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The story of the universe until now...

Years after the Big Bang
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A MODEL 21CM GLOBAL SIGNAL

The 21cm Global Signal

—— ARES signal
== == Parametrised signal

8 We use the Accelerated Relonization Era
Simulations (ares) code was designed to
rapidly generate models for the global
21-cm signal (Mirocha eb al, 2012, 2015),
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¢ We have used the tanh model for
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parametrising the global signal, where i
the parameters , A(z) are the parameters
for the global signal. Parameters evolve according to a tanh
model
s A = I(z)—Lyman-alpha background (which
Alz) = 2 {1 + tanh|(zo —2)/Az]} determines the strength of W-F
«tcaru,[oi.ing)

= Xi(z)— Ionized fraction of hjdragev\
= T(z)—temperature of the IGM




A MODEL FOREGRKOUND

o A typical foreqround

n

In Trg =) a [In@w/y)]’
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o Where, all temperatures are in K, and
, L8 an ocrbi&rar:j reference {requ@\tv,
which is chosen to lie in the middle of
our band.

o The foreground parameters
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Extracting the
HI 21cm Grlobal signal




Basic architecture of the network

Output
parameters

La fers i the nekwork

Ou,E ;1 o The ANN constructs

functions, which
associates the thu& with
the oukpu& daka.

The basic neural
network model is
described bj a series of
functional
transformations



The Etraining algorikthm

Weights

o Each neuron in the EMF:u,E Lajer Ls 5 / B
1aS€CS

connected to the next layer and a a — D% 4w
weight and a bias is associated with ! Z ‘//
the connection,

Input

o The thu,& to each neuron in the

hidden layer is a linear combination| [ n2 % o This is then activated bfj

of all such possible connections. a suitable activation
function, h().

l Output

M Z; = h(aj)
2 2
Sl i
=1 \ Activation
N lnpm()utput S S | | guhﬁ&iow
1u\1 l 1 o The inpul to the neurons in this layer is [Gaiskic
2o W22 gk o " again a combination of all the 2’5 from #/ o(a) = 3 _&.
) W ammmdll  the previous step. / StgMakey —a)

/ _: o o Usually the oubput is not activaked bf? any o These are the ou&pu&s of
: NO Activation activation function, and we qget the the neurons in the
outputs from each ou&gu& neurown, l hidden layer.

~M function

Ksronevsoss

A neuron in the Output layer, &




The Etraining algorithm
conkinued

Two more steps are tvolved - An error/cost function is
n this process. Compuﬁe.ci at the end of one
feed-forward process.

) OF‘&LM&LQELOV\

N
\/ 1 (Ypred _YOri)z
o B&tk’“?\"o PO\SQ&&OV\ Ntrain Yori

- The idea is ko minimise this error
function by assigning suitable
weights and biases at every step
(Opﬁmi,aihg the weight and bias
Parame&ars).

R process repeo&eo& Eill Ehe
error function is minimum, (This

Choudh tal (2018 ¥
oudhury et al ( ) is called bo\twﬂpropo\gaﬁwm)



Flowchart

Signal Tanh
parameters parametrisation

Predicted parameters

OUTPUT

Signal

ARES

Trained
ANN

INPUT

Training the network

Signal +foreground +
noise

Foregrounds

Prediction Data-set

Training Data-set




Building the training dataset

We need ko simulate

o A model 2lem signal
o A wmodel foreqround

o Add effect of the
tsktrument response,
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A Inskrument wmodel

-~  We have considered

Ewo very s&myi& models /
for the instrument,

Antenina . — co+ aisin(wyv + p1)

-  The inskrument
resyons& LS givev\ bv:
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TQ‘fLECEEOM co + c1sin(w1iv + p1) + casin(wav + p1)
coefficient 80 100
v, Frequency(MHz)
DARE Radiometer calibration, R.Bradley, 2012] 11 Choudhury ot al.2019 (in

review)




The braining dataset, for the perfec&
tnstrument

21cm Global signal for training Input signal for training

Total signal fed
as tnput for
Eraiining process,
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Frequency(MHz)

Tiot = T21 + Tra

— The training dataset is constructed and the
nebtworlke is brained,

- We choose the optimum number of neutrons in
the hidden layer and the number of iterations,
till the error function is mininmum,

-~ The networlke is tested and validated

12



The btraining dataset, when
modified bv a nskrument model

Ttot = (T21 + TF(;) * G(V)sim Tiot = (T21 =+ TFG) * G(V)mod
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Case 1: Perfect Insktrument

Reconstructed Signal for perfect instrument

—— Nt=100hr
Nt=500hr
—— Nt=1000hr

—— Nt=100hr
Nt=500hr
~ Nt=1000hr

100
Frequency, v (MHz)
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o A khowh E.Mpu& sighal, alowng
with foreground and noise is
fed into the networlk, for
different observation periods.

