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Outline

Cosmology with galaxy surveys and the challenge of

cosmic shear /

Galaxies randomly Slight alignment

distributed due to gravitational shear

Motivation for probabilistic catalogs and the
“blending problem”

Catalog Prior GalSim Galaxy Blends

Introduction to the Bayesian Light Source Separator

Example case study with simple numerical
experiments on galaxy images

Example extension case with “observing
complexities” (spatially varying background+PSF)

Extensions and outlook



Large Scale Structure Constrains Dark Energy

Credit: E Grocultt, IfA, Edinburgh

Galaxies randomly
distributed

Slight alignment
due to gravitational shear

We can probe LSS through the induced spatial correlation of galaxy shapes: “cosmic shear”



Measuring cosmic shear is difficult

Stars
(pixellated)

Propagation through
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Propagation through
the Universe (sheared)

(blurred) (pixellated)

Cosmic shear — ~% change in axis ratio
Next generation cosmology analyses require errors < 1 part in 1000



Traditional approach: Make cuts, parametrize, fit to identify,
characterize, summarize then fit data vector to theory




Typical Industry Standard: Source Extractor Pipeline

statmorph docs

Clean: Subtract estimated background (noise
from sky)

Threshold: Flag for bright pixel groups
Filter: Smooth residual noise, sharpen detection
Trace Isophotes:

|dentify centroid

Measure major/minor axes; orientation
Calculate flux (per observed band)



Typical Industry Standard: Source Extractor Pipeline

Clean: Subtract estimated background (noise
from sky)

Threshold: Flag for bright pixel groups
Filter: Smooth residual noise, sharpen detection

Trace Isophotes:
Identify centroid Shear
Measure major/minor axes; orientation
Calculate flux (per observed band) p,qshijfts

(distances

statmorph docs




General Problem: Hard cuts and fits — Information Loss
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How many objects are in this image?

“observation”




How many objects are in this image?

“reconstruction” Traditional methods (sou.rc.:_e extractor)
Outputs only a single possibility

No covariance between neighboring sources
What if we have a source crowded field(!?)

F Position: (6, 14), i
Flux: 8000,
Type: star,




How many objects are in this image?

“Reconstruction draw 1” Probabilistic cataloguing
Multiple possibilities

Express catalog values as distributions we
can sample over

/# sources: 1=0.4, 2=0.6\
Position: N(y, 62),

- < Flux: LogN(y, 0%), >

Type: Ber(m),




How many objects are in this image?

“Reconstruction draw 2” Probabilistic cataloguing
Multiple possibilities

Express catalog values as distributions we
can sample over

/# sources: 1=0.4, 2=0.6\
Position: N(y, 62),

< Flux: LogN(y, 0%), >
' Type: Ber(m),




2409.06986 Mendoza+24 (w/ CA)

Timely problem - Information ambiguity (Blending)

True, noiseless images of several simulated galaxies in the same patch of “sky”



2409.06986 Mendoza+24 (w/ CA)

Timely problem - Information ambiguity (Blending)

True, noiseless images of several simulated galaxies in the same patch of “sky”

_ Noise added, galaxy images combined
g Problem: For visually overlapping galaxies,
3 how much light flux belongs to each one?

' ... need to reconstruct the true galaxy image.
. Galaxy “Blending” Problem




Timely problem - Information ambiguity (Blending)

Melchior+21

¥ - (Expensive)
. Migh spatial
resolution’ .

¢ - =3
DECaL$ : Hscsse| x & CANDELS




“Approximately 60% of objects from the
Legacy Survey of Space and Time used for

lensing estimates will be blended.”
- (Sanchez, Mendoza, et al. 2021)



https://github.com/prob-ml/bliss

BLISS: A solution to the blending problem

Galaxy Blends

Catalog Prior GalSim

Qi

parameter 1

p(6) p(D|0)

Train a supervised ML model to develop a probabilistic association between data (D)

and underlying parameters (6)
— Simulation Based Inference w/ Neural Posterior Estimation

probability

pa rameter 2

Goal: Quantify the uncertainty in galaxy measurements properties due to blending for

. propagation to downstream analyses



https://github.com/prob-ml/bliss

Neural Posterior Estimation for Intractable Likelihoods

Catalog Posterior

Galaxy Blends

Catalog Prior GalSim

Qi

parameter 1

p(6) p(D|0)

probability

parameter 2

NPE directly approximates Bayesian posteriors from simulation-parameter pairs used during training.

