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Search for Dark Matter

Collider

h

Direct detection

Indirect detection
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Search for Dark Matter

® DM annihilates or decays
into SM particles in

DM annihilation
or decay

Collider galaxy
DM SM | e Detect resulting cosmic

rays on Earth with
AMS-02, Fermi LAT,
H.E.S.S., ...

Direct detection

SM
® | ook for excess over

background

Indirect detection

® Promising targets:
antinuclei
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Antinuclei as a Promising Signature
Antiprotons Antideuterons

® Predicted antiproton flux can be
constrained with AMS-02

measurements
B I I L I I I I I LI I I I I I LI I I I I I LI I_
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Antinuclei as a Promising Signature

Antiprotons Antideuterons

T P R AR R RE R i
- bb j

——- um A
o2 WTW— ’7 L

10—27 vy +

model: QUAINT

10_28-_ | | IIIIIII | | IIIIIII | | IIIII?
107 102 103 104

Dark Matter Mass m,, [GeV]
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Antinuclei as a Promising Signature

Antiprotons Antideuterons
T ST o Teed T T P .
bb j ® Flux peaks at low energies where
= A- secondary flux is strongl
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Coalescence
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Coalescence
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Propagation £
| Galprop, Dré‘léh',i;. ‘
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Propagation i

Galprop, Dragon,
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Propagation Setups

® lJse dlffu sion break an d Source spectrum Diffusion coefficient
injection break models 4 21
o
i
® Used Galprop for - 72 5h
computation - Do} 518--1-) 0
® |n total: 10 to 12 R R;),o R;m R
arameters 0 to be
P prop Source spectrum Diffusion coefficient
fitted to data . 5
DA A

— marginalizing over 0,

to obtain limit on {(ov)
becomes very expensive

INJ.BRK
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Convection +

Reacceleration
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>l /



Obtaining Limits on (ov)

e Limits on (oVv) exist, computed with fixed annihilation spectra and
likelihood only for pure annihilation channels like bb, WTW—, ...
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Obtaining Limits on (ov)

e Limits on (oVv) exist, computed with fixed annihilation spectra and
likelihood only for pure annihilation channels like bb, WTW—, ...

e Quick computation of propagated p and d flux for fixed annihilation
channels can be done with DARKRAYNET (based on recurrent neural networks)

! e Relative error 6(107%)

g 103

= ® Computes marginalized flux
(O(10%) fluxes) in O(15s)

instead of hours

Y e Compute p limit on (oV)

ttps://github.com : _

kathrinnp/DarkRayNet yOurself or See.nf AMS 92/
GAPS are sensitive to d flux
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https://github.com/kathrinnp/DarkRayNet
https://github.com/kathrinnp/DarkRayNet

Limitations

mmm S S S Ygy Usu S ST 5 P mm SS >S9

mg =1TeV, my4 = 200 GeV
o o ol o o 102:' — —
® No limits on non-standard annihilation :

- Ysu=0>
: : - X=p
spectra, for example mixed final states _
o o o > ;
or cascade annihilations: s
S -
One-step cascade One-step cascade =
annihilation semi-annihilation b
SM NLum“ 10~
DM L DM OM :
\ z;x‘v“& oM \ - .
107" 1 10 10° 10
/ O"“% o / Oj@% o E; [GeV]
DM DM
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Limitations

mmm S S S Ygy Usu S ST 5 P mm SS >S9

mg =1TeV, my4 = 200 GeV
.. o er e 102 —— e
® No limits on non-standard annihilation  Usu=b
. . - X=p
spectra, for example mixed final states ol
o o o > ;
or cascade annihilations: &
S :
One-step cascade One-step cascade =
annihilation semi-annihilation N
SM w10
DM L DM oM
\ e;@“& oM \ - .
é/ @/ 10—2.. N & AR L i L i L .Lms
107" 1 10 102 10
/ %@% SM / %@% SM E D [GeV ]
DM T DM T
SM SM

® Theoretical uncertainties in different event generators and in coalescence
mechanism of d production can’t be investigated quickly
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Limitations

mmm S S S Ygy Usu SS* > po mm SS >S9
mg =1TeV, my4 = 200 GeV
. e e 102 6
® No limits on non-standard annihilation - Ysu=1b
. . - X=p _—
spectra, for example mixed final states ]
oy et e S
or cascade annihilations: 8
LTIJQ
One-step cascade One-step cascade S
annihilation semi-annihilation N
SM Nmm
DM L DM oM
\ 6@@ oM \
o o
10°
/ %@% SM / Oj@% M E5 [GeV ]
DM T DM T
SM SM

® Theoretical uncertainties in different event generators and in coalescence
mechanism of d production can’t be investigated quickly

— Every new injection spectrum requires a new propagation calculation
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Spectrum-Agnostic Emulator
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Spectrum-Agnostic Emulator

