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Background
* The goal of modern cosmology is to understand the 

physics that governs our Universe on the largest scales 

* Figure out the constituents of the Universe



Background
* The goal of modern cosmology is to understand the 

physics that governs our Universe on the largest scales 

* Figure out the constituents of the Universe

The game we play… 
1) We start with Einstein’s GR 
2) Plug in a homogeneous/isotropic metric 
3) Plug in energy/matter components 
4) Obtain evolution equations for: 

- Expansion of the Universe 
- Growth of density perturbations



Background

* What causes cosmic acceleration? 
- Vacuum energy or Scalar field(s)? 
- Or something more strange*?!  
  * (if that’s not strange enough) 

* What is Dark Matter? 
- Is it Self-interacting? 
- Is it Decaying? 

Each of the above possibilities could effect 
- Universe expansion 
- Clustering of matter 



Background
We can now map large 
volumes of the Universe in 
3D using galaxies as 
tracers of the underlying 
matter potential  

But then what do we do 
with all these galaxy 
positions?

SDSS



Background

Credit: S. D. M. White, 1986

N-body Simulations

1980s 
~1000 particles

Today 
~10,000,000,000 particles

Illustris TNG 
Simulation



⇠(r) = h�(x)�(x+ r)ix
Count galaxies in cells and compute:

SDSS

Background



The measured  
2-point correlation 
function (2PCF) 

Large clustering strength 
at small separations 

Almost zero on  
scales > 200Mpc/h 

We can compare 
observation and theory/
simulations with the 2PCF 

Recently some groups 
have used ML…

Eisenstein et al 2005
SDSS data

Background



SDSS

Background

ζ(r1, r2, r3) = ⟨δ1δ2δ3⟩
We can try to measure higher order statistics 

Naively: 
- Counting Pairs requires N^2 calculations  
- Counting Triplets requires N^3 calculations



2-point 3-point 4-point

• The computational expensive part of measuring higher order statistics is 
in making sure the distances between data points satisfy our specific 
criteria i.e. r1, r2, r3, etc  

• However we notice that all higher order statistics are just complex 
combinations 2-point statistics 

r1
r1

r2
r2

r3
r3

= +

+

+

So rather than treat data positions as the important feature, rather treat 
each data pair (relationship) as the main information!

Graph Database solution for  
Galaxy Clustering statistics 



Graph Databases

A graph within graph databases is based on graph theory.  

• Nodes represent entities or instances such as people, businesses, 
accounts, or any other item to be tracked. They are roughly the 
equivalent of the record, relation or row in a relational database, or 
MySQL item 

• Relationships, are the lines that connect nodes to other nodes; 
representing the relationship between them. Meaningful patterns 
emerge when examining the connections and interconnections of 
nodes, properties and relationships. Relationships are the key 
concept in graph databases, representing an abstraction that is 
not directly implemented in a relational model like SQL 

• Properties are germane information to nodes. For example, if 
Wikipedia were one of the nodes, it might be tied to properties 
such as website, reference material, or words that starts with the 
letter w, depending on which aspects of Wikipedia are germane to 
a given database. 



Graph Databases

In 2009 Facebook gave up using their MySQL storage and moved 
to a graph structure 

Nodes: people, places, groups 
Node properties: name, age, etc 
Relationships: membership, known since

A directed graph: relationships depend on direction

Graph for our purposes will be much simpler!



Graph Database solution for  
Galaxy Clustering statistics 

A

RelationshipThis is a Node

Neighbour list can be 
obtained quickly 
using a kd-tree 
algorithm

Rmax

Each galaxy (or 
random) point is a 
node which may have 
relationships to there 
nodes

For our purposes the 
relationship information 
is the distance to 
neighbours within Rmax



Node A

Neighbour i

Neighbour j

Neighbour N

1. relative distance 
2. relative los angle 
3. unique id

Node B

Node Ndata

1. # of neighbours (N) 
2. Type of galaxy 
3. Galaxy properties 
4. buffer region flag

properties

propertiesrelationships

Graph Database Structure

Graph Database solution for  
Galaxy Clustering statistics 



Graph Database solution for  
Galaxy Clustering statistics 

Node A

Neighbour i: ID

Neighbour j: ID

Neighbour N: ID

Node B

Neighbour i: ID

Neighbour j: ID

Neighbour M: ID

Match lists on  
unique ID

Unique ID i

Unique ID j

Unique ID N

Find remaining triplet  
attributes

R1=A : i : dist 
R2=B : j : dist 
R3=A : UniqueID : dist

COUNT(R1,R2,R3)++

Query Graph: 3PCF



A

B

C

R1

R2

R3

Graph Database solution for  
Galaxy Clustering statistics 

Query Graph: 3PCF

The intersection of two 
sets (A,B) contains a list 
of points, C, that will 
complete the triangle 
A,B,C such that, 
0<R1,R2,R3<Rmax

The intersection must 
be computed ~ N2 
times! 

For 2 ordered lists, the 
intersection can be 
computed very quickly!



