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Automatic annotation with deep learning

Context Nowadays, the computer vision community relies on deep learning algorithms that have been trained to
perform various tasks and learned a the necessary concepts on large amounts of data. However, if one needs to target
new tasks, it is necessary to redevelop an appropriate dataset which is costly as the annotation process is expensive.
We propose to the prospective intern to work on a deep learning algorithm that would improve the state of the art in
guiding the annotation process in the field of pedestrian studies.

The work will be performed on a crowd data set as illustrated in Figure 1. Our team finished 4th on the CVPR
2019 MOT challenge[1] 1. We also have a new dataset, and we need, just as the whole community, better and more
streamlined algorithms for interactive annotation. The field is very competitive and the internship work is potentially
publishable in top conferences. Access to adequate computing resources for carrying out the research will be provided.

FIGURE 1 – Our results on the MOT 2019 challenge [1]

Topic of the internship The goal is to propose a solution based on deep learning approaches to successfully learn
to annotate videos. The algorithm will need to learn the concepts behind the annotation in a minimal amount of time
by helping the annotator annotate faster.

Different solutions may be approached during the internship depending on the candidate strong points. The
annotation propagation problem on videos can be seen as a tracking algorithm, during which occlusions and other
phenomena can interfere with the prediction process - hence the interest of applying corrections using a deep learning
algorithm that will guide the tracker. One way to approach this problem might be from an optical flow point of view,
while a different kind of techniques relies on Deep Neural Networks (DNN) able to model the world and specifically
the next frame. Ideally, the task may be cast in order to run as a self-supervised annotation system.

An additional question is how to move effectively from the learning phase to the test phase. For this, learning
must necessarily be active, and the internship can be based on a bounding box annotation system on video using an
active learning algorithm similarly to [4, 3]. The internship needs to identify and characterize a good representation
of the data [2] and a good model of DNN uncertainty, similarly to [5] and more recent various works, required for
an optimal involvement of the human annotator.

Stages of the internship
— Study of the state of the art,
— Understanding of our current C ++ / Python annotation tool,
— Integration of a deep learning solution into the annotation tool
— Methodological work

1. https://motchallenge.net/workshops/bmtt2019/slides/MOTWorkshop_compressed.pdf

https://motchallenge.net/workshops/bmtt2019/slides/MOTWorkshop_compressed.pdf


— Experimentation of solutions,
— Scientific report and publication.

Required skills
— Programming (Python, C++/C),
— Familiarity with deep learning, machine learning,
— Pytorch, Tensorflow,
— Good knowledge of the fundamentals of statistics
— Knowledge of image processing or computer vision, game theory, pedestrian interaction models will be appre-

ciated.
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