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N Rare Event Simulations
Finding a needle in a “Rare Evewnks across ‘ijsi,cs”
hajsﬁacm“ o
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/ Examples:

e Direct detection of WIMP dark matter
<O(1) events/(30 kg years)

Congratulations!
‘(\ Took 50% OV\,Lg
‘ 1000 CPUN

* Neutrinoless double beta decay (Ovbb)
<0(1) events/(500 kg year)

* Neutrino coherent scattering (CEVNS)
~0(1) events/(10 kg years)

* Binary Black Hole Mergers

Every field has a needle — only the
ho\vs%a\tw changes.




Rare Event Simulations in Fundamental Physics

Finding a needle in a

h&js Facle...

1013 -

Number of simulated primary events, N

Number of simulated primary events vs. Statistical Error

Scaling Rare-Event Simulations: The Compute
Bottleneck

- 1% precision = 10°-1012 events per configuration

1011 -

107 -

105 .

- Large search space (optimization, inference,...):

peinduced n in XL2D =» 108-1075 total events
PISN in Rubin
Kilonova in Rubin 1 012
misreconstructed y's @Qpg in XLZD  0.001-1 CPU'SeC/event
nC on ’°Ge in LEGEND-1000
Isolated BBH merger = useful event cost 103-1012 CPU-sec

= using 100 cores: 10-3-10-10 rare events per

hour
6 -
10  Traditional workflows become compute-bound and
too slow to iterate
- Surrogate models are required to
160 8'0 6'0 4b Zb 6 . . .
Error on signal rate [%] ( » cut simulation cost by orders of magnitude
o | « enable fast optimization and inference at scale
1% error P




n e %+ O
..n__\iip\ AL Example: Bayesian Inference and Ov33 decay

Experimental goal is to measure mono-energetic peak at Qoo Experimental sensitivity:
0vpp: (AZ) > (A, Z+2)+ 2e background (Bl) > 1:
Lepton number violatiM M
Ov X’
1775 xe-a-
1 n 1/2 BI - AE
2oF — 2vpp e-
o — OVBB (BR. = 10 n
0'85— HPGe resolution .
2 0'75_ \k /':_;: 2v8B (102! yr) Go COSI»llogCI]iCS
g Z:E fo 10~2 260 away from 22:311 ::;/;212 LA
::3 S We are looking i nearest significant Total model  mmmm 0v33 (1028 yr)
g 04? for this tiny peak measure sum energy SpeCtrum Of < 1= background peak 0vBB Signal N ‘
o electrons E . |
o,é o ZVBB _’ Continuum BG budget
e e e s« QvBB — mono-energetic peak 10~ L ey - - - - -
@ QBB 10—6 [
107
BUt thiS signal iS buried under other backgrounds... 1800 1850 1900 1950 2000 2050 2100 2150 2200 2250 2300

Energy (keV)

— increase sensitivity by background reduction (Bl) at Qgg and simultaneous increase of mass (M) and improvement of the energy

resolution (AE)




%, pL#0
Y Background reduction for LEGEND-1000

Why do we have to reduce the

Ov3B decay - Experimental sensitivity cosmogenic background at LNGS?

M-t External v/n oo e
BI‘AE [ L1 | Ll 1,&- | L] | L1
- {1 107 10—° 1 10
cts / (keV kg yr)

Tlo/”Zocs-a-

Background index

) _ , Depth |"”™Ge background contribution
LE???DJ( 1/ﬁ03/|;a/Ckground goal: hecaten [km.w.e.] | (w/o new cuts*) [cts/keV/kg/yr]
<10-° Cls/kKe gryr
77mGe back d at LNGS: =B o :
e batrground 4 (Reference Site) 0 4.2x107 10
>10-° cts/keV/kg/yr
arXiv:2107.11462 LNGS 35 e
» (Alternative Site) ' 2.7%10
BUT: many opportunities to reduce and

aCtlvely suppress this baCkground * standard background rejection are applied
arXiv:1802.05040 which strongly supresses ’’Ge



https://arxiv.org/abs/2107.11462
https://arxiv.org/abs/1802.05040

e aL#0

Y

Cosmogenic background reduction

What options are there to reduce the impact of
cosmogenic background?