Node 1 Node 2 Node 3 Node NSpawn N MPI 
processes

OpenMP threading CPU 1 CPU 2 CPU N

Node 1 Node 2 Node 3 Node NReduce OMP arrays 
for each node/domain

Collect MPI arrays 
and output

Master 
Node

Domain decomposition 
is precomputed

Graph Database solution for  
Galaxy Clustering statistics 



Graph Database solution for  
Galaxy Clustering statistics 
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Figure 6. Left: The computational wall clock time for a single call of the 3pCF is shown as a function of number of data
points. The red points are computed using 4 MPI threads with KSTAT while the black points are from the Graph database
code. The blue dashed line corresponds to an N2.3 relation. Right: The computational speedup scaling with the number of
processors. An ideal case with perfect load-balancing would expect to give 1 to 1 scaling (blue dashed). The graph database
produces reasonable scaling up to several thousands of processors (red stars).
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Figure 7. The large scale 3pCF is shown for 150 mock SDSS DR12 CMASS samples. Left: The full space of r1, r2, r3 < 200
Mpc configurations with �r = 10 Mpc binning. The colored points denoted the mean 3pCF value of the 150 mocks for specific
binned triplet configurations. Right: The equilateral 3pCF for for each mock catalogue (red) and for the mean of the 150 mock
catalogues (black line), compared to the SDSS galaxies (black circles). Although there is significant scatter among the mock
samples the mean is very smooth and exhibits a clear BAO ‘bump’ at ⇠ 150 Mpc.

be 5-dimensional and would not even lend itself to this
pseudo 3-dimenional representation.

The method of Slepian & Eisenstein (2015) naturally
circumvents this problem by projecting the angular de-
pendence onto multipoles, and then presents each mul-
tipole as a function of r1 and r2. However, this ap-
proach does not easiily generalise for the 4pCF or even

the anisotropic 3pCF (Slepian & Eisenstein 2018). In
general we may have to conceed to the complexity of
the information and simply display prejections or slices
though this high diemnsional space. As an exmaple,
in the right panel of Figure 7 we display the equilateral
configurations for each mock individually (red lines), for
the mean of mock catalogues (black dashed line) and for

Graph Database solution for  
Galaxy Clustering statistics 

Taking the SDSS CMASS 
DR12 galaxies (~1M) 

★C. Sabiu, B. Hoyle, J. Kim, X-D Li
★https://arxiv.org/abs/1901.00296

https://arxiv.org/abs/1901.00296


Graph Database solution for  
Galaxy Clustering statistics 

BAO in the 3-point function
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Taking the SDSS CMASS 
DR12 galaxies (~1M) 

We look at equilateral 
triangles  

We see evidence of the 
BAO peak
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Graph Database solution for  
Galaxy Clustering statistics 

4-point correlation function
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Node A

Neighbour i

Neighbour j

Neighbour N

1. relative distance 
2. relative los angle 
3. unique id

Node B

Node Ndata

1. # of neighbours (N) 
2. Type of galaxy 
3. Galaxy properties 
4. buffer region flag

properties
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Graph Database Structure

Graph Database for exploring new 
quantities in galaxy evolution, cosmology



Node A

Neighbour i

Neighbour j

Neighbour N

1. relative distance 
2. relative los angle 
3. unique id

1.# of neighbours (N) 
2. Galaxy or Random 
3. weight (e.g. FKP, etc) 
4. buffer region flag 
5. Galaxy Type 
6. Magnitudes 
7. Spectral Features 
8. Local Environment 
9. ….. 
10. …..

properties

propertiesrelationships

Graph Database Structure

We can do correlation and cross-
correlations with any property we 
can think of at no additional cost

Graph Database for exploring new 
quantities in galaxy evolution, cosmology



Example: lets look at counting data pairs while weighting 
by galaxy luminosity

Graph Database for exploring new 
quantities in galaxy evolution, cosmology

• Query the database for all relationships where rmin<r<rmax 
• Count that pair weighted by its absolute luminosity 
• Compare with unclustered random points 
• Compute the usual Landy-Szalay estimator for the 2pCF 
• But what does it mean? What information does it contain?

Figure 6: Comparision of the model (left) and data (right). The Upper figures show ⇠l and ⇠n, with
error bars. The lower figures show the difference ⇠l � ⇠n. The theoretical predictions were computed
with values of the model parameters (b1 = 1.82, b2 = 0.22 and b3 = 26) which will have to be adjusted
to match the best-fit parameters.
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Luminosity

Number BAO



Following the theoretical work of Barkana & Loeb 2010 
We develop a model for the luminosity weighted 
correlation function of galaxies:

Graph Database for exploring new 
quantities in galaxy evolution, cosmology

amplitude of compensated isocurvature perturbations
(CIPs).
The measurement of the scale dependence of !b=!tot

requires one to compare observable tracers of !tot and !b. In
this Letter, we follow and extend [11] the proposal of
Barkana and Loeb [12] (BL11); i.e., we use the number
density !n of galaxies as a tracer of the total matter density
fluctuation !tot and the absolute luminosity density of
galaxies !L as a tracer of the baryonic density fluctuation
!b. The idea is as follows: The number density fluctuations
!n are driven by the underlying total matter density
fluctuation !tot, with a bias (i.e., ratio) bn;t, which should
be approximately constant on large scales. On the other
hand, an area with a higher baryonic mass fraction !b=!tot
than average is expected to produce more stars per unit total
mass, hence, more luminous matter, and to result in
galaxies with a lower mass-to-light ratio. As a result, the
luminosity-weighted density fluctuation, !L, traces a com-
bination of !tot and !b. Therefore, the scale dependence of
!b=!tot induced by BAOs should translate into a scale
dependence of !L=!n.
Predictions.—BL11 provide a model for the tracers !n