P injection spectra P\

y /[T AN
from PPPC tables HRMNEEER

///’—f 105

107" 42

Train

10_2€

I, |
= % 10_3'2

10_4?
107°
10_6 ! LI | ! LI | ! LI | ! ! 'J"‘ Ll ] ! LI | ! L
1073 1072 101 109 101 102 103
T in GeV

_ Orrop Y
Both for INJ.BRK and
DIFF.BRK models
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Network Architecture — AN

p1Op
- y, - dE y,

® Use FiLM (Feature-wise Linear
Modulation) layer to condition spectrum

representation by scaling and shifting it  ( parameter
encoder

® Update architecture to state-of-the-art
transformer with information exchange 1

through self-attention - -
; Spectrum
FiLM layer
g . encoder

1

Transformer
4 )
® prediction
\_ Y,
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Network Architecture — AN

p1Op
- y, - dE y,

® Use FiLM (Feature-wise Linear 1

Modulation) layer to condition spectrum

representation by scaling and shifting it  ( parameter
encoder

® Update architecture to state-of-the-art 1

transformer with information exchange

through self-attention - -
| : Spectrum
kol FILM layer J_> d
e Add /_\_ St el g | Saceey
superposition of

True prop. 1
True prop. 2

10—()’ 1

different
Injection spectra L Transformer
to training set ~ ~
® prediction
\_ _/
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Network Performance (Antiprotons + DIFF.BRK)
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Network Performance (Antiprotons + DIFF.BRK)
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Network Performance (Antiprotons + DIFF.BRK)
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e Computes 1000 fluxes in O(1s) instead of O(10s) for one flux with Galprop
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Application to Non-Standard Spectra

® Apply emulator to one-step cascade
(semi-)annihilation injection spectra for
best-fit propagation parameters (flux
has not been computed in 2604.21976)

mm S S™ = Ysy Usu

AN{]]

10%¢

S ST S 00

ms =1TeV, my4 = 200 GeV

mm SS o S @

wSM:b
- X=p i
~ 105 .
| :
O - :
5 ?
=
T~ 1; .
ZIQ - ]
~ B :
o i |
NLTJIQ 10_1§ :
10—2|| Y /W TR L1111l S '“‘—‘—‘-
107" 1 10 102 10°
E; [GeV]

Preliminary



Preliminary

Application to Non-Standard Spectra

-=«+  Prediction YY
® Apply emulator to one-step cascade | - pedton o0
(semi-)annihilation injection spectra for
best-fit propagation parameters (flux _
has not been computed in 2604.21976) &
S S* o Uy Ysy  wmm SS 5 ¢d mmmSS oSt ‘?‘; ‘
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Preliminary

Application to Non-Standard Spectra

* Apply emulator to one-step cascade i - pedton o0
(semi-)annihilation injection spectra for J——
best-fit propagation parameters (flux _ o
has not been computed in 2604.21976) & .

S S* S Ygy Usy wmm SS* S dd  wmmSS > S* ‘T‘; -
mS=’ITeV, m¢=200 GeV S 1078 1
- Ysu =D S, .
: X:p e‘°~ 10-9-5..:
> 10¢ W
o to70 4.
LTlJQ‘
i 1 1011
Z|Q~
N
W 1001 | e T w ww
: Kin. Energy E [GeV]
|- — Possible to also compute
O I C T
107" 1 10 102 103

marginalized flux in seconds
E; [GeV]
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Conclusions

® Indirect detection can place strong bounds on (ov), limits usually published
for annihilation into pair of SM particles

® Numerical propagation becomes expensive when exploring non-standard
injection spectra for many propagation parameters

® Developed a spectrum-agnostic neural-network emulator that predicts p
(and soon also d) flux for arbitrary DM annihilation injection spectra

e Speed-up of G(10%) with precision of ©(10%)

® Used emulator to predict flux for one-step cascade (semi-)annihilation
injection spectra which can be used to compute limits on (oV)
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Conclusions

® Indirect detection can place strong bounds on (ov), limits usually published
for annihilation into pair of SM particles

® Numerical propagation becomes expensive when exploring non-standard
injection spectra for many propagation parameters

® Developed a spectrum-agnostic neural-network emulator that predicts p
(and soon also d) flux for arbitrary DM annihilation injection spectra

e Speed-up of G(10%) with precision of ©(10%)

® Used emulator to predict flux for one-step cascade (semi-)annihilation
injection spectra which can be used to compute limits on (oV)
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Antideuteron Production

® Coalescence momentum p,
determined from experiment
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Antideuteron Production

Number of d per Z-decay in LEP

—— LEP
== p.=210 MeV

| —— Pythia

k.
it [ k; — k| < p. 7
10—5_
k— CZ — k— + l_?
6 x107°
® Coalescence momentum p,, &
determined from experiment 4+ 10-6.
® Match number of antideuterons o
from simulated hadronic Z-decays
to amount measured by LEP Y0

