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In the last meeting..

Brief review
= | had 6 data set (short) (all
I 128_short I I 128_all I ./I, ===

I 256_short I I 256_all I

I 512_short I I 512_all I

Only using [0,64](Mpc/h) scale [0,64] [64,128] [128, 192] [192, 256]

= My model performance was not good
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Basic model

CNN(C) -
model = Seguential()

model.add(Conv3D(32, kernel_size=(3, 3, 3), padding="wvalid", input_shape=(32,32,32,1)))
model.add(BatchNormalization())

model.add(RelLU())

model.add(MaxPooling3D(pool_size=(2, 2, 2)))

model.add(Conv3D(64, kernel_size=(3, 3, 3), padding="valid™))
model.add(BatchNormalization())

model.add(RelLU())

model.add(MaxPooling30(pool_size=(2, 2, 2)))

model.add(Conv3D(128, kernel_size=(3, 3, 3), padding="valid™))
model.add(BatchNormalization())

model.add(RelLU())

model.add(MaxPooling30(pool_size=(2, 2, Z2)))

model.add(Flatten())
model.add(Dropout(8.2))
model.add(Dense(1824, activation="relu’))
model.add(Dense(256, activation="relu'))
model.add(Dense(2, activation="1linear'))

model

Callbacks.ModelCheckpoint

Conv3d
Batch normalization
Relu
Max pooling

Conv3d
Batch normalization
Relu
Max pooling

Conv3d
Batch normalization
Relu
Max pooling

Flatten
dropout
Fully connected
Fully connected
Fully connected

output



Different data

Epoch : 200

Learning rate : 0.0001

128 short
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Different learning rate Learning rate : 0.0001
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® Planck 2015 best fit cosmology Learning rate : 0.001
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om sig
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rning rate : 0.0001
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Put Averagepooling instead of Maxpooling

def CNN():
model = Sequentiali)

model.add{Corw3D(32, kernel size=(3, 3, 3), padding="valid", input_shape=(32,32,32,100)
model.add(BatchNormalization())

model.add(Activation( ' relu’))

model. add(AveragePooling3D(pool_size=(2, 2, 2)))

model. add{Corv3Di(64, kermel size=(3, 3, 3, padding="valid"))
model.add(BatchNormalization())

model.add{Activation( relu’})
model.add(AveragePooling3D(pool_size=(2, 2, 2)))

model. add(Corw3D( 128, kernel_size=(3, 3, 3), padding="valid"))
model.add(BatchNormalization())

model.add{Activation( relu’))
model.add(AveragePooling3D(pool_size=(2, 2, 2)))

model.add(Flatten())
model.add(Dropout(2.2))
model. add(Dense (182470
model.add(Activation( relu’))

model.add(Dense(256))
model.add(Activation( relu’))

model.add(Dense(2))
model.add{Activation(’ linear’))

return model



Learning rate : 0.0001
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Learning rate : 0.0001

Learning
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Subtract batchnormalization

def CHNN():
model = Seguential()

model.add(Comv3D(32, kernel_size=(3, 3, 3), padding="vzlid", input_shape=(32,32,32,1)0)
#  model.add(BatchNormalization())

model.add(activation relu™))

model. add(&veragePooling30(pool_size=(2, 2, 2000

model. add(Conv3D(E4, kernel_size=(3, 3, 3), padding="valid"))
#  model.add(BatchNormalization())

model.add(activation( relu’))

model.add(fveragePooling30(pool_size=(2, 2, 2300

model.add(Comv3D(128, kernel_size=(3, 3, 3), padding="valid"))
# model.add(BatchNormalization())

model.add{Activation( relu’))

model. add(SverapePooling30(pool_size=(2, 2, 231)

model.add(Flatten())
model.add(Dropout(8.2))
model.add(Dense(1824))
model.add(activation relu™))

model. zdd(Dense(256))
model.add(Activation( relu’ )

model.add(Dense(2))
model.add{Activation( linear™))

return model



Learning rate : 0.0001
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Learning rate : 0.0001
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add batchnormalization in the full-connected layer

def CNN():
model = Seguential()

model. add(Comv30i(32, kernel_size=(3, 3, 3), padding="vzlid", input_shape=(32,32,3Z,10))
model. add(BatchiNormalization())

model. add{Activation( relu’))

model. add(AverapePooling3D{pool_size=(2, Z, 23]

model. add(Cormv3D(64, kerrmel_size=(3, 3, 3), padding="valid"))
model. add(BatchNormalization())

model. add(Activation( relu’))

model. add(AveragePooling30(pool_size=(2, 2, 2)))

model. add(Comv3D0128, kermel_size=(3, 3, 3), padding="vzlid™))
model. add{BatchNormalization))

model. add{Activation relu™))

model. add(AveraoePooling3D(pool_size=(2, Z, 23]

model. add(Flatten())

model. add(Dropout(8.2))

model. add(Dense (182400

model. add{BatchNormalization())
model. add{Activation( relu’))

model. add(Dense (25630
Jodel. add(BatchNormalization())
model. add(Activation( relu’))

model. add(Dense(2))
model. add{Activation(’ 1inear"))