and !L of the quantities of interest !b and !tot

!n ! "bn;t # CbL;t # CbL;!$r"k% ! rlss&%!tot; "1%

!L ! "bn;t # "1#D%bL;t # "1#D%bL;!$r"k% ! rlss&%!tot:
"2%

Within this model, bias factors bn;t and bL;t reflect the
dependency of the number density and mean luminosity
fluctuations on the underlying matter density fluctuation
[13]. The mean luminosity fluctuations are also affected
separately by the baryon fluctuations because the lumi-
nosity depends on the gas fraction in haloes, which itself
depends—through the nonlinear process of halo collapse—
on the baryon fraction of the surroundings. The parameter
bL;! quantifies the effect we search for: It is an effective
bias factor that measures the overall dependence of galaxy
luminosity on the underlying difference ! between the
baryon and total density fluctuations; C and D quantify
effects emerging in surveys where the observed sample is
flux limited (which introduces additional dependences on
galaxy luminosity); and r"k% is the fractional baryon
deviation r"k% ! !b=!tot ! 1, which can be predicted from
the initial power spectra, and which approaches a constant
(i.e., scale-independent though redshift-dependent) value
rlss on scales below the BAOs. Equations (1) and (2) refer
to amplitudes at a given wave number k of Fourier-
decomposed fluctuation fields.
Compensated isocurvature perturbations.—The meas-

urement of the relation between dark matter and baryons is
related to the search for CIPs [14]. Measurements of
primordial density perturbations are consistent with adia-
batic initial conditions, for which the ratios of neutrino,

photon, baryon and CDM energy densities are initially
spatially constant. Indeed, the simplest inflationary models
predict adiabatic fluctuations [15,16]. However, more
complex inflationary scenarios [17–19] predict fluctuations
in the relative number densities of different species, known
as isocurvature perturbations. Cosmic microwave back-
ground (CMB) temperature anisotropies limit a matter
versus radiation isocurvature mode to a few percent of
the adiabatic modes [20]. CIPs, however, are, specifically,
perturbations in the baryon density !b that are compensated
for by corresponding fluctuations in the CDM !CDM (so that
the total density is unchanged).
Such fluctuations are hard to detect, since gravity (and its

effect on everything from galaxy numbers to CMB fluc-
tuations) only depends on the total density. The uniformity
of the baryon fraction of galaxy clusters [21] gives an upper
limit on CIPs corresponding to !cl < 7.7%, where !cl is
the rms fluctuation in the baryon to the CDM density ratio
on galaxy cluster scales. Nonlinear effects on the CMB give
a similar current limit, !cl < 11% [14]. These constraints
may be improved with future cosmological 21-cm absorp-
tion observations [22]. In this Letter, we added possible
CIPs to the BL11 model under the standard assumption of a
scale-invariant power spectrum for this field.
Model in terms of correlation function.—The observable

quantities in galaxy surveys are not the fluctuations !n and
!L but rather the two point statistics of such tracers, namely,
the power spectrum or the two-point correlation function
(2PCF). We reformulate the observational proposal of
BL11 in terms of the 2PCF, defined as

""x; y%! 1

2#2

Z
k2P"k%j0"ks%dk; "3%

where s ! jx ! yj and P"k% is the matter power spectrum
defined by h!"k%!"k0%i! P"k%!D"k ! k0%. Following the
notation of BL11, we find that the observable 2PCFs "n (of
the galaxy number density) and "L (of the galaxy lumi-
nosity density) can be expressed with three theoretically
predicted functions, "tot, "add, and "CIP, the set of five BL11
parameters from Eqs. (1) and (2) and the parameter BCIP
(which determines the amplitude of CIPs). Defining total
effective bias parameters Bn;t!bn;t#CbL;t, Bn;! ! CbL;!,
BL;t ! bn;t # "1#D%bL;t, and BL;! ! "1#D%bL;!, our
model equations are

"n ! B2
n;t"tot # 2Bn;tBn;!"add # B2

n;!BCIP"̂CIP; "4%

"L ! B2
L;t"tot # 2BL;tBL;!"add # B2

L;!BCIP"̂CIP; "5%

where (unlike the other " terms) we have separated "CIP into
its shape "̂CIP and its amplitude BCIP. In order to model the
correlation functions, we begin with linear perturbation
theory, for which "tot"s% is given by Eq. (3),

PRL 116, 201302 (2016) P HY S I CA L R EV I EW LE T T ER S
week ending
20 MAY 2016

201302-2

This equation has dependence on:  
• A linear bias with dark matter 
• large scale clustering of baryons, 

potentially a new quantity to consider 
in galaxy evolution 

• Compensated Isocurvature 
Perturbations (CIP) between baryons 
and dark matter in the early universe

Looking at spatial cross-correlations 
with different quantities unlocks new 
physical interpretation of the data

M. T. Soumagnac, R. Barkana, C. G. Sabiu, A. Loeb, et.al PRL 2016 
M. T. Soumagnac, C. G. Sabiu, R. Barkana, and J. Yoo     MNRAS 2019




Machine Learning Approach 

Use machine learning to 
match observation with 
simulation (model)



A convolutional neural network for visual classification

We will break down each step one by one…

Convolutional Neural Networks

From a number of inputs obtain a meaningful output 
By training CNN on a known set of data (labelled)



1. Convolution Layer
Here are the three elements that enter into the convolution operation:
• Input image
• Feature detector
• Feature map

The feature detector is often referred to as a “kernel” or a “filter,” which might sound more 
familiar to you from other areas of physics.