; :::::Lt:sonGeAisotope 1. Reduce the muon
flux — increase
overburden.

00000

N(Ge) =1
N(Ar) = 219

oooooo N(H) = 194

Water §ank

Etot = 3416232 MeV
e o, o

Cryostat

2. Reduce the
neutron flux
around the
detectors.

3. Tag the 77(mGe
production and

s apply a delayed

e coincidence cut.

Credits to M. Neuberger

dangerous 77(mGe
event

Reduce the neutron flux around the
detectors - /dea:

add neutron moderators to slow neutrons
down and increase their likelihood to be
captured by LAr instead of 76Ge.

(mean) neutron energy [eV]

"Ar(n,y)*Ar i, WY R
76Ge(n,y)77(m)Ge
(U ‘ - =
107’ 107 10°* 10 10

cross-section [barn]
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ML based design optimization for LEGEND
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" w e aL#0
P How to find the optimal design parameter?

: : : : turbine-like a geometry
« MC studies using a custom simulation modulel3] based on / — <

LEGEND-1000 and GERDA setupl8l implementation /

« Solid neutron moderator design: enclosing tube or turbine-like Rur! a few simulations at ‘ / @
structure different parameters \ I\ C

» 5 design parameters: Radius r, n Panels, Thickness d, Length L mass further out
and Ang|e 6 over larger area

« Each simulation run has 2 sets of parameters: no moderator enclosure turbine-like structure

. Fixed, global control parameters @ (e.g. detector design,
hyperparameter...)
 Event-wise, local nuisance parameters ¢ (e.g. initial ‘

conditions like particle energy, momentum,...) | ‘ @

= “High”-dimensional parameter spaces

= “High” computational cost of Geant4 MC
simulations (~200 CPUh)

= Traditional methods like grid searches are
impractical

7 | Ann-Kathrin Schutz ML based design optimization for LEGEND 09/23/2024



Rare Event Simulations & Rates (Compute Perspective)

Rare Event Probability
t(Hk, ¢i,k) small
« Each simulation run produces N binary outcomes (rare = 1, otherwise = 0).

discrete

* The Observed Rare Event Rate is

y:%ZXik«l

‘ >

X, ~ Bernoulli(p = (0, ;1))
and is dominated by statistical noise when N is small.

76) = E [0, $)]

evaluated for many configurations ©.
y K

Small N — high variance,
noise-dominated estimates

Goal: Estimate #(0) for many
values of 6

y = i Z e * The true quantity we need is the Expected Rare-Event Rate
N

 Challenge: Direct Monte Carlo estimation has high variance,
requiring massive N.




Why Brute-force Monte Carlo fails

N primaries Brute-force Monte Carlo estimate requires rerunning the
simulation many times:

* Rerun simulations for many different physical models

* Rerun simulations for many different parameter settings 6
(e.q., detector geometry, astrophysical hyperparameters,
material properties)

| Sinmulation §
| !

- * Rerun simulations for many different initial conditions ¢ (up

to tens of event-specific parameters)

e Rerun simulations to reduce statistical noise

Background? Rare Event? | _ | | | |
— This leads to an explosion in computational cost. Estimating

Rare Event rake? 1(6) becomes infeasible with brute-force simulation.




Experiment 1: Physics Design Optimization

| Why brute-force simulation is infeasible
e Ry  Extremely low signal rate: 10-6-10-5 captures per primary
* High variance: Each design point needs ~10” primaries to
stabilize estimates
| — > * Expensive HF run: ~185 CPUh per configuration, statistical
1 Sl ” | | - noise 5.2%
| | | T | * Large search space: 5D geometry — 100-1000 HF

evaluations
* Total cost: 10°-10° CPUh — far too slow for iterative design,

far beyond practical turnaround time for detector design

cycles.

Jaiianet

Most compute is spent generating irrelevant background — HF-
only optimization is not practical.