o The sighal Farame&e_rs are
estimated and the signal is
reconskructed

o Note bhat the reconstructed
signal is very close to the
original Lntm,& stghal

o The residual signal is the
difference

res = (121)org — (121)recon
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RMSE=0.0245

RMSE=0.0216

Training KMSEs

o A set of 90 test
For a perfect instrument daka is balken and
Ny = 1000 hr is fed inko the
nektwork

RMSE=0.0278 RMSE=0.0194 s o The OTE,SEV\O\L vs the
| c predicted values

of the parameters

are showwn i this

RMSE=0.02093

Lot for the
FQT’{’F@C& tstrument

| RMSE=0,0207 § RMSE=0,0230

Case,

o RMSE values are
noked.,

Ornginal input values

Choudhury, M et al. 2018



Tabulating the RMSE'

Parameters Perfect

Fixed(1sine) Varying(lsine) Fixed(2sine)  Varying(2sine)

Instrument Instrument Instrument Instrument Instrument

0.0245
0.0209
0.0230
0.0207
0.0216
0.0194
0.0278

0.0705
0.0575
0.0668
0.0709
0.0550
0.0650
0.0739

0.0702
0.0581
0.0599
0.0684
0.0730
0.0840
0.0809

0.0616
0.0502
0.0531
0.0614
0.0607
0.0535
0.0556

0.0642
0.0765
0.0794
0.0796
0.0672
0.0642
0.0784

RMSE increases with
more complexity of the
dataset, but is still
considerably small.
In other words, we get

very good prediction of

Choudhury et al, 2019 (under review)

the parameters.
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UM*FQramaErizeci models

{_star
{ esc
N_Lon
N_Lws

The ARES code
Falkees in values

of the IGM
pamma&ers.
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Choudhury, M. et al. (in prep)



Unparametrized signal
from

Signal Foregrounds

Training the network

Model saved.
Network readv to use.

Input Output
Unknown Signal Predicted signal &
+foreoround + noise foreground parameters

20
—— Original signal
Predicted signal

—20 1

—40 4

Brightness temp (mK)

7\

3.81052237488
0.030428869624
0.520263919378
2666.66666667
7888.88888889
3.13011351051
-2.53626586951
-0.080900797364
0.0288739941525

3.60149
0.0254143
0.523806
2568.52
7771.27
3.05784
-2.53478
-0.0810238
0.0288333

5.48566763258 |
16.4795310371 |
0.680761894243 |
3.68036193848 |
1.49093103543 |
2.30911535152 |
0.058461717634 |
9.152001254055 |
0.140866511004 |

84-99%
accuracy!




Recent detection from EDGES experiment

Age of the Universe (Myr)

0 a0 20 %0 We now want to
include such models
as well in our training
seks

<

Variation of Brightness temperature with Redshift

Brightness temperature, T,

20

Redshift, z UMQXPQtEﬁdLj =
large
Models from : QbSC}'{'P&LOM
Chatterjee, Dayal, Roy Choudhury and Hutter (2019) diF

24 22 20 18 16 14 12 10 8
Redshift (z)

Tr(V) ~ ag (V/V)™*° + ay (v/v)7**log(v/ve) + az (v/ve)™**[log(v/v)]* +

as (U/Uc)_4'5 T ay (U/Uc)_z - (2)

Foregrounds from EDGES results Choudhury, M. et al. (in prep)
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Models with excess radio backgrounds

The flux from high z sources is converted into a radio brightness temperature Tr,
resulting in a total background temperature given by: Ty(Z) — TR(Z) + TCMB(Z)

¢ In each panel the black curve shows the EDGES
result. The grey lines in each panel show models
that satisfy the ARCADE-2 limits and where the
signal is limited to z ~-> 14.

5 keV WDM

e The red lines show models consistent with the
EDGES result, both in terms of the redshift range of
the signal as well as its amplitude (6Tb =
-500+75mK).

¢ As shown, the inclusion of an excess radio
background results in free parameter combinations
(fR and fX,h) yielding results in agreement with the
EDGES data for the CDM and 5 keV WDM models.

3500

WDM 5 keV
3000 1o

200

o
2500 a
300

e The dark-shaded areas show parameter
combinations that, additionally, match the
brightness temperature measured by y \£00 ;

EDGES (-500 = 75mK). - d 3 000

-
1000 1% 700
.