Convolutional Neural Networks



Convolution Layer

Convolutional Neural Networks

Here are the three elements that enter into the convolution operation:
• Input image
• Feature detector
• Feature map
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Here are the three elements that enter into the convolution operation:
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• Feature map



Convolutional Neural Networks
Convolution Layer

Here are the three elements that enter into the convolution operation:
• Input image
• Feature detector
• Feature map



In reality, convolutional neural networks develop multiple feature detectors and use 
them to develop several feature maps which are referred to as convolutional layers

Through training, the network determines what features it finds important in order 
for it to be able to scan images and categorize them more accurately.

Convolutional Neural Networks
Convolution Layer



1. Convolution Layer

Convolutional Neural Networks
These filters have a use in image processing and that will help give us a more intuitive 
feeling about them

0 -1 0

-1 5 -1

0 -1 0

Sharpen

Input image Feature Map



1. Convolution Layer

Convolutional Neural Networks
These filters have a use in image processing and that will help give us a more intuitive 
feeling about them

1 1 1

1 1 1

1 1 1

Blur

Input image Feature Map



1. Convolution Layer

Convolutional Neural Networks
These filters have a use in image processing and that will help give us a more intuitive 
feeling about them

0 1 0

1 -4 1

0 1 0

Edge Detect

Input image Feature Map



2. Activation Function (eg ReLU)

Rectified Linear Unit (ReLU) is an element wise operation (applied per pixel) and 
replaces all negative pixel values in the feature map by zero. The purpose of ReLU is 
to introduce non-linearity in our ConvNet, since most of the real-world data we would 
want our ConvNet to learn would be non-linear

Convolutional Neural Networks

Others…



Rectified Linear Unit (ReLU) is an element wise operation (applied per pixel) and 
replaces all negative pixel values in the feature map by zero. The purpose of ReLU 
is to introduce non-linearity in our ConvNet, since most of the real-world data we 
would want our ConvNet to learn would be non-linear

2. ReLU

Original Feature detected image

Convolutional Neural Networks



Rectified Linear Unit (ReLU) is an element wise operation (applied per pixel) and 
replaces all negative pixel values in the feature map by zero. The purpose of ReLU 
is to introduce non-linearity in our ConvNet, since most of the real-world data we 
would want our ConvNet to learn would be non-linear

2. ReLU

Convolutional Neural Networks

Feature detected image Activated Feature Map



Spatial Pooling (also called subsampling or downsampling) reduces the 
dimensionality of each feature map but retains the most important information. 
Spatial Pooling can be of different types: Max, Average, Sum etc.

Type of pooling, size of filter window and 
stride size should all be tested for your 
particular problem

Convolutional Neural Networks
3. Pooling



The function of Pooling is to progressively reduce the spatial size of the input 
representation.  In particular, pooling

• makes the input representations (feature dimension) smaller and more 
manageable

• reduces the number  of parameters and computations in the network, 
therefore, controlling overfitting

• makes the network invariant to small transformations, distortions and 
translations in the input image.

• helps us arrive at an almost scale invariant representation of our image (the 
exact term is “equivariant”). This is very powerful since we can detect 
objects in an image no matter where they are located

Convolutional Neural Networks
3. Pooling

https://en.wikipedia.org/wiki/Overfitting


Convolutional Neural Networks
4. Flatten



Convolutional Neural Networks
4. Flatten



The Fully Connected layer is a traditional Multi Layer Network that uses a softmax 
activation function in the output layer. The term “Fully Connected” implies that 
every neuron in the previous layer is connected to every neuron on the next layer. 

The output from the convolutional and pooling layers represent high-level features 
of the input image. The purpose of the Fully Connected layer is to use these features 
for classifying the input image into various classes based on the training dataset.

Convolutional Neural Networks
5. Fully connected layer(s)



Cosmological parameters 
Or 

Cosmological Models 

Convolutional Neural Networks
5. Fully connected layer(s)

A Standard Multi Layer Neural Network



Deep Learning the Large Scale Structure

Ok lets apply this to cosmology!



Deep Learning the Large Scale Structure

500 COmoving Lagrangian 
Acceleration(COLA) simulations

512Mpc box with 512^3 dark matter particles

Output at z=0

Limitations:  
Cubic volume at z=0 
Real space 
Dark Matter particles 
Fixed Architecture

Ravanbakhsh et al. (2017), Mathuriya et al. (2018) 
showed that convolutional neural networks can be 
trained to predict cosmological parameters from the 
visual shape of the large scale structure, i.e. the 
filaments, clusters and voids of the cosmic density 
field.



Deep Learning the Large Scale Structure

arXiv:1908.10590 
Pan, Liu, Forero-Romero, Sabiu, Li, Miao, (led by) Xiao-Dong Li  

0.16 < ΩM < 0.46
0.4 < σ8 < 1.1

In a grid of 31x15 
parameter combinations

We run COLA DM simulations with 
with 128^3 particles, in a 256 Mpc 
box, using timesteps 40 output at z=0. 


We grid the data onto 2Mpc voxels.


The input of the whole network is a 
32^3-voxel (i.e. (64Mpc)3) subcube of 
the density field. 




