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INTRODUCTION galmoss package: Methods; Usage; Evaluation Discussion Conclusion

What can we do with a galaxy image?

Sb galaxy; disk, bulge, bar and a weak spiral

employs quantitative metrics to represent various

attributes
(Concentration, Asymmetry, and Smoothness ...)

models the distribution of galay flux
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Why we do profile fitting?

Let's take Sersic profile as an example:

I(r) = I.exp{ —Vy
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Why we do profile fitting?

Let's take as an example:
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Why we do profile fitting?

2
Let's take as an example:
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The previous works on this field

Op€n— | support user-

GALFIT X Levenberg-Marquardt (LM) ¥2 distribution
LM ){ distribution
IMFIT v/ Vv Nelder-Mead Simplex Poission distribution
Differential Evolution
MCMC 2 distribution
PROFTT Y Y gradle.nt optlr_mzer Poission -dlSJl.:.‘flbL-ltlon
genetic algorithm normal distribution

Student-T distribution
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Surveys and big dataera ;<1 mrg0010)

2MASS(1990) ~10 PB
~10TB Euclid(2023) R

SDSS(2000) ~100PB

~30TB
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eep |earning

1=1 1=2 1=3 --- 1=n-2 1=n-1

ooE Boa
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eep |earning

1=1 1=2 1=3 ---1=n-2 1=n-1 i=n

GPU & PYTOI' ch speed up the training process & simplify the coding process

Split the matrix and calculate 1t 1n parallel.
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eep |earning

1=1 1=2 1=3 ---1=n-2 1=n-1 i=n

GPU & PYTOI' ch speed up the training process & simplify the coding process

Split the matrix and calculate 1t 1n parallel.
Help organizing the split process.
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eep |earning

1=1 1=2 1=3 ---1=n-2 1=n-1 i=n

GPU & PYTOI' ch speed up the training process & simplify the coding process

Split the matrix and calculate 1t 1n parallel.
Help organizing the split process.
Support various functions for auto-differentiation and parallel calculation

Support various functions for deep learning models
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eep |earning

1=1 1=2 1=3 ---1=n-2 1=n-1 i=n

GPU & PYTOI' ch speed up the training process & simplify the coding process

Split the matrix and calculate 1t 1n parallel.
Help organizing the split process.
Support various functions for auto-differentiation and parallel calculation

Support various functions for deep learning models
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GallNet

| GALFIT
DeepLeGaTo

IMFTT
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traditional packages:
intepretable BUT slow
>

Deep learning models:

fast BUT unintepretable
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Deep learning models:

fast BUT unintepretable
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Worktlow
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| INTEPRETABLE |

maintain physical relationships
h—?—L

a

N; N;
[ 1 (Di.; — M; ;)
B = . .7 .7
>LX =Nl
i=1 j=1 £,

| FAST |

parallelized fitting processes &
GPU acceleration (5=t} )
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| INTEPRETABLE |

maintain physical relationships “H
o) H‘h—>
GPU & PyTorch
speed up the training process
& simplify the coding process

| FAST |

parallelized fitting processes &
GPU acceleration
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|FAST | take fully usage of the power of GPU!

NVIDIA GeForce GTX 580 “SM” GTX 580 has 16 SMs!
| = CUDA core
O O NS I e 6 (1 MUL-ADD per clock)
N | O
S e NN NN ET | © The SM contains 32 CUDA cores
Ecccution contexts » Two warps are selected each clock
(128 KB) (decode, fetch, and execute two warps
in parallel)
“Sh(%eflamfgow * Up to 48 warps are interleaved,
totaling 1536 CUDA threads

Source: Fermi Compute Architecture Whitepaper
CUDA Programming Guide 3.1, Appendix G



Introduction  galmoss package: METHODS; Usage; Evaluation Discussion Conclusion

|FAST | take fully usage of the power of GPU!

time of fitting one galaxy = fitting batches of galaxies

fit 1000 galaxies together = 1000 times faster!
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Prons

A Rapid execution
Initial . Low computational and memory demands

Cost T \ f/ vede ——> support big samples;
Incremental l’; blg 1_Inages;
Step multi-params
',’ Auto differentiation supported by PyTorch
,’ ——> support combinations of profiles;
/ / easily integration of user-defined profiles
kz == Minimum Cost

