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Context
In this study, we are interested in various aspects of
star formation. Especially, we focus on the impact of
the interstellar medium (ISM) on the various steps
of the star forming process. For this, we look at two
different problems at different scales:
- Young stars themselves in their environment
- Interstellar medium extinction distribution in the
Milky Way.

At the scale of the stars themselves, the close
environment is both an indicator of the evolution stage
of the stars but also an additional difficulty for their
detection. At larger scale the direct measurement of
extinction is an integrated quantity from which it is
difficult to reconstruct the ISM distance distribution.
Our approach is then to see if state-of-the-art Machine
Learning methods are able to improve the previous
attempts of overcoming these difficulties.

Convolutional Deep Neural network framework
Neural networks are supervised machine learning (ML) methods
(Rumelhart+86, Bishop 06):
- Extract a statistical information about a dataset through a learning
process which requires a training sample.
- Work well with high dimensionality.
- Handle large dataset efficiently ⇒ Big Data
- Able to perform a large variety of tasks (classification, regression,
time-series prediction, compression, …)

For this study we developed a state-of-the-art CNN framework which
allows one to create arbitrary deep convolutional or fully connected neural
networks with all the needed control over the network hyper-parameters.
This framework is coded in C with CUDA GPU acceleration and is
provided with a Python high-level interface.

Young Stellar Objects classification

The network is composed of neurons which perform weighted sum of
inputs. These neurons can be stacked into layers, and layers can be
stacked to perform non-linear combinations.
It learns by comparing an expected target to the current output of the
network and changing the weights to get closer to the target.
Convolutional layers are a tool to identify specific patterns in an
image by using weight filters. The presence of a specific shape is
returned in the form of an activation map. These maps can then be
used as a new image to stack convolutional layers.

-

Make use of the latest hardware implementation dedicated to AI.
Include recent algorithm techniques from the ML community.
Performs as well as broadly adopted machine learning libraries
Adaptable to our needs with fine control on the lowest code level

Extinction profile recovering

Input data: Spitzer space telescope

Input data: CMD ([J - K] vs [K],

magnitudes in the infrared (3.6, 4.5, 5.8,
8.0, 24 μm).

2MASS bands) of the stellar population
for a specific line of sight (LOS). It
represents a 2D image for the network.

Output: YSO candidates separated

Architecture 1:
3 large (2048 neurons) FC layers, the

Output: AV extinction profile along first one fully connected to the image.

into very young (Class I) and young
(Class II) objects and another class for
contaminants. Provide a membership
confidence level for each class.

the LOS up to 10 kpc with 0.1 kpc bins.

Training sample:

Training sample:
Catalog of sources classified using
straight cuts in color magnitudes
diagrams (CMDs) (Gutermuth+09). Total
of ~6000 objects from several starforming regions using complex rebalanced proportions.

Network architecture

CMD used to successively exclude contaminants and
do the distinction between CI YSOs, CII YSOs and
more evolved stars. This classification is used to
create the training sample.

Network architecture: only 1

Simulated stellar population using the
Besançon Galaxy Model (Robin+12)
with known extinction added. The
mock extinction take the form of two
punctual clouds at a random distance
< 10 kpc and with random values of
AV< 3. Up to 140 000 examples in the
training sample.

This architecture performs well but
needs many epochs to converge.

Architecture 2: A VGG16 inspired
network with many convolutional
layers (up to 9). For our case, this
architecture is highly unstable during
training and does not predict the
extinction intensity well, however it
properly recovers the distances.

Architecture 3:

hidden layer with 30 neurons.

Few convolutional layers (2 or 3) and
2 FC layers. This network constructs
few large activation maps that are
given to the FC layers.
This architecture shows the best
results for now.

Confusion matrix on 20% of the dataset using observational
proportions to assess the network prediction quality.

Expectation

The network provides a membership confidence level with its
prediction. It can measure the confusion level between
classes and also allows to keep only the most reliable objects.

Network prediction

VS

Orion molecular cloud showed with WISE colored background. The left frame shows the targeted
classification while the right frame shows the prediction of the network.

Examples of CMDs given as input image to the network. The
top frame has no extinction applied while the bottom frame
has been extincted with two clouds.

Comparison between the targeted extinction profile and the
network prediction for one LOS using the network architecture 3.
This profile corresponds to the extincted CMD on the left figure.