10 | Ann-Kathrin Schutz



Rare Event Surrogate Model (ReSUM)

LF Simulation G Conditional Neural Process
0, ¢ = 6
g 8 8.00 — _’ =~ Predict IF
oooooooo ’ = —> JYcne
0.4, [ 2 S h —| ~

o 2 eoe 0,61y
HF Simulation g\._’ \-j\T\

0, ) | ,

¢ |
O @0 O l - . h - Aggregate > HF
00 0Q§ — — YcNP
.o:) Oé) o Observe
0p 03 o —>

Oogoo % OOO > > yHF
O O Oop Garnelo et al., arXiv:1807.01613 (2018) raw
— Model Training --» Model Inference
1. Conditional Neutral Process ME"&SQ&Q skakiskical noise
discret continuous Purpose: Reduce variance in rare-event simulations
_ . Converts binary event outcomes into smooth, continuous
| | ;. estimates
1 t N\ Learns correlations across events to stabilize noisy Monte
X = 0 Chermise X € [0,1] Carlo outputs

Produces uncertainty-aware predictions for downstream
surrogate modeling

11



Conditional Neural Process

Predict

» @y LA N o’¢‘T
r ' |

-vr:;)u-- _ h —
Aggregate
Observe

Set Encoder

Garnelo et al., arXiv:1807.01613 (2018)

— a function by conditioning on a set of observed input—output
pairs and predicting a distribution for new, unseen inputs.

Gaussian Neural Process Neural

Process CNP/LNP Networks
"% Inference in
L O((n+m)3) X Need a lot .
: of training data :
: X Need a '
. knowledge- X No
. based prior continuous

