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1. Objective

To develop an automated
system that 1dentifies

the intergalactic clouds in
QSO spectra.

We are testing our system
on UV spectra obtained
with the Cosmic Origins
Spectrograph aboard the
Hubble Space Telescope.

3. Advantages Of
Our System

* Automated detection and
characterization of
matter in the intergalactic
medium from absorption
spectra

“* Reliable and
reproducible

¢ Scalable to large datasets
that are expected 1n the
next decade (e.g.
observations with GMT,
TMT, ELT etc.)

5. Results
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2. Challenges

¢ Redshifts of absorption lines are unknown.
“ Approaches based on probabilistic inference typically

require prior knowledge of the number of clouds which are
unknown.

¢ Observational uncertainties make it difficult to
use combinatorial search techniques.

Contingent Bayesian Network for our
Probabilistic BLOG Model
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We tested our approach with simulated data from one

intervening gas cloud. In this test, we provided the HIl- 972.00 False

following observations:

¢ there are 3 detections in the spectra between 1220 H1 -1025.00 False
A and 1470 A, at 1458.80 A, 1238.31 A, and Hl -1215.67 True

1245.14 A

« redshift of the background QSO, z4go = 0.36 C1l-1036.34 False

Our system correctly 1dentified the species associated
with the detected absorption lines and 1n the process CIV -1548.20 False
predicted the correct values for the number of clouds,
and their redshifts and column densities.
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4. Our Approach

*» Uses Bayesian

Logic (BLOG) [4] [5] [6], a probabilistic programming language that extends

first-order logic semantics with probability theory and allows efficient specifications for
physics-based probabilistic models.
¢ Accounts for the observational uncertainties as well as the unknown numbers and types

of intervening

clouds.

¢ Utilizes a rich query language for investigating the properties and evaluates this

representationa

** Uses collisiona.

| approach using techniques for approximate probabilistic inference.
| 10on1zation templates [3] and published values for line-transitions (e.g.

wavelength and

 f-value) [1].

Such an automated system for species 1dentification in QSO-absorption lines does not exist
and our system complements the automated system by Danforth et al. [2].
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6. Conclusion And Future Work

“* Preliminary results show that this approach has the potential to be able
to 1dentify the sources of absorptions and characterize their properties.
We were able to get good estimates for all the properties for a single
cloud.

Next Steps:

“ Investigate and evaluate more efficient methods for probabilistic
inference, e.g., the Metropolis-Hastings algorithm.

“* Extend the system to simulated and real spectra with larger numbers of
intervening clouds.
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