Derivative of Cost

Cons

>

Weight

0141 =0, — g, g =VJ(O)

Cannot estimate fitting uncertainty!
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a. covariance matnx

fitting uncertainty consists of observational uncertainty

J  Jacobian matrix

Ol = wdiag ([JTWJ]_l) N | | _ _
J'"WJ  Jacobian matrix -> Hessilan matrix

T —1 . . . . . .
[J wWJ ] Jacobian matrix —> Hessian matrix—> Covariance matrix

b. bootstrapping

using bootstrapping to resample galaxy images, and use




Basic usage — sersic profile fitting

1, Import galmoss import Galmoss as gm



Basic usage — sersic profile fitting (tips: python-based)

import Galmoss as gm

1. Import galmoss

# define parameter objects and profile

sersic = gm.lp.Sersic(

2. Detine profiles cen_ x=gm. p(65.43),
cen_y=gm.p(64.95),
pa=gm.p(-81.06, angle=True),
axis_r=gm.p(0.64),
eff_r=gm.p(7.58, pix_scale=0.396),
ser_n=gm.p(1.53, log=True),
mag=gm.p(17.68, M0=22.5)



Basic usage — sersic profile fitting

]_, Import galmoss import Galmoss as gm

# define parameter objects and profile

sersic = gm.lp.Sersic(

2. Define profiles

dataset = gm.Dataset(
galaxy_index="1162123.19+322056.4",
image_path="./]162123.19+322056.4_image.fits",

3 ) Deﬂne dataset sigma_path="./3162123.19+322056.4_sigma.fits",

psf_path="./3162123.19+322056.4_psf.fits",
mask_path="./3162123.19+322056.4_mask. fits"
mask_index=2,
img_block_path="./test_repo",
result_path="./test_repo"

)

dataset.define_profiles(sersic=sersic)



Basic usage — sersic profile fitting

]_, Import galmoss import Galmoss as gm

# define parameter objects and profile

sersic = gm.lp.Sersic(
2. Define profiles
dataset = gm.Dataset(
galaxy_index="1162123.19+322056.4",
image_path="./]162123.19+322056.4_image.fits",
3. Deﬁne dataset sigma_path="./3162123.19+322056.4_sigma.fits",
psf_path="./3J162123.19+322056.4_psf.fits",
mask_path="./3162123.19+322056.4_mask.fits"
mask_index=2,
img_block_path="./test_repo",
result_path="./test_repo"

4. Start fitting
)

_ _ _ dataset.define_profiles(sersic=sersic)
5. Estimate fitting uncertainty
fitting = gm.Fitting(dataset=dataset,
batch_size=1,
iteration=1000)
fitting. fit()
fitting.uncertainty(method="covar_mat")



Basic usage — bulge+disk decomposition

1, Import galmoss import Galmoss as gm



Basic usage — bulge+disk decomposition

1, Import galmoss import Galmoss as gm

xcen = gm.p([65.97, 65.73])

ycen = gm.p([65.30, 64.81])
2. Define shared params



Basic usage — bulge+disk decomposition

]_, Import galmoss import Galmoss as gm

gm.p([65.97, 65.73])
gm.p([65.30, 64.81])

xcen
ycen

2. Define shared params

bulge = gm.lp.Sersic(cen_x=xcen,
cen_y=ycen,
pa=gm.p([58.7, -8.44], angle=True),
axis_r=gm.p([0.75, 0.61709153]),
eff_r=gm.p([4.09, 18], pix_scale=0.396),
ser_n=gm.p([4, 4], log=True),
mag=gm.p([17.97, 15.6911], M@=22.5))

3. Define profiles

disk = gm.1lp.Sersic(cen_x=xcen,
cen_y=ycen,
pa=gm.p([58.7, -8.44], angle=True),
axis_r=gm.p([0.75, 0.61709153]),
eff_r=gm.p([4.09, 18], pix_scale=0.396),
ser_n=gm.p([1, 11, log=True),
mag=gm.p([17.97, 15.6911]1, M0=22.5))



Basic usage — bulge+disk decomposition

]_, Import galmoss import Galmoss as gm

xcen = gm.p([65.97, 65.73])
ycen = gm.p([65.30, 64.81])