learning

~~~~~
-------------------------------------------

Implementation & scale

* Implemented in PyTorch; ~500k trainable parameters.

* GPU memory footprint: ~1-2 GB during training (fits on any
modern GPU)

* Training samples processed: 3x10° — 1.5x10".

* Dataset size: ~0.9-1.2 GB — entire dataset loaded into RAM at
startup, eliminating I/O bottlenecks.

* Training throughput: 10° samples/sec on 1 GPU (~5 GPU-hours
total).

 Inference throughput: 6x10% samples/sec on 1 GPU (= 200x
faster than Geant4 event simulation).

Data Augmentation

* Mixup: Linear combination of signal and background event features.

12 | Ann-Kathrin Schitz
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Run Geant4 LF simulations for
different moderator configurations

\ 4

Count number of neutrons being
captured given the configuration

v

Aggregate

z%zxﬂc

Yraw

Yraw
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0.10 A

0.30 -

0.25 A

0.201¢

0.15 -

0.10 -

Neutron capture is shown as 1-dim projection

— Strong fluctuations in the LF training data before

— Smoothening with CNP network
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Rare Event Surrogate Model

LF Simulation Conditional Neural Process a Multi-fidelity Regression
0, 6 —/=
O 8 O.o E— Predict 1
o 0O LF . SLF
00000000 ’ — Yene — | —> |Ycone
5 . 0, ¢y S =~ oSG
HF Simulation | «+ «e e e \—i\. \. NG s
\\\\\ // o
0, ¢ -l - ‘\;\:1:~ ——== :’—?;”
O eO0O o___, _ X Aggregate HF Rl I ~HF
® Op 0O
o (g).o é‘) 5 Observe i
0.0 0%0 > .
(@) 00 > HF > T T T T T T S > ~HF
6 o g O Yraw 0 50 100 150 200 250 300 350 Yraw
O
6

— Model Training --» Model Inference

Reduce ﬁompuhﬁomal cosk

2. Multi-fidelity Regression

 Combine cheap LF simulations with sparse HF simulations to model the
target function.

 LF covers the parameter space; HF provides accurate anchors. based on the Multi-Fidelity approach idea
* Regression learns correlation + discrepancy between fidelities.
* Active learning selects the most informative HF points, minimizing total y(fi) — py(fi—l) + 0
compute. t |
\ model discrepancy term

model correlation to lower fidelity

14



s bL#0

Y HF & LF simulation

Event specific distribution

g() = g, (b dp, g

muon N LF input
neutron

y [m]

draw distributions .
with random
neutron starting
points from high
fidelity simulation

0 0
x [m] x [m]

y [m]

HF LF
Primary particle Muon Neutron
-10)-4 -10)-5
CPUh per neutron 1.510 (210 3-10-6
per muon)
Full detector geometry v v o3 ]
Full neutron physics lists v v
Timing to primary and v %
production info
0 250 500 750 1000 1250 1500 1750 2000 0 250 500 750
energy [eV]
15

1000 1250 1500

1750 2000
energy [eV]




Experiment |: Results

0.18

 Modeling of 5 dim space (r, t, 6, n, L) with 3

0.14

fidelities (HF(MC), HF(CNP) and LF(CNP))

0.10

0.3

a
§ 0.2

0.1 0.08

0.06

00 25 50 7.5 100 125 150 175 20.0
Thickness [cm]
- 0.175 a 0.50 1
S 5
0.150
> 0.25 -
0.125
LF(CNP)
0.100 > : :
0.075
- S} 0.050 0.4 -
0 20 40 60 80 100 120 140 %
Length [cm] §
0.16 0.2 1
0.14
012
0.10 > 0.3 -
==l 0.08 s
0.06 S; 0.2 1
0 50 100 10 200 250 30 30 014  HF(MC)
NPanels -
I I I I I
0.175 L0 T e — o~ _ .
0150 = sample #0 HF (-- LF) e N N T _-
— — sample #1 HF (-- LF) = ——
0.125 3 NS ="
;X051 —— sample #2 HF (- LF) N
0.100 N = sample #3 HF (-- LF) P
0.075 - sample #4 HF (-- LF) CQUISItIOﬂ
0.01 : : : : 0.050 0.0 +— ' l l l -
0 20 40 60 80 0 50 100 150 200 250

Angle [deg]

Radius[cm]

Validation: Comparison of 100 HF Simulation Trials vs Model Prediction

0.5 1 e HF Validation Data RESuM +1o +20 +30
0.4
= 0.3
[
a 0.2 5 . o .
27 ® * e o °* . * e . . P o’ |
. ®% 0'0.0‘ o\ e o° o‘o.o..‘.o' ®ee .,0‘.‘ ®ee’e,’ 'o','.',o o o e %o seeteat.. . e%
0.1 - * Se . . o