- 2000 100

- . -
e o 500

800
500
900

2000 1000 6000 R000 10000 200000 400000 600000 800000 1000
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Ref: Chatterjee et al 2019
In this work, the authors have ruled out the 3keV WDM models using EDGES data



New Eraining dataset

21cm Signals using traditional models 21cm Signals using new models

20 30 30
Redshift, z Redshift, z

21cm Signals in the training dataset

0 ‘ — J—

60
Frequency(MHz)

Choudhury, M. et al. (in prep)



Resullts - work in progress

Predicted
parameters
7 = 0.003
fose = 0.002
fXh = 0.002
fR = (.35¢4
—— Reconstructed
EDGEStprec;iction Na = 9023

EDGES DATA AS INPUT, WHEN TRAINED WITH ONLY EXOTIC MODELS + FOREGROUNDS (AS IN
BOWMAN2018)



Results - work in progress

Predicted
parameters
fxr=16.24
7 = 0.006
fose = 0.139
fXh=0.3

N, = 9728

S fo = led

EDGES DATA AS INPUT, WHEN TRAINED WITH ALL MODELS + FOREGROUNDS (AS IN
BOWMAN?2018)



Predicted Values using ANN

Parameter :fesc

0.025

0.050
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Original Input Values

Parameter :fR*1e-4
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0.50 0.75 1.00
Original Input Values

Parameter :N_alpha

1.25

1.50

800000 A

600000 A

400000 A

200000 A

200000

400000 600000
Original Input Values

800000

Predicted Values using ANN

Predicted Values using ANN

Predicted Values using ANN

Parameter :fstar

0.010

0.015 0.020 0.025
Original Input Values

Parameter :fXh

0.030

0.035

15 20 25
original Input Values

Parameter :fX

*

0.05

0.10

0.15 0.20 0.25
Original Input Values

PREDICTIONS
ITH RMSES AS :

fx — 0.35

fr — 0.26
foie = 0.40
fXh — 042
N, — 0.38

fo — 0.36




Extracting the
HI 2lem Power Sp@.a‘%ra




Flowchart

Power Spectrum Detection — Using ANN

Random values
of parameters
within a given

range

¢ € (10.0, 80.0)
Toir € (103,10°)
R fp € (2.0, 55.0)

k-range: 0.025,4.96
21 bins

21cmFAST

Foregrounds

(to be added)

Train the network

Output from ANN
model

/

Predicted parameters \

Reconstruct the 21cm PS

—>

Model
saved.
network

ready to use

Input to ANN model
Input PS+ noise

Choudhury et al. (in prep, Il)




Reconstruction of 2lem Power spectra
without any foregrounds

— original
reconstructed

ML | T T | L B B L B |
10~1 10°

k

| Non | Rmfp | Mmin .

errori=30-40 % Tor the signal
roina L © parameters

31.65 | 11.1%8




Reconstruction of 2lem Power spectra
in presence of foregrounds

— original
reconstructed

Nion Rmfp M_min
Original 30 45 5.435¢e9
Predicted 53.2 52.6 8.6e9

Work in progress - further optimization of the network is underway



Koopmans 2018

L

GWB

GSB

Working antennas
Central Frequency
Bandwidth

Visibility integration time
Number of Channels
Total Observation time

25
400 MHz
200 MHz

2 sec
8192
25 hours

25
325MHz
32MHz
¥ sec
012
25 hours

Project code

O bservation date

32 120
5,6, 7T May 2017
27 June 2017

Bandwidth
Frequency range
Channels
Integration time
Correlations

Total on-source time

Working antennas

200 MH=
300-500 MH=
2192

2s

ER RL LR LL
13 h (ELAIS N1)
26

Pointing centres

1373108 430930325 (3C286)
157497 17% 4+50938™05% (J15494+506)
167 10015 +54930 365 (ELAIS N1)
0172377415 433409355 (3(C48)
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RMS ~ 15uJy/beam

Dynamic range ~ 18,000




Foreground Power Spectra- Taper Grided Estimator

Direction Dependent Calibration Direction Independent Calibration
| . I . L B |
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Data = point source + DGSE + artefacts After subtraction of point source model :
Data = DGSE + residual point sources + artefacts

Chakraborty, A. et al. (2019a)




Euclidian-normalized differentiaol source counts

| i lllllll | ! IIIIIU' 1 ' lIlllll llll]ll

— Wilman et al. 2008 - All
Wilman et al. 2008 - SFG
Wilman et al. 2008 -RQQ
Wilman et al. 2008 - AGN
325 MHz, Sirothia et al. 2009
610 MHz, Garn et al. 2008
This work
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Spectral Behaviour of Foreground

: 20x
0 ’
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I
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9o =— 4.8 + 0.4
()
325 350 375 400 425 450 45 Xr(.;(] . 03

Frequency (MHz)

Chakraborty, A. et al. (2019b)



Conclusions

© ANN as an alternate to the Bayesian Framework for 2lem signal
exkraction,

& Preliminary Results shows agreement with EDGES resulks

® Foregrounds can be interesting as well !