BLISS uses amortized variational inference: We observe pixel intensities (X) and want to figure out the
underlying hidden (latent) variables that are the catalog parameters (Z). Need posterior distribution
P(Z|X), so we approximate this with a relatively simply parametrized approximate distribution Q(2),

optimized to get Q(Z) close to P(Z|X). vi
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Slide from A. Patel

High level problem: Infer catalog posteriors from images

\_

Catalog (latent)

(

y4

flux,
position,
shape,

\

_4

Forward model

>

Inference

p

Image (observed)

X

4

Goal: Accurately detect, deblend, and characterize astronomical objects with
calibrated uncertainties.



2601.03422 Mendoza+26 (w/ CA) Slide from |. Mendoza

Tiling mechanism for computational scalability

0 objects detected
tiles +
border padding 1"

1 object detected
=> output posterior
location/classification

BLISS inference performed per-tile

X True Centroids

See 2510.03074 (Regier 25) for
presentation on novel tiling approach

12



2601.03422 Mendoza+26 (w/ CA)

Case Study: Detection Probability Per Tile

X True Centroids

Ismael Mendoza
UMich PhD — Post-Doc
@ U Maryland
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2601.03422 Mendoza+26 (w/ CA)

Case Study: Detection
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14

SNR (dim—bright)

L—— Source extractor pipeline



2601.03422 Mendoza+26 (w/ CA)

Case Study: Detection (compared to Source Extractor)
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0.8- ;
7 ! | Improved
5 0.6 // — 0.10 / / f\ completeness
@ / 0.95 i for dimmer
& 0.4 ( 050) / objects
0.75 i
0.2- — 0.90 i
Purity -== SEP
0.0 T T T T T T T ‘ T T — T ' T T,
10" 10! 10° 103 0V 10 10°
SNR (dim—bright) SNR
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2601.03422 Mendoza+26 (w/ CA)

14

Precision

Case Study: Detection (compared to Source Extractor)
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2601.03422 Mendoza+26 (w/ CA)

Heavier blends are more difficult to reconstruct

Images x
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2601.03422 Mendoza+26 (w/ CA)

Generalized traditional approach to flux measurement

Original blend image Run detection algorithm “Subtract” other galaxies
Model (reconstruct) individual Measure aperture flux

galaxies
Difficult reconstruction means errors in flux estimation




2601.03422 Mendoza+26 (w/ CA)

Benefit of probabilistic catalogs

+ Threshold Detections > 50% (“MAP”)
X Detection samples




2601.03422 Mendoza+26 (w/ CA)

Benefit of probabilistic catalogs

10ty | —— SEP
1|—— MAP
{ —— Samples
10° -
s
7=
5 1071
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Flux residual when
estimating flux on

detections identified
by a threshold

Flux residual when
estimating flux from
100 detection samples
from the BLISS
detection encoder,

T~

2 T
0.0 0.1
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Blendedness

T
0.5

T
0.6

0.7

then input to the
deblending encoder.



A way forward to address “unrecognized blends™?

Credit: Sowmya Kamath

-

“Recognized Blends” “Unrecognized “Shredding” “Blend induced
= \_ Blends” detection”

Between 15-30% of objects in LSST will be unrecognized blends (Dawson et al. 2016,
Nourbakhsh et al. 2022, Troxel et al. 2023)

19
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Aakash Patel
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BLISSful work extended
I . ‘ CeeeE
Probgblllstlc (?ataloglng in the Presence of Ressaccm an decector % Q%%%%%%
Spatially varying PSF and Backgrounds CERERE

Encoding at each
pixel

(2503.00156 Patel+25)

(blurred) . (pixellated)
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d-dimensional
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Probabilistic Cataloging in the Presence of e
Spatially varying PSF and Backgrounds
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Credit: E Grocutt, IfA, Edinburgh

Blending in Galaxy Clusters

Galaxies randomly

Astributed Slight alignment

due to gravitational shear




Credit: E Grocutt, IfA, Edinburgh

Blending in Galaxy Clusters

Galaxies randomly

Astributed Slight alignment

due to gravitational shear

Cluster shear vs. Cosmic shear

Lensing center (azimuthal dependence)
| Galaxy number density gradient (radial dependence)
Cluster members are larger and brighter

~OOM larger than cosmic shear
S. Fu PhD Dissertation 2021




*Blending can bias LSST weak lensing cluster profiles
by ~20% 2310.02079 Ramel+24
**Removal of identified blends partially mitigates this