0-0 Ll ] I I U L
0 20 40 60 80 100

HF Simulation Trial Number

Setup: 310 LF points, 10 HF points
Accuracy: HF outputs fall within

»+10:69% - ¥20: 95% - ¥30: 100% (MSE = 0.0024)
e Surrogate performance:

» Accurately reproduces HF behavior across a 5D
design space

» Captures LF/HF correlation with 3-fidelity modeling
* Impact on compute:

» 66.5% reduction in neutron-background metric

» Uses only 3.3% of HF compute vs. brute-force
simulation
Summary: The Rare Event Surrogate Model for :
Physics Design (ReSUM) enables reliable design [=]
optimization with orders-of-magnitude lower computational
cost.

(=]t [m]
e Yo

v’
e ),
il

/ g J
4

N\

International Conference On
Learning Representations

}.’3 ICLR

A
[*

Alan Poon?

Spotlight 2025

Ann-Kthrin Schetz1 Aobo Li2
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Experiment |: Results

Naive Multi-Fidelity GP Fails on Noisy LF Data

10 [%](*20 [%]|X30 [%]| MSE
0.5 e HF Validation Data MFG =1lo +20 +30
2 4 5 10.0095
0.4 -
= 0.3
 LF — small N regime — high variance > "’ . ! ) Y - o\ § ' VA
» Discrepancy term learns systematic bias, 0.1 e TR LT N
not variance |
0.0 T T T T T T
* HF is too sparse to counteract LF noise 0 20 0 60 80 100
HF Simulation Trial Number
Adaptive Importance Sampling + Multi-Fidelity GP
+1c [%] +2c [%] +3c [%] MSE 0.3 e HF Validation Data RESUM +10 +20 +30
33 75 95 ]0.0012 ) 3 .
= 0.2 . ¢ . . . A A o ) -~ . . 2 . |
AlS can fail in cases of h OGS AL SPAR MERLIINT o, &V 24000 el oot e
0.1
* Not learnable rare event distributions
 Tiny/ disconnected modes 0.0 . . . . . .
0 20 40 60 80 100

* Too few rare events
« Sample from a local mode only

HF Simulation Trial Number

AlIS helps reduce variance but cannot denoise LF completely

17
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Massive Stars

W

Rare Evenks are everjwkere”

It is challenging to observe
Massive Stars ...

L Ty Massive Stars are Rare
: il . .'. -
4 e vy e - _
L R R Number of stars &« Mass™*
I . . - ol
} o 't ¥ (Salpeter 1955)
N ‘a":: .,“.'. 'P‘.l .'.’. .
e B 1 o | | |
R P @ : Massive stars live fast and die young
. ’5 ’.'ﬁ X ¥l
"‘.}:; Lo Ry Lifetime o« Mass™>®
e M T

(Kippenhanh & Weigert 1990)

Tke_j Live Ui blnaries

Effectively
o o . o inal
~70% of massive stars will interact with a ~20%

companion during their lifetime (Sana + 2012)

Envelope

stripping
~33%

Accretion
& spin up
or CE ~14%

Sana + (2012), Moe & DiStefano + (2017)

Binary interactions are crucial in forming close black hole
binaries which can merge and create gravitational waves.




Isolated binaries

More massive skar 1
Material flows from

evolkes raster, qrows i
Faster, 9 red giant onto its

size and becowes a red

giant c:o»mpahi,m\
M.,
O o -
Zero age Mass Transfer
b
AN ’/' g
¢ &“’O“
~ > L
X-ray binary Common Envelope

Unstable and rapid mass
transfer, BH enters envelope,
Drag forces — BH spirals

X--ra:; biv\arv, with BH
accreting material,
skar 2 exqup\ds taward, Ev\ergv LS

Eransferred to envelop

Skar 1 sheds iks
emvatope, leaving
behind a helium star

\ |
e O >0

Supernova 1

Star 1 qoes SN

[
s
e 0 2N

Supernova 2

Envelop ejected,
leaving BH &
sErined star with
much tighter orbit

~irsk compac&
object formed

- O

BH

BH-NS

Second star
qoes SN,
forming DCO

Second skar

evolves,

DCOs can
eventually spiral
i and wmerge
forming GW

19 | Ann-Kathrin Schitz



Formation Channels

This talk only isolated Binaries - Inclusion of

additional formation channels = fubure worke In the “field” Local BH-BH mer e;' I‘E-l e density [Gpc 3 yr—!
‘f stars born in isolated binary/triple systems 10_3 10_2 10_% ]_OJn g ]_Ot1 YOL p y]. 03 104 105
\ N 1 | L1 .! L1

L 1 ' L L L Il 1 L L L L L Ll
