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Abstract – Last advances in object recognition,
localization and segmentation have demonstrated
the outperformance of purely supervised learning
models. However, these models have shown to require large volumes of labeled samples, and the
manual collection of detection and segmentation
labels is becoming prohibitive. For that reason, it
is really necessary to find new methods to create Figure 1: Synthetic human body depth replarge labeled datasets. We propose one method resentations (Shotton et al. [10])
to generate extensive number of synthetic 2D images where all the latent variables are known. Additionally, we propose to study and mitigate the
differences between the generated images and photographs, thus generalizing our findings to real images.

Motivation and Background
omputer vision is a very active and important part of machine learning. This field extends to navigation of autonomous vehicles, detection of events, visual surveillance, information
retrieval, automatic inspection of industrial processes, and other tasks where the automatic processing of images can be beneficial. The majority of these examples involve the use of object
recognition, detection and/or segmentation. During last decade, several datasets have been created
to compare and improve computer vision models
(eg. ImageNet [1], Pascal VOC [2, 3], SUN [4],
Flickr8k/30k [5, 6], and more recent Microsoft
COCO [7]). Thanks to these datasets, state-ofthe-art models are reaching human level performance in image classification tasks [8, 9]. However, state-of-the-art models are fully supervised
and have proved to require large volumes of labels, and collecting labels for localization and segmentation purposes is much more tedious and expensive than it is for classification tasks. For
that reason, the number of datasets that incorporate segmentation labels is scarce. For example, the new Microsoft COCO dataset contains
91 categories and 2.500.000 segmented instances
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Figure 2: (Right) 3D cad models. (Left) Detection and generalization to real images
(Zia et al.[11]).
from 328.000 images. And while the classification
phase took 17.751 worker hours, completing the
segmentation process took above 80.000 worker
hours (18k worker hours to choose the labels of every image, 8k worker hours to mark each instance,
and 55k worker hours to segment each marked instance). Moreover, only 1/3 of the participants
passed successfully the test to demonstrate a sufficiently good segmentation performance.
One approach to evade this problem is to use
semi-supervised learning, or weakly supervised
learning. Another idea is to create synthetic data
where all the possible latent variables are known.
For example, Shotton et al. [10] increased the
number of human body depth images modifying
artificially the height, width, weight, pose, camera
and location of the initial subjects (see some examples in Figure 1). With the augmented dataset,
the authors achieved state-of-the-art accuracy in
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by: (a) using Principal Component Analysis to
find the intraclass variability and use their largest
components [11], (b) use Probabilistic Graphical models to infer the “underlying causes of the
structural variability” [19], (c) use semi-automatic
methods to generate the new samples using human help [20], or (d) use semi-automatic augmentation of 3D models from 2D photo examples
[21]. Finally, (3) generate different scenes with
the available objects and specific constraints (eg.
[22, 23]). These constrains can be obtained from
3D CAD examples, or some of them can be inferred from 2D or 3D images. For example, using
datasets with available contextual information it
is possible to infer the common cluster of objects
in different scenarios. From MS COCO there is
an average of 7.7 instances per image, and other
datasets like Flickr contain textual information
that can be used to find these clusters.
Finally, we propose to study the photorealism
of the random samples generated by the generative model. We could measure the differences and
learn some type of structured noise to minimize
the discrepancy between our samples and the real
images (e.g. reducing the size, blurring the images, or adding random noise). The structured
noise could help during the training and to generalize better.

human pose estimation, and their model was incorporated into the Microsoft Kinect gaming platform. Additionally, Zeeshan Zia et al. [11] used
3D CAD representations of cars and bicycles to
create artificial samples (see also Stark et al. [12],
and Pepik et al. [13]). The authors got state-ofthe-art results in monocular 3D pose estimation
for these objects. Figure 2 shows one example for
car and bicycle.
Furthermore, despite learning the exact likelihood of the data is an intractable problem, Hinton and Dayan et al. [14] proposed the wake-sleep
algorithm to approximate the likelihood using a
generative and a recognition model. The wakesleep algorithm consisted in two phases. During
the wake phase (1), the recognition model was
used to infer the latent variables from a real sample and the generative model was trained to recreate the hidden and the visible variables. During
the sleep phase (2), the generative model created
a sample and the recognition model was trained
to recognize the hidden variables. The authors
applied this technique to two directed graphical models that they called Helmholtz Machine
[15]. In 2006 Hinton et al. [16] modified the
wake-sleep algorithm using a contrastive divergence technique and trained a Deep Belief Network (DBN) by stacking several Restricted Boltzmann Machines (RBMs). The resulting DBN surpassed the best recognition models on classification of handwritten digits. More recent work is being developed to improve the original wake-sleep
algorithm [17, 18].

Conclusion
Last advances in computer vision have shown that
state-of-the-art models need large amounts of labeled data. However, the size of next datasets
for detection and segmentation is becoming prohibitive for human labeling. We proposed a set of
techniques to generate large amounts of synthetic
data where all the latent variables are known. The
generated latent variables can be used to train
a recognition model and improve the generative
model at the same time. In addition, we suggested to study the discordance of our synthetic
data with respect to real photographies to reduce
the difference and improve the global training.

Proposal
We propose to train a stochastic generative model
of 3D scenes, and render the scenes to produce
large amounts of image samples. At the same
time, we can train a recognition model to help
the learning of the generative model [15, 14, 16].
During the training, the latent variables inferred
by one model are used to determine the error produced by the other. It has been demonstrated
that by reducing these errors it is possible to find
a good approximation of the likelihood of the real
data.
We propose the next steps to create the stochastic generative model. First, (1) obtain 3D CAD
models of the necessary objects (eg. Zia et al.
[11]). Next, (2) augment the objects variability
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