2. Define shared params

bulge = gm.lp.Sersic(cen_x=xcen,

disk = gm.1lp.Sersic(cen_x=xcen,
3. Define profiles
dataset = gm.DataSet(["]100247.00+042559.8", "J092800.99+014011.9"],

image_path=["./]100247.00+042559.8_image. fits",

'"./1092800.99+014011.9_image. fits"],

sigma_path=["./]100247.00+042559.8_sigma.fits",

4' Deﬂne datset '"./31092800.99+014011.9_sigma. fits"],

psf_path=["./]100247.00+042559.8_psf.fits",

",/3092800.99+014011.9 psf.fits"],
mask_path=["./]100247.00+042559.8_mask.fits",

", /3092800.99+014011.9 mask.fits"],
img_block_path="./test_repo/",
result_path="./test_repo/"

)

dataset.define_profiles(bulge=bulge, disk=disk)



Basic usage — bulge+disk decomposition

]_, Import galmoss import Galmoss as gm

xcen
ycen

gm.p([65.97, 65.73])
gm.p([65.30, 64.81])

2. Define shared params

bulge = gm.lp.Sersic(cen_x=xcen,

disk = gm.1lp.Sersic(cen_x=xcen,
3. Define profiles

dataset = gm.DataSet(["]100247.00+042559.8", '"J092800.99+014011.9"],
dataset.define_profiles(bulge=bulge, disk=disk)

fitting = gm.Fitting(dataset=dataset,
4. Detine datset Batch size=1,

iteration=1000)
fitting.fit()
fitting.uncertainty(method="bstrap")

5. Fitting &

Estimate fitting uncertainty
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2-d profiles: take new sky profile as example

1. Import galmoss I'=1o +k(x - x0) + k,(y - y0)

1 import galmoss as gm
2
3 class NewSky (gm.LightProfile):
2' Deflne new proﬁles 4 def _ init__ (self, sky 0, grad x, grad_ y):
] 5 super() ._ _init__ ()
- define params 6 self.psf = False
] d f . . 7 self.sky 0 = sky O
efine 1mage functions g Fel¥ grad x = grad x
9 self.grad y = grad_ y
10
11 def image_via_grid from(self,
3. The usage of new profiles are = grid, _
_ _ _ _ 13 mode="updating model") :
the same Wlth bLllh',—ll’l profﬂeg 14 return (self.sky_ 0.value (mode)
15 + self.grad_x.value (mode)
16 * (grid[1]-(grid[0].shape[1] + 1)/2)
17 + self.grad_y.value (mode)
18 * (grid[0]-(grid[0].shape[0] + 1)/2)
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3-d profiles

Cong: 3D emissivity fitting (more than 1000 free parameters)

3D emissivity integreated to 2D

300

200

100

0 100 200 300 400 500 600 70O

0.768939 log[TI/K 2.40728
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= Q Chenmi0619 / GALMoss Q. Type [/]to search

<> Code (%) Issues I Pullrequests (») Actions [[] Projects () Security |~ Insights 33 Settings

GALMoss Fublic £ Pin  (Unwatch 2 ~ ¢ Star 9

¥ master ~ E 15 Branches © 2 Tags Q Go to file Add file ~ <> Code ~ About £e3

a galaxy surface bightness fitting code

i i i itti 2746¢c3 - 3 weeks aqg ) i . .
@ Chenmi0619 fix bugs in fitting 92746¢3 - 3 weeks ago %) 1 Commits via gradient descent

docs fix bugs in fitting 3 weeks ago Readme
Activity
galmoss fix bugs in fitting
9 stars
repo fix bugs in fitting 3 wee ® 2 watching

; N 1 fork
.DS_Store fix bugs in fitting

README.rst fix bugs in fitting 3 weeks ago Releases 2

readthedocs.yaml fix bugs in fitting 3 weeks ago > V2.0.6: new release ( Latest
on Apr 12
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Open source pacakge

Install via pip

galmoss 2.0.9

pip install galmoss (@

Install via git

git clone https://github.com/Chenmi®619/GALMoss
cd galmoss

A Python-based, Torch-powered tool f python setup.py install
GalMOSS meets the high computatior

Chenmi0619/GALMoss: V2.0.9: new release
Chenmi0619

Fix some bugs!

Uploaded on April 19, 2024 @ 45 < 4 ]
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Open source pacakge

#A galmoss

, # / Why use GalMOSS? ) Edit on GitHub
latest

Search docs

Why use GalMOSS?