Gravitational waves

Lol ' ol

. Isolated Binaries e

homogeneous

evolution
Mandel & de Mink+16, de Mink
& Mandel+16, Marchant+16,
Riley+16, du Buisson+16

a1l Loaa P
Population-Iil Isolated Triples/ {—0-00.—*

stars Multiples

e.g. Silsbee & Tremaine+17,

Smarr & Blandford+76,

Kinugawa+14, Belczynski+17,
Hijikawa+21,Liu & Bromm+21,
Tanikawa+21

Dominik+15, Kruckow+18,
Artale+19,Neijssel+19, Spera+19,
Mapelli+20, Shao & Li+21

Antonini+17, Rodriguez & : - : : : : :
Antonini+18, Martinez+20 NSRRI NSNS SRV HTPIOOIIFRIRINIS SO SR TR O NIRRT SOOI
Hamers & Thompson+19 i : : Chemically homogeneous evolution

Binary system

Population 111 stars

p———————

“Dynamical”
stars born in dense stellar environments

g e : Triples/Multiples
Young/Open Star *—o—o’.—o..o-o—o-..o—.-..—{

ClUSters o Globular clusters”

e.g. Ziosi+14,Mapelli+16+20, *_..._.w
Di Carlo+20, Kumamoto+20, : : : : :

Rastello+20, Santoliquido+20 R SO e esseseees s e esosmseesssesseesesesessess s sessmesssesessessmneesesss S NN N
Banerjee+21 : : i : : :  Nuclear star clusters

Nuclear star

clusters

e.g. Miller & Lauburg+09,
Antonini & Perets+12, Petrovich
& Antonini+17, Stephan+19,
Arca-Sedda+20, McKernan+20

Globular Clusters

e.g. Clausen+13, Rodriguez+15
Antonini & Rasio+16,
Askar+17, Hong+18,
Kremer+20 Ye+20

“Other” .............................. fomrmere e p——— fo— e Y()ung/OpcnbtdI B Crr P

Primordial * Primordial

e.g. Bird+16, Ali-Haimoud+18,
Raidal+19

10t 100 100 102 108 10*  10°
Local BH-BH merger rate density [Gpc™ > yr—!]

106

Formation Channels [Broekgaarden et al. (2021)

/ \ Mamv cii,ﬂ:ere% mforma&mar\ channels!

Background?  Merger?

X:O X= 1 ° °
Il Rerun simulations for many

different formation channels !!

Merger rate?
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WHAT WE SEE

Gravitational Wave
Paleontology
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Metallicity

: | :Ii o Metallicities:
=i
- Metallicity strongly affects both single and binary star TR S| =
evolution through its impact on stellar winds 210} gt-.h —zZom
Metallicity . . . Z w0 f || Bra] | 2= 0000
(e.g. higher metallicity — stronger stellar winds — o fJ\"” —z=ooz
greater mass loss during stellar evolution) . !
0O 20 40 60 80 100 120 140
Miot [MO] [Giacobbo&Mapelli 2019]
D”Q .O.n Jum'undrn Ovuz;m buim _;; Q'
e Common Envelop determines whether the binary will Fuoluton t contact
Common . e . .
survive and how tight its orbit will be after envelope
Envelope L
ejection
« Compact objects are expected to receive a natal kick spin
BH natal from the parent SN explosion (arise from asymmetries in d
_ SN ejecta and neutrino flux)
kick
* Kicks can unbind binaries or alter orbital properties @

eccentricity, spin misalignment
( Y> SP < ) Kicks and Bimocrv Orbiks

22



Binary Black Hole Population Synthesis

Binary Black Hole Merger

Crravikabkional=wave socurces are a Kare

oubcome amona skars

ma,i [Mo)]

( d . Winds

\ Vink+00,01, de Mink+13 /
/

|

/
/\\ |~ Supernova

-

£ //O\\ Explosions

S Hobbs+05, Fryer+12 /7

7

10
|

20

40

60 100 140

Traditional

W AS

ALL

1ergers (6711)

© \
/7 ~ Stellar

Mass

\ Paczynski+76, lIvanova+13 y

‘N
N

g e ———
Common N

\

— e o e o o o =

Envelope
evolution

\

/

OUTPUT

Why brute-force simulation is infeasible

Extremely low signal rate: 10-°-10-4 captures per primary

High variance: Each design point needs ~106 primaries to stabilize
estimates

Expensive HF run: ~200 CPUh per configuration, statistical noise
~1.6%

Cheap LF run: ~ 0.2 CPUh per configuration, reduced number of
primaries (N=5000), statistical noise ~16.5%

Large search space: Hyperparameter inference spans a multi-
dimensional astrophysical parameter space, needing O(103-104)
