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Outline

1. Question: What can we learn about the properties of dark matter halos from their
observable environments (with machine learning)?

2. Case Study: Training a neural network to estimate halo masses.

3. Opening the box: Determining which information is most important for making
these estimate

4. Outlook: An overview of ideas and plans for expanding to secondary halo
properties and applying to observations.



Halo properties have measurable
correlations with the local environment
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Projected Radius

Defining different
environmental measures

Fixed number of
neighbors
Variable distance
scale

Variable number of
neighbors
Fixed distance scale

Distances to Nearest Neighbors
(plus their stellar masses)



Network = Non-linear function of environment

Using data from UNIVERSEMACHINE train a neural network to predict halo properties given observable data
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Estimating Halo Mass HH\
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Projected Distance to Neighbor [Mpc h_l]
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What can we
learn from the
environment?



Improved Accuracy
with Neural Network
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Average Error in Predicted Halo Mass

Sorting out the relevant information
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* How does the error in our
prediction depend on halo mass?
On other properties?

* Does including more neighbors
improve our estimates?

e What is the best loss function for
our science goal?



Secondary Halo Properties
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New constraining relationshi




Big Takeaways!

We are developing networks to summarize the information in environment in
ways that are sensitive to different halo properties.

The current network can accurately estimate halo masses for the Bolshoi-
Planck simulation.

By varying the number of neighbors included and the loss function applied we
can alter the performance in different mass regimes.

Looking forward: We are looking to train networks on different halo properties
AND to apply these networks to observational surveys.



Logip Distance to Center of Mass [Mpc/h]

Centrals vs. Satellites
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