TeV Particle Astroparticle 2021 // 29.10.2021 Insttutefor

Theoretical
Particle Physics
and Cosmology

Constraining Dark Matte
Annihilation with Cosmic Ra

Antiprotons using Neural Networks
ArXiv:2107.12395




29.10.2021

| Indirect DM Searches

AMS-02 Measurement
— Phys. Rept. 894 (2021) 1-116.
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See [1610.03071], [1610.03840], [1712.00002], [1903.02549], [19003.01472]
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26102021 Antiprotons at AMS-02 for
| Indirect DM Searches
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Model Parameters Dark Matter Cosmic Ray Profiled
Annihilation Propagation Parameters
m Z D )
DM g 0 CDSolar modulation, AMS-02
v % R (Force Field Approximation:
{OV)ann a 070 Astrophys. ) 206 (1976) 333. 340
XX —4qq. ¢c, bb, 11, ® "1 Vs s
WTW~—,ZZ, gg.hh p.AMS-02
"1p T2p
Simulation Y e Computationally O(10°) cpu hours scan for
ANRERAN expensive! this number of parameters
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(Astrophys. J. 537 (2000) 763-784)
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1. Artificial Neural Network
Development

OUtI i ne Training set

Architecture & training
Validation
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2. Application to ID Analysis
Marginalization using importance

o sampling
° g /\a Constraining yy—bb

Constraining scalar singlet DM
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3.  Conclusion


https://github.com/kathrinnp/DarkRayNet
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Dark Matter
Annihilation

WIMP, 5 GeV - 5 TeV
Injection spectra

following "PPPC4DMID"
[1012.4515]

Choose branching
fractions randomly

Cosmic Ray
Propagation

MultiNest fit to AMS-02
data (@assuming no DM)

—Understand relevant
parameter space

see e.g. [1003.01472]
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Extensive training set
based on physical reasoning

Goal: Neural network is suited to well
represent relevant parameter space
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Training

DMNet

Input: Propagation Input: Dark Matter
parameters Mass

Pre-processing Pre-processing

Densely Layer: Dense Layer:
11 nodes 8 nodes

Architecture &

Input: Dark Matter
Branching fractions

Dense Layer:
8 nodes

Concatenate

Dense Layer: 40 Nodes

Recurrent layer:
GRU with 40 nodes, tanh activation

Output: Scaled logarithmic cosmic ray flux

sNet

Input: Propagation parameters

Pre-processing

Set of dense layers

Recurrent layer:
LSTM with 100 units, tanh activation

Output: Scaled logarithmic cosmic ray
flux

o gmes | RNNTHAACHEN
TI'KM:;.:;F;‘ UNIVERSITY

Inputs normalized

Outputs scaled with

‘i’DM(I) = log (m?f)M T ‘I’(E))

O (E) = logy (CD(E) EN)
Recurrent layer used

to learn smooth
spectrum

Exact input to output
mapping



29.10.2021

Validation

e ) Direct Comparison of Spectra
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Differences between network predictions and simulations of spectra
sufficiently small compared to measurement uncertainties
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| Comparison of y2
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x> distributions agree for individual DM models and large sample of propagation parameter points



29.10.2021 Marginalization using
| Importance Sampling

30 Marginalized E
h mpy = 100 GeV :
E(XDM) = /E(XDMv eprop)p(eprop)deprop Y i
Importance 10 ;
sampling N p(6;) W :
i X 0 ) 0 A
see eg. L(xpm) ~ iz £ DM’O i) g Posterior ) i
12102.05407] S, 2 probability ;
in absence of -2 !
p(0:)/q(0;) o< 1/Lo(6;) DM signal . 5
2 —21 10-2 0= 10’;” brers
X ) Og ﬁ ZN 1 eXp (_ AX2 (XDM»ODTOP) ) Fixed propagation parameters :
1= 2 30 = 1T1u eV :
Ax*(xpm) = —2log < 25y - X o - 170 :
> i1 €XP (XO > ) 21 Gatpor i
ol 95% upper bound based on NN i
Resulting %oV distribution 5 0 :
(before and after marginalization) o i
—-20 i
. -30 i
Calculation of 95% CL upper bounds on {(ov) :
10728 10727 10726 107‘25

(ov) [em® 571
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Resulting Ay? distribution for m,, - {ov)parameter space + 95% CL exclusion bounds

Best fit value

(without DM)
_\ 103

Marginalised
=== 95% CL upper bound

Fixed Propagation parameters
=== 95% CL upper bound

10724 1072 10
0
1625 10-2 10!
T T -10
n w
) o ~
10 10 0 X
= o —20
s g
=~ 10—27 | =~ 10—27 10—1
30
1072 10-28 10-2
10°3