model evaluations.

Total cost: 10° CPUh — far beyond practical turnaround time for
parameter searches or parameter inference.

In practice, groups can only afford a small number of high-fidelity
population models, far too few for scientific inference.

Most is spent generating irrelevant background — HF-only
optimization is not practical.
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Predicted £

Experiment ll: Result

Validation: Comparison of 100 HF Simulation Trials vs Model Prediction - Population-level predictions are stable
even with minimal HF data

* Impact on compute:

* Uses only 1.6% of HF compute vs.
brute-force simulation

VLA W R0 L el Y LU VT Y Y Y LA W ALY AT A et WA WL LAY (LA (A  Enables rare-event likelihood
AL AL ol RADARE AL AR RGAREAN 4 AR AR AR AR AR A AM BARIARAL evaluation at a tiny fraction of the

o
o
w

o
o
N

.c
o
—

o
o
(<]

MSE.0 0000053 £10.76 5% +30.92.5% 230 985% | | | | | | original compute
’ ” ? " SmstonTialNumber o " > . Demonstrates that the approach
scales to larger astrophysical models
» Setup: 1000 LF points - 15 HF points without increasing HF cost
* Accuracy:
e ¥10: 76.5% - ¥20: 93.5% - ¥30: 98.5% - MSE = RESOLVE: Rare Event Surrogate Likelihood for Gravitational

5.3e-06 Wave Paleontology Parameter Estimation

e Surrogate performance:

« Surrogate matches HF simulations across the
full parameter space

Efficient, accurate population modeling with orders-of-

Y 3
wl A
f d‘l
¢ a 2
.
4 Ay
v 4!

magnitude lower high-fidelity simulation demand. S &\
Alex Migala Adam Boesky Alan Poon Floor Broekgaarden Aobo Li
UCSD Harvard LBNL UCSD UCSD

24



Results Metallicity

What do we know about the dependance of the BBH
merger rate on metallicity?

#—  A: fiducial ®— E: unstable case BB —+— I: acg = 2 —&4— M: max mng = 2.0 Mg ¢ Q: SN O':ES = 30kms™!
o— B: 3=0.25 a2~ F: E 4+ K —<4— J: acg =10 —— N: max mns = 3.0 Mg #— R: SN vy = Okms™!
¥ C: 3=0.5 —— G: acg = 0.1 —»— K. optimistic CE +— 0O: no PISN +~— S: fwr = 0.1

o— D: 3=0.75 —u— H: acg = 0.5 —— L: rapid SN ¢~ P:SNo!P = 100kms™! +— T:fwr =5

BHBH

[Broekgaarden et al. (2022)]

 BBH formation rate decreases strongly with metallicity (due
to weaker stellar winds and tighter binaries)

e The local universe is more metal-rich — lower BBH formation

rates

 Early low-metallicity star formation dominates present-day
BBH mergers due to delay time

Metallicity strongly affects both single and binary star
evolution through its impact on stellar winds

(e.g. higher metallicity — stronger stellar winds —
greater mass loss during stellar evolution)

Model Result

—— Model prediction +lo +20 +30

e
-
o
L L

LF

0.04

ra
Marginalized predicted &'/f)

'.,-. . . HF } HF

0.01 A : II\

: "'ﬁ‘~~-;_,‘T~_I";- - -5 i i

v —8— wl,'\I'

Ecnpe
e
Marginalized predicted £‘hf)
—e—

0.015 0.020 0.025 : 0.000 0.005 0.010 0.015 0.020 0.025 0.030
metallicity metallicity

* Model confirms strong metallicity dependence

* HF result shows no leveling at high Z, likely due to data
sparsity
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Common Envelope

What do we know about the dependance of the BBH
merger rate on the common envelope efficiency?

103 E [Broekgaarden et
P R T — T al. (2022)]

R [Gpcyr—1]

10°
e Too low — binaries merge during CE phase — few DCOs

* Too high — post-CE orbits too wide — binaries don’t merge in

Hubble time

e Sweet spot o ~ 0.5 — 2.0 = most BBHs form and merge

Common Envelop determines whether the binary will
survive and how tight its orbit will be after envelope
ejection

Model Result

—— Model prediction +lo +20 +30

aw
o

Marginalized predicted €'hf)  Marginalized predicted £'/f)

4 6
Qce envelope_eff_alpha