return model



Learning rate : 0.0001 <basic> Learning rate : 0.0001

test(Qm) test(og)
test(Qm) test(og) i
- 1.1 4
] .. L. 0.45 4 -
0.45 4 11 LT
1.0 A ;
1.0 0.40 .
0.40
) 0.9
091 0.35
0354 = = 08
& - = 0.8 s . 2
& @ % 0.30 .o =
£ 0.30 = a . 8 074
[+] N 5 0.74 . P
- 0.25 ’ EE 0.6 4 :
0.25 4 0.6 tUtLL H
P 0.20 4 . o 054 - . ‘,:“_‘.
0204 LT . 0.5 . N . -
T 0.4 oasi ' T — T T 04 T — T T T
0.15 1
T T T T T T T T T T T T T T 010 015 020 025 030 035 040 045 04 05 06 07 08 09 10 11
015 020 025 030 035 040 045 04 05 06 07 08 09 11 Qnlprediction) on(prediction)
Qmlprediction) og(prediction)

Learning rate : 0.0005 Learning rate : 0.0005

test(Qm) test(os) test(Qm) test(og)
0.45 4 Y ) 117 - 0.45 117 L
1.0 1 . 1.0
0.40 o ) . ) 0.40 4 )
) 094 e : 0.4
0.35 4 . o e . 0.35 4
7 » % 08 pe i %%
& L 8 8 g
% 0.30 A = £ 0.30 4 - =
c & 0.7 c . 5 0.7
0.25 1 LT 0.6 0.25 - = .. 0.6 4
020 L 0.5 q 0204 | . . S 0.5 e
0.15 1 T T T T T T T 047 = T - T - T T T T T T 0.15 1 - T T T T T T T 047 ’ T T T T T T T
015 020 025 030 035 040 045 04 05 06 07 08 09 1.0 11 015 020 025 030 035 040 045 04 05 06 07 08 09 10
Qm(prediction) as(prediction) Qm{prediction) oslprediction)
. .
Learning rate : 0.001 Learning rate : 0.001
earning rate : 0. earning rate : 0.
test(Qm) test(os)
test(Qm) test(og)
0.45 - . 119 " 114
: 0.45 4 . .
1.0 .
0.40 . 1.0 1
. < . 0.40 4
0.9 1 EXEE .,
0.35 4 e i 0.9 9
k= = 4 - 0.35 4 -
g E 0.8 B . = = 0.8 4
= £ a 7
0.30 4 =
& § 0.7 = 030 . =3
[} B S 0719
0.25 o 0.6 1 Lo . )
PR . 0251 TS . 0.6 1 -
0.20 4 AT LT L 0.5 1 . .. -
LT . 0.20 4 - 054 -
0.15 A 04 . P J . o
T T T T T T T T T T T T T T T 015 1 0.4
015 020 025 030 035 040 045 050 0.4 0.5 06 07 0.8 0.9 1.0 11 - T T T T T T T T T T T T T :
Qu(prediction) as(prediction) 010 015 020 025 030 035 040 045 0.0 0.2 0.4 0.6 0.8 1.0

Qmlprediction) os(prediction)



Learning rate : 0.0001
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Let's predict single parameter!

Learning rate : 0.0001 <Om> Learning rate : 0.0001 <sig>
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Next step...

® The difference between reference paper(1908.10590) and my work is:
- They used "dark matter particles” and | used “dark matter halos”
- It might be not fit for halo data

® | think | should more read about parameter estimation
® There are 2 useful paper(referenced by 1908.10590)
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CosmoFlow: Using Deep Learning to Learn the
Universe at Scale

Amrita Mathuriya®, Deborah Bard?, Peter Mendygral*, Lawrence Meadows*, James Arnemann®,
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Abstract—Deep learning is a promising tool to determine
the physical model that describes our universe. To handle the
considerable computational cost of this problem, we present
CosmoFlow: a highly scalable deep learning application built
on top of the TensorFlow framework. CosmoFlow uses efficient
implementations of 3D convolution and pooling primitives, to-
gether with improvements in threading for many element-wise
operations, to improve training performance on Intel® Xeon

B. Deep Learning for Cosmology

The nature of dark energy is one of the most exciting and
fundamental questions facing scientists today. Dark energy is
the unknown force that is driving the accelerated expansion of
the universe, and is the subject of several current and future
experiments that will survey the sky in multiple wavelengths
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Estimating Cosmological Parameters from the Dark Matter Distribution
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Abstract

A grand challenge of the 21** century cosmol-
ogy is to accurately estimate the cosmological
parameters of our Universe. A major approach
in estimating the cosmological parameters is to
use the large scale matter distribution of the Uni-
verse. Galaxy surveys provide the means to map
out cosmic large-scale structure in three dimen-
sions. Information about galaxy locations is typ-
ically summarized in a “single” function of scale,
such as the galaxy correlation function or power-
spectrum. We show that it is possible to estimate
these cosmological parameters directly from the
distribution of matter. This paper presents the
application of deep 3D convolutional networks
to volumetric representation of dark-matter sim-
ulations as well as the results obtained using a
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Figure 1. Dark matter distribution in three cubes produced using
different sets of parameters. Each cube is divided into small sub-