140

® Spatial separation smaller than 2 fm

SKIT
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Propagation parameters

AN{]]

03/09/26

Parameters Priors DIFF.BRK INJ.BRK
Y1 1.2 -2.1 (X V)
o 1.2 - 2.1 (X V)
V2. 2.1 -26 & @
Yo 2.1 —2.6 V) V)
Ry [GV] 1.0 — 20 (X V)
s 0.1 -0.7 (X v,
Dy [10%® cm?/s] 0.5 —10.0 V) V)
5 ~1.0 - 0.5 & (X
5 0.3 —0.7 v, v,
A, —0.2 - 0.0 V) &
Rpo |GV] 1.0 —20.0 Q Q
Sp 0.1 -0.9 & (X
Rp,1 [10°] 100 — 500 v, v,
va [km/s] 0 — 30 (%) &
vo.c [km/s] 0 - 60 V) V)

Lena Rathmann - Learning the Propagation of CRs from DM with NNs
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Network Architecture DarkRayNet

Input: B

Pre-processing Pre-processing Pre-processing Pre-processing

Dense Layers:
2 X 8 nodes

Dense Layer:
2 X 8 nodes

Dense Layer: Dense Layers:
2 x (10 or 12) nodes 2 x 8 nodes

Concatenate

Dense Layer: 80 Nodes, relu activation

Recurrent layer:
GRU with 80 nodes, tanh activation

Output: Scaled logarithmic cosmic ray flux

AN{]]



DarkRayNet

® Recurrent Neural Networks (RNN) use output of particular layer as input of
the same layer — can account for correlations between energy bins

e Relative error of network @(10_2)

Output
—’ v
—> * Hidden Layer
—> Output
Input
Hidden Input
Layer
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DarkRayNet

® Recurrent Neural Networks (RNN) use output of particular layer as input of
the same layer — can account for correlations between energy bins

e Relative error of network @(10_2)

Network available in

Output
— v
— * Hidden Layer
—> Output
Input | https://github.com/
Hidden Input kathrinnp/DarkRayNet
Layer
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https://github.com/kathrinnp/DarkRayNet
https://github.com/kathrinnp/DarkRayNet

Upper Limit on (ov)

® Upper limit using antiprotons and the DarkRayNet to marginalize over
propagation parameters
DIFF.BRK INJ.BRK

107 g
B 8
1072 S !
o0 0
|
mm 1 m——_ 5 .
g- 10 - ..-E--=-.=--'=:E:!E!Ei:§= 4 I>|<
o B
L 3
10 —27 49
=11
—28
10 101 102 103 .

™TMpM [GGV] ™TMpM [GGV]
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erformance DarkRayNet Antiprotons
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I Relative AMS-02 Uncertainties 1o - region
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<

-)

@)
I

00051

0.00 = st (.00

= - = _

—0-05 L it - | —0.005 50 GeV < mpn < 500 GeV |

Pred, DM—Ptrue, DM
(I)true, total

lo - region

0.10 . 0.010

0.05 - [Trrit e, _— 0.005 -

0.00 19 —_e L1 0000 —

—0.09 - {110 B | —0.0051 550 cev < Mo < 5 TeV

lo - region

W W W W
E [GeV]
ﬂ(IT 03/09/26 Lena Rathmann - Learning the Propagation of CRs from DM with NNs




Performance DarkRayNet Antideuterons

DIFF.BRK model INJ.BRK model

—— Median

0.02- --== 68 ’}“ 0.02-

0 20 A0 60 * 0 20 A0 60
Bin Bin

e Relative difference of most transformed fluxes at most 6 X 10~

e Translates to relative error of ©®(107?) in the actual flux

AN{]]



Prediction of Antineutron Sensitivity

* Generate fluxes for set of propagation parameters {6

posterior of p, p and He fit

® Apply force-field approximation to account for solar modulation

10_4?

®; [(GeV/nue) ! em ™2 s sl
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10_5€
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Y
10 - MpM = 10 GeV //

| === Background
7 B0 GAPS

10~

E.f

TV —

rop,1

} sampled from

AMS-02

- oy
- s

10—
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Prediction of Antineutron Sensitivity

* Generate fluxes for set of propagation parameters {6, ;} sampled from

posterior of p, p and He fit

rop,1

® Apply force-field approximation to account for solar modulation

1074 3
® Marginalize over {0, ;}: .
Z DM (Gprop,is Xom) G
Z,(I)- —_— N 1076
i Al P ) -
<(I) _> _ prop,i =
— — -7
d z Z" M Oprop.is XDM) — 10
- _
. =
! Sf(eprop,i) § 10 8-5 — iy = 10 GeV »7
b | === Backeround
. <(I)J> = 10795 Gchi h
® Calculate sensitivity factor: SF o e
(I)exp ool
' 101 10° 10!
FE /nuc |GeV]
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Propagation Network Performance INJ.BRK
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