Deep Learning the Large Scale Structure
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Figure 3. The architecture of our neural network. A cube having 323 voxels is fed to the network. The three convolution
layers have 32, 64, 128 filters, respectively. Beside each convolution layer, a batch normalization layer is added before it to
normalize the distribution (so that to enhance the stability), and a pooling layer is placed after it to decrease the size of the
output. After that, we got 128 ⇥ 23 voxels containing the extracted features. They are then converted to a 1-d vector by the
flatten layer, and passed to three dense layers with 1028, 24, 2 neurons, to output the final predictions of ⌦m and �8.

Results of each convolutional layer, are also passed to
a “pooling” layer to decrease the sample size. Ravan-
bakhsh et al. (2017) suggests using averaging pooling for
LSS data, so we adopt it as one of our default options
of the network. However we found that for our architec-
ture max-polling works even better. Thus, for a di↵ernt
architecture, the best options or hyper parameters can
be also di↵erent.

3.3. Fully Connected Layers

Fully connected layers are also names as “dense lay-
ers”. Outputs of the final polling, after flattened, are
passed to three dense layers. They have 1024, 256 and
2 neurons, respectively. They can connect the features
extracted by the CNN to the values of ⌦m and �8.
To suppress over-fitting (the CNN is so sophisticated

that there are always sample-dependent features ex-
tracted), a 20% dropout layer was placed before the
dense layers, to abondon features not very relatived to
cosmology.

3.4. Discussion

One disadvantage of the neural network is that, it
functions like a black box, and we never know what

really happens within it. Although a precise parame-
ter estimation is achieved, our understanding about the
LSS is not much improved. In any case, we still have
to use the network, as long as it is e↵ective in compre-
hensive data mining. The cosmic LSS is so complicated
that “only machines can fully understand and charac-
terize it”.
Although the first layer conduct convolution on

(6 h
�1Mpc)3 sub-cubes, it does not necessarily mean

that we are only using structures on such small scales
to constrain cosmologies. In the two following convo-
lutions, small-scale features are grouped to form more
advanced features on larger scales. To to exact, we are
using structures on 6� 64 h

�1Mpc.
Our architecture is largely di↵erent from what

adopted in Ravanbakhsh et al. (2017). We use a large
number of filters at the very beginning of convolution,
based on the belief that small scale structures contain
abundant information and should be convolved by many
filters to extract various features. Our architecture is
closer what adopted in Mathuriya et al. (2018).
While both Ravanbakhsh et al. (2017) and Mathuriya

et al. (2018) focused on one single architecture, we con-

Default Architecture 



Deep Learning the Large Scale Structure
Inspecting the CNN

Om = 0.26

Om = 0.16

1st convolution layer  2nd convolution layer  3rd…



Deep Learning the Large Scale Structure
Learning Curves 

Varying: 
- # of CNN filters 
- # of dense neurons 
- # of neuron layers 
- Optimiser  
- Pooling type 

Clear advantage in 
max-pooling over 

the average pooling 

Clear advantage of 
the sgd optimiser 
over the default 

‘Adam’ optimiser.



Deep Learning the Large Scale StructureCosmological parameter estimation from large-scale structure machine learning 11

Figure 9. Test of a CNN architecture (sgd) on the single-cosmology samples. Left panel: Ground truth (red star) and CNN
predictions (blue dots) of ⌦m and �8, in the 2-d parameter space. The CNN well predicts the values of ⌦m, but has a bias in
estimating �8. Middle and Right panels: Likelihood distribution of ⌦m, �8 from the CNN predictions.

• A smoothing of the sample 13 can lead to disas-
trous e↵ect. Even a 1% smoothing shifts the es-
timation by ⇡2�. A 3% smoothing doubles the
shifts and also doubles the statistical scattering

• In contrast, the performance of the neural network
is very robust to missing voxels. We mask 1 or 43

voxels in each of the 323-subgrid (by setting their
values to 0), and find the predicted results almost
unchanged. This ET ability is looks very helpful,
since in real observations there are always many
masked regions.

• The performance is not significantly improved if
we conduct a DE (data enhancement) via rotation
and reflection. The number of test samples, after
DE, is increased by as much as 48 times, No signif-
icant improvement in the predictions is detected if
we feed the 48-times more samples to the neural
network.

• The predictions are very robust to Gaussian noise.
In this test, all voxels are multiplied by a Gaus-
sian random variable with a standard deviation of
5% or 10%. The central values and errors remain
unchanged.

• If we introduce a 5% or 10% global variation in the
density field (linearly increased from 0% at x = 0
to the maximal value at x = 256h�1Mpc), notable

13
Our smoothing means that each voxel is replaced by a

weighted sum of itself and its six nearest neighbors. Di↵erent

types of smoothing can have di↵erent e↵ect and should be tested

individually.

change appears in the predicted results. Thus,
when analyzing observational data, one should
be careful about the factors which can globally
change the survey properties in a large area.

• In case that we feed the neural network using sam-
ples produced in 10% lower/higher resolution (de-
creasing/increasing the number of simulation par-
ticles by 10%), the central values are mildly shifted
(⇠ 1�).

When handling real observational data, an observa-
tional artifact can be overcome in two ways. 1) Design-
ing a neural network which is robust to the it. 2) Adding
it into the training sample, so that its e↵ect is considered
by the neural network in the training process.

