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Large-scale structures and peculiar velocities
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Cosmicflows-4: catalog of observed peculiar velocities

Tully et al. (2023)

Compilation of 55,877 galaxy distances up to 300 Mpc/h
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Peculiar velocities, Zone of Avoidance and Great Attractor

17,373 galaxies within ~80 Mpc/h
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Deep Learning architecture: Convolutional Neural Network

INPUT: observational data

- galaxy positions
- radial peculiar velocities

Ngal - Vp.ec

OUTPUT: fields to predict

- dark matter ens_itY (g
- gravitational potentia

= o o

2. Predicting

Observational data
positions and Vpec

2-channel input > 1-channel output 1. Training
(2,128,128,128) | (1,128,128,128)
concatenation
Simulation data Simulation data
positions and Vpec true p and @
>
convb4 upconv64 \ v /
(128,64,64,64) (128,64,64,64)
U-Net CNN
model
conv32 < upconv32
(256,32,32,32) (256,32.32,32) l
16 16 -
(C5O1n2V,1 6,16,16) (5129I 60,?8?/1 6) Predicted
p and @
Encoding Decoding
batch normalization (except conv4 (2,2,2)-upsampling + concatenation l
input) (2048,4,4,4) batch normalization
(2,2,2)-reflection padding ¢onva upconv8 (1,1,1)-reflection padding .
(5,5,5)-convolution (1024,8,8,8) (1024,8,8,8) (3,3,3)-convolution PredICted
Relu activation Relu activation (tanh for output) O and v

(from Hong et al. 2021, density field only)
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same number of galaxies as CF4
same gI gb cz PDFs as CF4
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input quantities: A-SIM galaxy catalog

CF4-like mock

MW:-like galaxy as observer

Galaxy number
denSity Ngal

0.00

0.05

—100

=79 —50 —25 0 25

Preparing training samples with A-SIM

Mean radial peculiar
Ve|OCIty Vpec (km/s)

73 100

. - P . .
-80 -60 -—-40 -20 0 20 40 60

SGX (Mpc/h)

80 -80 -60 -—-40 -20 0 20 40 60

SGX (Mpc/h)

= g = i
80 -80 -60 -—-40 -20 0 20 40 60

SGX (Mpc/h)

80 -80 -60 —-40 =20 0 20 40 60

A-SIM N-Body simulation:

WMAPS cosmology | | — 1228.8 Mpc/h
Np = 4096 O e
mMp~1.95x 109 Mo ' PO*~

output quantities: A-SIM TSC dark
matter density and potential fields
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11,512 samples (10,248 in training set ; 1,264 in validation set)
grids of size 1283 and side length 160 Mpc/h
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Mean of the norm of the

Performance of the trained CNN model velocity field in sphere of

radius R centered on observer

Applying a random validation sample to the CNN model 500 -
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Local Universe from CF4

I
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Instead: use a “corrected” CFH4
(velocities extracted from the HMC

reconstructed velocity field)
Dupuy et al. (in preparation)
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Summary

CNN architecture (U-Net) taking as input: galaxy positions

v
(Ngal) and radial peculiar velocities (Vpec) ; as output: dark Ng| = ﬁ — E or '
matter density field p and gravitational potential field ®

Training on 11,512 samples prepared using A-SIM (CF4-like inputs and true output fields)
Performance tests show a good coherence between true and predicted fields

Trained CNN model applied to the “corrected” CF4 data: reconstructed known structures,
including possibly the Great Attractor

Future directions

Extract the coordinates of the Great Attractor (convergence of streamlines)

Incorporate bias treatments in the Deep Learning approach

Not that easy as CF4 is a compilation of distances obtained through various methodologies
(all with differently defined uncertainties), with no clearly defined selection function
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