Fit 8,000 galaxies in just 10 minutes!

How to install

An easiest start
Combination profiles

User defined profile

galmoss

—

—
b
Trem—m

Private docs hosting for any Docs as
Code tool. Start a trial with Read the

Docs for Business. GalMOSS a Python-based, Torch-powered tool for two-dimensional fitting of galaxy profiles. By
seamlessly enabling GPU parallelization, GalMOSS meets the high computational demands of large-
scale galaxy surveys, placing galaxy profile fitting in the CSST/LSST-era. It incorporates widely used
profiles such as the Sérsic, Exponential disk, Ferrer, King, Gaussian, and Moffat profiles, and allows
for the easy integration of more complex models.

Ad by EthicalAds - W

& Read the Docs




Evaluation

8324 128*128 SDSS g-band galaxy images
Single sersic

Initial value from SExtractor
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uncertainty comparison
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Discussion&Conclusion
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The requirement of human intervention:

provide 1nitial value of

galmoss
parameters
provide image sets
data, psf, sigma, (mask) Human intervention

fitting

results for further research



Introduction  galmoss package: Methods; Usage; Evaluation DISCUSSION  Conclusion

The requirement of human intervention: deep learning

i) ol of

galmoss
—parameters.
provide image sets
data, psf, sigma{mask) Human intervention

fitting

results for further research
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The requirement of human intervention: deep learning

4 )

Pre process

‘Galaxy center
‘Position angle
-Ax1s ratio
-‘Magnitude
-Effective radius

-Sersic index

- /
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class
/ — box
/ ]
+ -
|
A layer e vd

Original image ——> Masked 1mage

- annotate Region Of Interest in the original image, then get feature images with the same size
by Align layer

- classify the feature images

- segment the feature 1mages



A

/

Align layer

class
box
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Data:
- DESI image data
- the mask 1mage segmented by
SExtractor
- classify the central galaxies
as class 2; classify the other
objects as class 1

results:
the model segment
comparing to the training set.

original image

mask 1mage model result

‘ '6

q o

LK )

Conclusion

masked 1mage
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Data:
- DESI image data
- the mask 1mage segmented by
SExtractor
- classify the central galaxies
as class 2; classify the other
objects as class 1

results:
the model segment
comparing to the training set.

1 3

q

. _o,

Conclusion



providing initial params: Resnet-50

Masked image —-> Initial params

Data:

- DESI image data & galmoss
fitting result

results:
the model predict successfully
comparing to the training set.

Domain migration:
release models for designated
servey+size+bands!
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conclusion

1. We release an open-source software package galmoss which aims to fit galaxy light
profiles on large datasets.

2. galmoss uses gradient descent and ¥ 2 distribution to fit profiles

3. galmoss speeds up the fitting process by GPU acceleration.

4. galmoss can provide uncertainty through both covariance matrix and bootstrap methods.
5. galmoss also supports the integration of new profiles.

6. Benchmark tests reveal that galmoss 1s 6 times faster than galfit.
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provide image sets
(image, sigma, psf)

GALMOSS
profile fitting with
self-adaption reshaping
under
large sample Human intervention
large 1mage

large amount of params _
A more automatic package!

results for further research
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Thank you!




APPENDIX

Year 1: use measurements of bulge-disc decomposition on Euclid DR1 images to trace how the
two components (i.e., bulges and discs) are built up across cosmic history.

Year 2: examine how galaxies of different bulge-to-total ratio b/t populate the star—formation
main sequence (SFMS).

Year 3: use the Fuclid DR 2 data to classify galaxies into bulge-dominated and disc-dominated
types and investigate the dark matter halo masses of these two ditferent morphological types.
Test 1f there 1s a morphological dependence in the stellar-to-halo-mass relation.

Year 4: use halo assembly history to connect galaxies and therefore to establish a statistical
morphological evolution picture. Select broad-line AGNs from the Euclid data and the WEAVE
and 4MOST spectroscopic data and obtain SMBH masses for the AGNs.



Various distributions

Poisson: X-ray astronomy (not enough photons)

T'—student: normal distribution but many data points are bad represented by models (e.g.,

fitting Sersic profiles to well-resolved galaxies with asymmetries)



Fitting bias

ETGs account for 34.37 % of the total galaxy samples and represent 88.78 % 1n the
biased region.
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