5. CONCLUDING REMARKS

We use a deep convolutional neural network to esti-
mate cosmological parameters from the dark matter dis-
tribution. The inputs are 1283-voxel, (256 h

�1 Mpc)3

cubes of the dark matter density contrast field. The
neural network, designed to have three convolution lay-
ers, three dense layers, including batch normalization
and pooling layers, builds up a connection from the field
to the cosmological parameters. It is able to yield ac-
curate prediction of the cosmological parameters after
⇠ 200 � 300 epochs of training. We also studied some
variations on the architecture to test its convergence and
overall performace.
In the estimated parameters, we find a persistent

bias that can not be resolved by increasing the training
epochs. We believe that this bias arises from the lim-
ited power of the dense layers, which are responsible for

10

Figure 7. Test of a CNN architecture (sgd) on a multi-cosmology grid. There is a strong degeneracy between ⌦m and �8.
Left panel: Ground truth and CNN predictions of ⌦m and �8, in the 2-d parameter space. The black lines show the di↵erence
between them. The error bar is larger at the upper-right corner of the parameter space. Right panels: Ground truth and CNN
predictions for ⌦m and �8 panels, respectively. The CNN has slight under-estimation of the parameters at the large value tail.

Figure 8. Distribution of the systematic bias in the CNN predicted ⌦m and �8 (denoted as �⌦m and ��8). Very roughly, in
the parameter space we studied, there is |�⌦m| . 0.03 and |��8| . 0.05, with mean value of |̄�⌦m| = 0.01 and |̄��8| = 0.018.
In practice one can calibrate the results by subtract the systematic bias in the CNN predictions (e.g., using the fitting formula
shown in the panels), making the final estimation unbiased.

2016). This is the constraint derived from a (256
h
�1 Mpc)3, 2 h

�1 Mpc resolution sample. This shows
the great potential of using neural network to estimate
cosmological parameters from the LSS.

4.5. Error tolerance

So far we only apply the neural network to ideal date-
sets – density fields regularly sampled in a 3-d grid based
on the dark matter particles. In reality, the data ob-
tained in observations contain many sources of system-
atics. We need to test whether these noise can a↵ect the
performance of the neural network.

The ET (error tolerance) tests are presented in Figure
10. For simplicity, in these tests we only use one 1283-
voxel sample, generated using (⌦m, �8)=(0.26, 0.69).
We split the grid into 64 323-voxel subgrids to obtain 64
sets of estimated parameters. When a certain kind of
noise was added, we check whether the estimations are
changed, and get some understandings about the e↵ect
of noise.
In summary, we find that:

We found a significant bias in 
sigma8, this was found in 
previous works although not 
really highlighted


It can be easily corrected… 

Pan et al. arXiv:1908.10590 
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Pan et al. arXiv:1908.10590 

CNN adds more information than 2nd order statistics 



Deep Learning the Large Scale Structure

In collaboration with the Korean Astronomy Machine Learning Group: 
David Parkinson, Sungwook E. Hong, Srivatsan Sridhar, Shi Feng, Sangnam 
Park, Inku Park, Dongsu Bak, Jacobo Asorey Barreiro, Benjamin L’Hullier, 
James Jee, Arman Shafieloo, Hanwool Koo, Ryan Keeley +++

Initiated a project in Korea to further develop this approach 

By considering redshift evolution of the density field we aim to 
constrain expansion dynamics 

We will consider more realistic tracers such as mock galaxy or 
weak lensing convergence fields 

We will add systematics such as redshift error, photo-z etc, 
angular completeness, etc 

How to mitigate nonlinear effects and other small scale physics 
that are difficult to model - clipping, field transforms, etc 



Information Content from CNN
But first lets step back and look at Gaussian fields… 
We know that their information is confined to ≤2nd order statistics  
We can compute the errors on parameters from  
1) monte carlo realisations 
2) Fisher matrix 

Tr
ue

σ 8

Predicted ΩM

Tr
ue

Ω
M

Predicted σ8

CNN Trained with 6,000 gaussian fields 
with linear cosmological power spectra 

Tested below with 600 different fields

With Stephen Appleby 



Information Content from CNN

L = [a 0
b c]

We can write a custom loss function,

Where the parameters a,b,c are learned by the network during training. 
The network can learn the covariance matrix directly without an input ‘label’

With Stephen Appleby 

But first lets step back and look at Gaussian fields… 
We know that their information is confined to ≤2nd order statistics  
We can compute the errors on parameters from  
1) monte carlo realisations 
2) Fisher matrix 
3)   Via the CNN directly?



Neural Network Architecture 
3 Convolution Layers Multi Layer Perceptron

Cosmic Gaussian 
field

ΩM

σ2
σ8

5 neuron 

output

32x32x32

64Mpc/h

6

Figure 3. The architecture of our neural network. A cube having 323 voxels is fed to the network. The three convolution
layers have 32, 64, 128 filters, respectively. Beside each convolution layer, a batch normalization layer is added before it to
normalize the distribution (so that to enhance the stability), and a pooling layer is placed after it to decrease the size of the
output. After that, we got 128 ⇥ 23 voxels containing the extracted features. They are then converted to a 1-d vector by the
flatten layer, and passed to three dense layers with 1028, 24, 2 neurons, to output the final predictions of ⌦m and �8.

