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[About Cosmological Parameter]
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[ N — point Correlation Function
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[ Isotropic / Anisotropic ] ex. 2pcf
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[ About This Work ]
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Data : MG - PICOLA ]

Data ) MG - PICOLA - PUBLIC by Hawinther

Npcf Result
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Particle — Mesh N — body simulation
" Box size : 1 Gpc/h

" Run down to z = 0.700

FoF halo — finder

1000 different cosmology
100 single cosmology



Data : Mulguisin

Npcf Result
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( MGS ) Mulguisin

Constructing a Galaxy Cluster Catalog in Illustri
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ABSTRAC
We present a new simulated galaxy cluster catalog t
the Mulguisin (MGS) algorithm to identify galaxy overc
the previous FoF cluster identification in two aspects; 1
subhalos instead of unobservable dark matter particles, ¢
galaxy overdensities hosted by massive galaxies. Our a
similar to the observed cluster catalogs using spectros
303 halos with Myge > 10 Mg, including ~ 10% m
more systems because we separate some independent
into a single FoF algorithm. These independent MGS
spatial distribution and the phase-space diagram. Bec
that identifies local galaxy overdensities, we evaluate t
galaxies better than using the FoF cluster catalog. The
identifications of merging clusters by selecting systems v
highlight that the MGS cluster catalog is a useful tool fc
and for comparing with the observed cluster samples.
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Abstract. We introduce a new clustering algorithm, MulGuisin (MGS). that can identify
distinet galaxy over-densities using topological information from the galaxy distribution. This
algorithm was first introduced in an LHC experiment as a Jet Finder software, which looks
for particles that clump together in close proximity. The algorithm preferentially considers
particles with high energies and merges them only when they are closer than a certain distance
to create a jet. MGS shares some similarities with the minimum spanning tree (MST) since
it provides both clustering and network-based topology information. Also, similar to the
density-based spatial clustering of applications with noise (DBSCAN), MGS uses the ranking
or the local density of each particle to construct clustering. In this paper, we compare the
performances of clustering alporithms using controlled data and some realistic simulation
data as well as the SD55 observation data, and we demonstrate that our new algorithm finds
networks most efficiently and defines galaxy networks in a way that most closely resembles

human vision.

ArXiv ePrint: 2301.03278



[ Data : Mulguisin ]
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[ Calculate Npcf ]
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[ Calculate Npcf ]
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[ Learning Structure ]
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[ Estimation Range ]

1000 100
Different Cosmology Single Cosmology

0.25~04 0.3136

Estimation 0.75~0.85 0.7814

Cosmological -1.3~-0.7 -1.0039

parameter esti- 09~ 1.0 0.9418
mation

0.6~0.8 0.7103




ANISO. sig>3. 2pcf vs. 2pcf+3pcf

[ Result ] ( 2pcf >VS <2pcf+3pcf>
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[ Result ] (Original) VS (Original+MGS>
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[ Summary ]

1. 1SS has cosmological informations in it and N point correlation function is
the common way to investigate them.

2. We tried to get cosmological information by calculating Npcf and put them
into neural network regressor and estimate with covariance matrix at same time.

3. Our goal is to show ...

- Higher order statistics gain more information
= MGS calculated Npcfs have cosmological information

4. We are now working on comparing with ISO and ANISO and combining in-
formations of all Npcfs we have.
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Particle differernce

Cluster from DM halo distribution

Dark matter halo distribution
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[ Data Pre — processing ]

x = Single Cosmology y = Different Cosmology

y=1[1]
for i in range(1000):
y.append(x[i,msk])

mx=np.mean (x,axis=0) y=np.asarray(y)

sx=np.std(x,ax1s=0)

sig=np.abs (mx/sx) maxy=np.max(y,axis=0)

miny=np.min(y,axis=0)
_ meany=np.mean(y,axis=0)
msk=np.abs(mx/sx)>3. stdy=np.std(y,axis=0)
z=(y-meany)/(3*stdy)
single norm=(single-meany)/
(3*stdy)



[ L.oss function & Estimation

Custom Loss function using covariance matrix

Make the values of covariance matrix at minimum

def custom loss(y true, y pred, model):

Custom loss function using global covariance matrix.

Args:
y true: True values, shape (batch size, n params)
y pred: Predicted mean values, shape (batch size, n params)
model: The model instance to access the covariance matrix.

Returns:

Negative log-likelihood loss
# Get the global covariance matrix
cov_matrix = model.get covariance matrix()

# Create a multivariate normal distribution with the global covariance matrix
mvn = tfp.distributions.MultivariateNormalFullCovariance(loc=y pred, covariance matrix=cov_matrix)

# Calculate the negative log-likelihood
neg log likelihood = -mvn.log prob(y true)

# Return mean loss over the batch
return tf.reduce mean(neg log likelihood) + model.covariance regularization()



e : covariance error

[ Covariance Matrix - : contour prediction error

ANISO 2pcf. sig>3. Error check
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[ Result ] CIS-O; )Vs (ANISO)

EL Q. Do we need
R anisotropic statis-
tics as well?
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[ Result ] (ISO 2p> VS (Combined)

®

Contour

Q. Do combined

Npcfs estimate bet-
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Compare the
contours of
each parameters
and Npcfs

A. Yes, In some cases.
They’re mostly more con-

strained but miss the truth
value.




[ Summary ]

1. LSS has cosmological informations in it and N point correlation function is

the common way to investigate them.

2. We tried to get cosmological information by calculating Npcf and put them
into neural network regressor and estimate with covariance matrix at same time.

3. our goal is to show ...
- Higher order statistics gain more information

- Anisotropte Npets-gain-more-information
- Simplified distribution(using MGS) have different information

4;

D. We are now working on it and will investigate more about this.
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