10! 102 10° 10! 10? 10°
mpmM [GGV] mpmM [GGV]

Preference for DM with masses in the range of ~ 50-250 GeV
Marginalisation leads to relaxed exclusion bounds
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w0z | CONStraining
| xx—bb

107 5 95 % CL upper bounds
___ Thermal annihilation Marginalised over
cross section propagation parameters
Fixed propagation model Profiling over
10724 4 propagation parameters

10727 i

10! 102 103
mMpwMm [GGV]

- Differences between bounds are

result of the respective methods

- Significant speed-up achieved by

implementing ANN
individual data points: > O (103)
marginalization: O (103)
profiling: O (10°)

Profiling over propagation

parameters:
e MultiNest fit based on NN
spectra

e Need to ensure no
convergence towards untrained
parameter regions
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Constraining
| Scalar Singlet Dark Matter

LS 10,50"S—m?  S?—InsS1— I\, SPHTH
— see e.g. [hep-ph/0011335]
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-== 95% CL upper bound
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Neural network approach well suited for models with rich branching fraction structure
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e Replace GALPROP with Neural

Network in indirect DM analysis
Based on AMS-02 antiproton
measurement
Physically motivated training set
Recurrent network well suited

Co n C I u S i O n S Multiple checks of network accuracy

e Constrain yy—bb and SSDM
Use advantage of previous fit of CR
propagation for importance sampling
Speed up of two to three orders of

magnitude
Network and method can be applied to
further models
RAY & o
NE! fe e Future Direction:
Bayesian Neural Network
github.com/kathrinnp/DarkRayNet Include different models for CR

propagation


https://github.com/kathrinnp/DarkRayNet
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Backup:
| Scaling of DM Spectra

a::E/mDM
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Kathrin Nippel
Input: Propagation
parameters

B a c ku p : Pre-processing
Neural el
Network

DMNet sNet K == |

Input: Dark Matter

Mass Input: Propagation parameters

Pre-processing Pre-processing

Dense Layer:

8 nodes Set of dense layers

Hyperparameters

GRU with 40 nodes, tanh activation

Output: Scaled logarithmic cosmic ray flux

Concatenate

Dense Layer: 40 Nodes

Recurrent layer: Recurrent layer:

LSTM with 100 units, tanh activation

Output: Scaled logarithmic cosmic ray
flux

Hyperparameters

Activation
Dropout fraction
Optimizer

Loss

Batch size
Validation split
Early stopping

ReLU

0.1%

Adam, learning rate scheduling I € [1072,107°], patience 10 epochs
Mean squared error (MSE)

500

20 %

Monitor val. loss, patience = 40
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Backup
| Recurrent Neural Networks

29.10.2021

|dea:

o Neural Network with connections with nodes
e  Optimization: ‘Back propagation through time'
e  Sequence processing

Basic Concept:

® .@@
AP =

| i . i A |ﬁf
x) WR br
hy = f(hi-1,2) C j
= g, @1, @, .., )

| "

recursive formula

W2, b2

hy = tanh(Wha_1 + Wiaxs + bR)
Y= O'(Wgh + bz)

Variations:

LSTM:

v

C - cell state
h - hidden / normal state

GRU:

htT
hfr—lr X \ :

A |

h
f - forget gate
i - input gate

o - output gate

d
I

Update Gate:

2z = 0(Wohi—1 4+ U.xy)
Reset gate:

e =0(W,hi—1 + U,y)
Hidden state:

he = tanh(ry Wyhi—1 + Upxy)

he = (1= z)h4—1 + zehy
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Mean Squared Error

29.10.2021 Bac kup:
| Loss Curves
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| Zoomed-in Spectra Validation
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Proton and Helium Network
10 i '___,-—-""'“—_‘““'“"‘——-—------=.=_ - Propagation parameters: emwmmemmmmossrace s raznd Propagation parameters:
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SRUE giiiﬁgi p fux 55 —— GALPROP He flux ~— % = 447 kpa
—_— proton component Profiled parameters: —_ v ~—
5 —— GALPROP deuterium component GALPRO]FI;:u e 5 / GALPROP °He component = — Profiled parameters:
R - pams—oz2 = 0.25 GV ?ﬂ /" —— GALPROP *He component GALPROP:
" ANN p flux Anvis_op = 118 / ANN He flux pams—o2 = 0.29 GV
S ANN proton component \ ANN & b4 R N Apvs—o2 = 1.23
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I AMS-02 p measurement Aans—o2 = 1.18 / === ANN *He component pams—o02 = 0.29 GV
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