Blending in Galaxy Clusters 2412.02587 Ramel+25

i i ~ ’
#Credit: NASA/ESA Hubble Space Teleséope, SPT-CL J061§—,5745'

Cluster shear vs. Cosmic shear

Lensing center (azimuthal dependence)
| Galaxy number density gradient (radial dependence)
Cluster members are larger and brighter

~OOM larger than cosmic shear
S. Fu PhD Dissertation 2021
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*Blending can bias LSST weak lensing cluster profiles
by ~20% 2310.02079 Ramel+24
**Removal of recognized blends partially mitigates bias

Blending in Galaxy Clusters 2412.02587 Ramel+25

i i ~ ’
#Credit: NASA/ESA Hubble Space Teleséope, SPT-CL J061§—,574G'
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“Unrecognized “Shredding” “Blend induced
Blends” detection”

Cluster shear vs. Cosmic shear

Lensing center (azimuthal dependence)
| Galaxy number density gradient (radial dependence)
Cluster members are larger and brighter

~OOM larger than cosmic shear
S. Fu PhD Dissertation 2021
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Major caveats to this approach

Our inference is as good as our “prior” (i.e. simulator of data and parameter pairings)

Great to hear of approaches for transfer learning for improving simulation volume at
increased realism, also looking into unsupervised domain adaptation

Application to real data analysis will require mechanisms to address (current) model
misspecification.



Summary

Cosmic shear is an important probe of cosmology with v
galaxy surveys but hard to measure ‘ . ‘ /v

Galaxies randomly
distributed

Slight alignment
due to gravitational shear

The “blending problem” exacerbates with subsequent
surveys at increasing sensitivity (affects redshift and shear)

The Bayesian Light Source Separator offers a path towards
probabilistic cataloguing in the presence of blends

Sampling from probabilistic detections improves flux

Framework is extensible to varying backgrounds and
PSFs, where incorporation of this improves performance

More to do with shear estimation, redshift estimation,
galaxy cluster mass estimation....
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Slight alignment
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Summary

Cosmic shear is an important probe of cosmology with
galaxy surveys but hard to measure

The “blending problem” exacerbates with subsequent
surveys at increasing sensitivity (affects redshift and shear)

The Bayesian Light Source Separator offers a path towards
probabilistic cataloguing in the presence of blends

Sampling from probabilistic detections improves flux

Framework is extensible to varying backgrounds and
PSFs, where incorporation of this improves performance

More to do with shear estimation, redshift estimation,
galaxy cluster mass estimation....

Catalog Prior

GalSim

Galaxies randomly
distributed

Galaxy Blends

/
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due to gravitational shear




Summary

Cosmic shear is an important probe of cosmology with
galaxy surveys but hard to measure /

Galaxies randomly

distributed Slight alignment

due to gravitational shear

The “blending problem” exacerbates with subsequent
surveys at increasing sensitivity (affects redshift and shear)

Catalog Prior GalSim Galaxy Blends

The Bayesian Light Source Separator offers a path towards
probabilistic cataloguing in the presence of blends

Sampling from probabilistic detections improves flux

Framework is extensible to varying backgrounds and
PSFs, where incorporation of this improves performance

" Blendedness

More to do with shear estimation, redshift estimation,
galaxy cluster mass estimation....



Summary

Cosmic shear is an important probe of cosmology with
galaxy surveys but hard to measure /

Galaxies randomly

distributed Slight alignment

due to gravitational shear

The “blending problem” exacerbates with subsequent
surveys at increasing sensitivity (affects redshift and shear)

Galaxy Blends BLISS Catalog‘!’gsterior

b
Y

Catalog Prior GalSim

p(D|f)

The Bayesian Light Source Separator offers a path towards
probabilistic cataloguing in the presence of blends

SEP

Sampling from probabilistic detections improves flux

Framework is extensible to varying backgrounds and
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Thank you!

Summary

Cosmic shear is an important probe of cosmology with
galaxy surveys but hard to measure /

Galaxies randomly

distributed Slight alignment

due to gravitational shear

The “blending problem” exacerbates with subsequent
surveys at increasing sensitivity (affects redshift and shear)

GalSim Galaxy Blends

Catalog Prior

The Bayesian Light Source Separator offers a path towards
probabilistic cataloguing in the presence of blends

Sampling from probabilistic detections improves flux

Framework is extensible to varying backgrounds and
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