground truth bounding boxes (green). The first row of examples are generated
using the CPGDN trained only on either “Face” (left four examples) or “Car” (right four examples) classes. The second
and third rows of examples are generated using the CPGDN trained on all categories of images from Caltech 101 dataset.

the CPGDN’s model parameters. Specifically, to train
the model efficiently from many different classes of im-
ages, we pre-train a set of second layer CRBMs with
small number of hidden units (e.g., 30) for each class,
and perform feature selection on the union of class-
specific CRBM features from all object categories to
initialize weights of the second layer CPGBM. We vi-
sualize the learned first and second layer features in
Figure 2. As we can see, the task-relevant component
contains more human-interpretable filters, such as hu-
man face parts or wheels, whereas the filters in the
task-irrelevant component are mostly the edges, cor-
ners, or contours.

Once we train the model, we can use the CPGDN for
bounding box detection. To predict the bounding box,
we compute the posterior of switch units, which is
arraged in 2d. Then, we compute the row-wise and
column-wise cumulative sum of the switch unit acti-
vations and select the region containing (5, 95) per-
centiles of total activations. In Figure 3, we visualize
the switch unit activation map, which shows that the
switch units are selectively activated at the most infor-
mative region in each image, and the original images

overlayed with predicted and ground truth bounding
boxes. Interestingly, using this activation map, we can
segment out the object region from the background
reasonably well, though our model is not specifically
designed for image segmentation.
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