Results of each convolutional layer, are also passed to
a “pooling” layer to decrease the sample size. Ravan-
bakhsh et al. (2017) suggests using averaging pooling for
LSS data, so we adopt it as one of our default options
of the network. However we found that for our architec-
ture max-polling works even better. Thus, for a di↵ernt
architecture, the best options or hyper parameters can
be also di↵erent.

3.3. Fully Connected Layers

Fully connected layers are also names as “dense lay-
ers”. Outputs of the final polling, after flattened, are
passed to three dense layers. They have 1024, 256 and
2 neurons, respectively. They can connect the features
extracted by the CNN to the values of ⌦m and �8.
To suppress over-fitting (the CNN is so sophisticated

that there are always sample-dependent features ex-
tracted), a 20% dropout layer was placed before the
dense layers, to abondon features not very relatived to
cosmology.

3.4. Discussion

One disadvantage of the neural network is that, it
functions like a black box, and we never know what

really happens within it. Although a precise parame-
ter estimation is achieved, our understanding about the
LSS is not much improved. In any case, we still have
to use the network, as long as it is e↵ective in compre-
hensive data mining. The cosmic LSS is so complicated
that “only machines can fully understand and charac-
terize it”.
Although the first layer conduct convolution on

(6 h
�1Mpc)3 sub-cubes, it does not necessarily mean

that we are only using structures on such small scales
to constrain cosmologies. In the two following convo-
lutions, small-scale features are grouped to form more
advanced features on larger scales. To to exact, we are
using structures on 6� 64 h

�1Mpc.
Our architecture is largely di↵erent from what

adopted in Ravanbakhsh et al. (2017). We use a large
number of filters at the very beginning of convolution,
based on the belief that small scale structures contain
abundant information and should be convolved by many
filters to extract various features. Our architecture is
closer what adopted in Mathuriya et al. (2018).
While both Ravanbakhsh et al. (2017) and Mathuriya

et al. (2018) focused on one single architecture, we con-

σ8

σ2
ΩM

Cov (ΩM, σ8)

Information Content from CNN



Information Content from CNN
Stepping back lets looks at Gaussian fields.  
We know that their information is confined to ≤2nd order statistics  
We can compute the errors on parameters from  
1) monte carlo realisations (black points) 
2) Fisher matrix  (yellow) 
3) Via the CNN directly (blue)
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Deep Learning the Large Scale Structure

100x100sq deg 



Training DataFast approx N-body method - Pinocchio Code 

2 Gpc/h box, 1024^3 particles 
FoF halos 
Light-cone output 0<z<2 
6 redshift slices 

So far 100 simulations run 
Exploring Om, s8 and w  
Parameters sampled from a  
orthogonal Latin Hypercube

Chess: Rook on each row and file 
without threatening each other 

Deep Learning the Large Scale Structure
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Neural Network Architecture 

Deep Learning the Large Scale Structure



Preliminary Results
Promising results 
- More training data 
- Experiment different architecture and hyper parameters 
- Test redshift space distortions / photo-z errors / etc

Deep Learning the Large Scale Structure



The Korea Institute of Science and Technology Information (KISTI) 
Supercomputer Center recently had an open call for proposals specifically 
aimed at Machine Learning and Big Data.  

We were successful and awarded 15 million CPU hours on ‘Nurion’ (15th 
fastest in the world) 

It is a Cray CS500 system with 570,020 cores 

Proposal: 
- run ~1000 simulations 
- Create light-cone cones 
- Find halos 
- Apply a galaxy assignment model or several models (eg HODs) 

- Add observational effects, redshift distortions, photo-z, incompleteness, etc 

- Train models and constrain parameters within LCDM 

- Apply to observational data, KiDS, SDSS, DLS, early DESI data

Deep Learning the Large Scale Structure



Deep Learning the Large Scale Structure
Ntampaka, Eisenstein, et al. (2019), added mock 
galaxies to the dark matter halo according to an HOD 
prescription. 


The added 2nd order clustering statistics making a 
hybrid CNN. But it did not add much information 
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★C. Sabiu, B. Hoyle, J. Kim, X-D Li
★https://arxiv.org/abs/1901.00296

Hybrid Scheme with Higher order statistics 

v1 out now!

http://bitbucket.org/csabiu/gramsci 

https://arxiv.org/abs/1901.00296
http://bitbucket.org/csabiu/gramsci


Deep Learning the Large Scale Structure

Machine Learning the can do as well and potentially better than 
usual statistical methods for extracting cosmological information 
from the distribution of galaxies. 

Preliminary results show that CNNs can learn features in the 
evolving density field to help us constrain parameters including 
Dark energy and its equation of state, w. 

Higher Order Statistics beyond the 3rd order can now be 
computed in a tractable timeframe using graph databases with  
GRAMSCI: GRAph Made Statistics for Cosmological Information 
available from:  http://bitbucket.org/csabiu/gramsci 

Thanks for your attention!

http://bitbucket.org/csabiu/gramsci


Extra



Generative Adversarial Networks

Image credit: Thalles Silva

https://medium.freecodecamp.org/an-intuitive-introduction-to-generative-adversarial-networks-gans-7a2264a81394


Generative Adversarial Networks

Rodríguez et al., 2019 arXiv:1801.09070 

- Optimising a GAN to 
reproduce N-body 
density fields of size 
100Mpc 

- Visually they match 
very well 

- How about the 
statistics?



