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Convolutional neural networks (CNNs) have been shown to be very
successful on a variety of computer vision tasks, such as image classifi-
cation [3, 4], detection and segmentation. All these tasks have in common
that they can be posed as discriminative supervised learning problems, and
hence can be solved using CNNs which are known to perform well given a
large enough labeled dataset. Typically, a task solved by supervised CNNs
involves learning mappings from raw sensor inputs to some sort of con-
densed, abstract output representation, such as object identity, position or
scale. In this work, we stick with supervised training, but we turn the stan-
dard discriminative CNN upside down and use it to generate images given
high-level information.

Given the set of 3D chair models of Aubry et al. [1], we aim to train
a neural network capable of generating 2D projections of the models given
the chair type, viewpoint, and, optionally, other parameters such as color,
brightness, saturation, zoom, etc. Our neural network accepts as input these
high-level values and produces an RGB image. We train it using standard
backpropagation to minimize the Euclidean reconstruction error of the gen-
erated image.

It is not a surprise that a large enough neural network can perfectly ap-
proximate any function on the training set. In our case, a network potentially
could just learn by heart all examples and provide perfect reconstructions of
these, but would behave unpredictably when confronted with inputs it has
not seen during training. We show that this is not what is happening, both be-
cause the network is too small to just remember all images, and because we
observe generalization to previously unseen input data. Namely, we show
that the network is capable of: 1) knowledge transfer: given limited num-
ber of viewpoints of an object, the network can use the knowledge learned
from other similar objects to infer the remaining viewpoints; 2) interpolation
between different objects; see Figure 1 for an example.

The structure of the generative network is shown in Figure 2. The net-
work, which we formally refer to as g(c, v, 0}, looks like a usual CNN turned
upside down. It can be thought of as the composition of two processing steps
g=uoh.

Layers FC-1 to FC-4 first build a shared, high dimensional hidden repre-
sentation (¢, v, 0) from the input parameters. Within these layers the three
input vectors are first independently fed through two fully connected lay-
ers with 512 neurons each, and then the outputs of these three streams are
concatenated. This independent processing is followed by two fully con-
nected layers with 1024 neurons each, yielding the response of the fourth
fully connected layer (FC-4).

After these fully connected layers the network splits into two streams
(layers FC-5 and uconv-1 to uconv-4), which independently generate the
image and object mask from the shared hidden representation. We denote
these streams upGp(+) and usegm(+). Each of them consists of a fully con-
nected layer, the output of which is reshaped to a 8 x 8 multichannel image
and fed through 4 "unpooling+convolution’ layers with 5 x 5 filters and 2 x 2
unpooling. Each layer, except the output layers, is followed by a rectified
linear (ReL.U) nonlinearity.

In order to map the dense 8 x 8 representation to a high dimensional im-
age, we need to unpool the feature maps (i.e. increase their spatial span) as
opposed to the pooling (shrinking the feature maps) implemented by usual
CNNs. We perform unpooling by simply replacing each entry of a feature
map by an s x s block with the entry value in the top left corner and zeros
elsewhere (see Figure 3). This increases the width and the height of the
feature map s times. We used s = 2 in our networks. This is similar to the
“deconvolutional” layers used in previous work [2, 4, 5].

In the paper we describe the model in detail, analyze the internal func-
tioning of the network and study generalization of the network to previously
unseen input data. As an example of a practical application, we apply point
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Figure 1: Interpolation between two chair models (original: top left, final:
bottom left). The generative convolutional neural network learns the man-
ifold of chairs, allowing it to interpolate between chair styles, producing
realistic intermediate styles.
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Figure 2: Architecture of the generative network. Layer names are shown
above: FC - fully connected, uconv - unpooling+convolution.
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Figure 3: Mlustration of unpooling (left) and unpooling+convolution (right)
as used in the generative network.

tracking to morphings’ of different chairs (as in Figure 1) to find corre-
spondences between these chairs. We show that this simple method is more
accurate than existing approaches.
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