Generative Adversarial Networks

Rodríguez et al., 2019 arXiv:1801.09070 



Galaxy Zoo
A0: Smooth A1: Features

or disk
A2: Star or

artifact

A0: Yes A1: No

A0: Bar A1: No bar

A0: Spiral A1: No spiral

A0: No
bulge

A1: Just
noticeable

A2: Obvious A3:
Dominant

A0: Yes A1: No

A0: Ring A1: Lens or
arc

A2:
Disturbed

A3: Irregular A4: Other A5: Merger A6: Dust
lane

A0:
Completely

round

A1: In
between

A2: Cigar
shaped

A0:
Rounded

A1: Boxy A2: No
bulge

A0: Tight A1: Medium A2: Loose

A0: 1 A1: 2 A2: 3 A3: 4 A4: More
than 4

A5: Can't tell

T00: Is the galaxy simply smooth and rounded, with no sign of a disk?

T01: Could this be a disk viewed edge-on?

T02: Is there a sign of a bar feature through the
centre of the galaxy?

T03: Is there any sign of a spiral arm pattern?

T04: How prominent is the central bulge, compared with the rest of the
galaxy?

T05: Is there anything odd?

T06: Is the odd feature a ring, or is the galaxy disturbed or irregular?

T07: How rounded is it?

T08: Does the galaxy have a bulge
at its centre? If so, what shape?

T09: How tightly wound do the
spiral arms appear?

T10: How many spiral arms are there?

End

1st Tier Question

2nd Tier Question

3rd Tier Question

4th Tier Question

Members of the public 
classified galaxies with their 
eyes (and brains) 

The crowdsourced science 
projected generated a lot of 
public interest. 

1 Million galaxies from SDSS 
were given multiple 
classifications 

It became possible to do large 
scale statistics with galaxy 
morphology! 

But the next generation of 
survey LSST will observe ~37 
billion stars and galaxies.  

We need a lot more people or 
use ML!

http://zoo1.galaxyzoo.org/



Python Example



Python Example

Open GZ_classify.ipynb



Python Example

Click here



Python Example

https://colab.research.google.com/github/csabiu/ML_tutorial/blob/master/GZ_classify.ipynb



Python Example



Python Example



Python Example



Python Example



Python Example



Python Example



Python Example



Python Example



Python Example



Python Example



Python Example
Now using a convolutional neural network!



Deep Learning the Large Scale Structure

Julian Merten, et al 2019 (arXiv:1810.11027) 

CNN applied to Convergence maps in fR gravity

z=0.5 Tomographic 



Data Augmentation

A convolutional neural network that can robustly classify objects even if 
its placed in different orientations is said to have the property called 
invariance. More specifically, a CNN can be invariant to translation, 
viewpoint, size or illumination (Or a combination of the above).

Popular augmentations:  
- left/right flip 
- up/down flip 
- Random rotation 
- Zoom scale 
- Crop 
- X,Y translation (shift)

Convolutional Neural Networks



Conclusions

We introduce a new clustering algorithm, publicly available under a 
GNU public release licence  

GRAph Made Statistics for Cosmological Information: GRAMSCI 
available from:  http://bitbucket.org/csabiu/gramsci 

GRAMSCI performs much better than purely tree based approaches  

We show the performance by measuring all possible 3pCF unto and 
beyond the BAO scale with current SDSS BOSS data 

We make the first measurements of the 4-point function of SDSS 
galaxies 

We show the flexibility of adopting a Big Data Analytic approach. 
As an example the luminosity-number density cross correlation has 
the potential to unlock new information in the galaxy data that 
depends on baryonic physics and compensated isocurvature 
originating in the very early Universe. 

 
Thank You 감사합니다

v1 out now!

http://bitbucket.org/csabiu/gramsci
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• classification based on a large 
collection of neural units.

• modeling the way a biological 
brain works. 

• Each neural unit is connected 
with many others.

• links can be enforcing or 
inhibitory.

• Each individual neural unit has 
a summation function.

• These systems are self-
learning and trained.

• There can be multiple layers.

Artificial Neural Networks
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We can simplify these equations as

or more generally as

This is a matrix operation.

Artificial Neural Networks



Input: Set the corresponding 
activation x1 for the input layer 
and initialize weights.
Feedforward: For each l=2,3,
…,L compute

Ouput: compute cost function.

Gradient: compute gradient.
Backpropagate: update the 
weights. Go to feedforward.

Artificial Neural Networks



Activation Function

• translates the input signals to output signals. 
• inspired by biological activation that turns information 

transfer on/off from one neuron to next. 
• the simplest form is binary, meaning either the neuron 

is firing or not.

heaviside step function
• obviously, this function transfers only binary information.

Artificial Neural Networks



• a linear activation function transforms the 
weighted sum inputs of the neuron to an output 
using a linear response. 

• this model has unstable convergence because 
neuron inputs along favoured paths tend to 
increase without bound, as this function is not 
normalizable.

• overcomes the drawback of linear. 
• the function is normalizable.

• overcomes the drawback of piecewise linear. 
• smooth transition 
• better resamples biological response 
• popular choice

Artificial Neural Networks



Gradient-Descent Procedure

A method that modifies the weights to reduce the cost function:

Algorithm:

current weightimproved weight gradient

step size

Artificial Neural Networks



Deep Neural Networks
If we add more hidden layers we are doing deep learning 

Pros: It can model more complex patterns of the data 
Cons: It is prone to overfitting and increased computing time

Artificial Neural Networks