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Black Hole natal kick

What do we know about the dependance of the Compact objects are expected to receive a natal kick from the

BBH merger rate on the natal kick? parent SN explosion (arise from asymmetries in SN ejecta and
' neutrino flux)

Vorb l[km/S]

NN ® . - - - . . .
ST ai ) . BBH?” e%iﬁ%/ @:5;» %ﬂgﬁ Kicks can unbind binaries or alter orbital properties (eccentricity,
T oF spin misalignment)
103;
- ‘—I"— E .............................................. Model Result
£ 1072 " SO
@ - c?o 102—5 X i —— Model prediction +10 +20 +30
) Lol s % X X.
3 okik=0.1km/s 'g' . 6025 %o
] Owick =0.5 km / - o & _ Do
— gkick=1.0 km/z —| g 10° : et %
02| 3 =50 kmis —_ : l l L L
CZ2 Initial conditions | | . :m' :‘_gt:o‘oe {' J‘I 1 f-l ljr} 1 l J | L%L
10T 100 10* 102 10° 10* 105 10¢ 10
ageH [AU] 0 : . : , . ,
[Stegmann et al. (2024)] [Broekgaarden et al. (2022)] £
. . e e T L : &‘“‘H}JH AENEERENES
* Higher natal kicks tend to suppress BBH merger rate | LU e e T e
O B 4 OgH ’ “ 400 sigma_bh

* Low kicks help binaries stay bound; high kicks disrupt
systems

* Formation efficiency shows non-monotonotic dependence
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Proof-of-Principle: Parameter Inference

* The predicted BBH merger rate is computed by convoluting the

formation efficiency with SFRD(z)

4 SFRD N

Model MSSFR

-

Find Each Model’s R(z)

~

Model

Mode Mode

f Stars Formed

Parameter 1

Dp/Metallicity

=3 =2 z=1
l\I N
1] ! i
i it
(B i
[ " ‘.
] |' |t
R
' [
] ]
] [l

Model | Model

Merger Rate

N 2N
Redshift Metallicity j

ﬁ)

3,1 3,2 3.3
\ Parameter 2

»*  SFRD(z = 0) »

= —_—————— - =
E e ———

:; We S|mpI|f|ed usmg Zps = 0 and td = O scallng
O 015Msolyr_1Mpc

We infer binary evolution parameters by matching predicted BBH merger

rate to the observed GW merger rate.

2+O 0079

 Metallicity posterior peaks at 0.01727 15

uncertainty.

* QdcE, OBH, ONs remain weakly constrained due to known degeneracies.

near solar Z , but with large

* Results align with expectations from population synthesis studies
(e.g., Neijssel+2019, Broekgaarden+2021).
« Simplified SFRD scaling adds further uncertainty, especially in Z

LIGO-Virgo collaboration reported an
observed gravitational wave rate of

Yobs = 17+6 7y1'_1GpC_

[GWTC-3, Abbott et al. (2023)]
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BBH Merger Rate

\

Model MSSFR

Dp/Metallicity

* The BBH merger rate is computed by convoluting the

1

:

s J\/i
Metallicit

ﬂ)f Stars Formed

Redshift

|
'
Y

\
\\
\/

formation efficiency with SFRD(z) with metallicity-
dependent dP/dZ,

* Full model integrates over formation redshift with delay time: SFRD

Star formation rate density

0 -5_ sigher redshift 5 em—
dt 1 T
RBBH(Zobs) — J SFRD(Zform) ) €BBH(Z(Zf0rm)) ) P(t(zform) _ t(Zobs)) dzform = Li
¢ deorm 3 >< <
obs : :

z2=1
A
'
1
[
1]
1
1]

' i
' |

-

Mode Model

i 1,1 1,3
.

3

Q Mod
£ 2,
4]

—

& Mode Mode Model

3,1 32 3,3
\ Parameter 2

3

Merger Rate

Find Each Model’s R(z)

~

dP/dZz;

Metallicity distribution function

Star Formation Rate Distribution

SFRD(Z;, z)

Metallicity-specific SFRD

Redshift =

. . . GSMF
Full Cosmic Integration requires event-level

Galaxy Stellar Mass Function

modeling of delay time

lll)g”,(f\l..,:"M‘;.;.))

loga (AN /¢

redshift =

8 0 10 11
logio(M. /M)

p[OF11] =12

log,

9 10 11
logo(M. /M)

< e 1 g oy reddsl
- { \
:: " l| \
C— _: .l‘ \
< A \
3 AN
L f / Y |
~ B \
: AMAL
L0 4.0 2.5 —2.0 —1.5 —1.0
l II(ZV)
Mass-Metallicity relationship
higher redshill z % o= 0
z=1
z =2
z2=3
—_— =4
zZ=209
z=26

29



Signal vs Background

* Rare # anomalous: signals are statistically scarce, not geometric outliers.
» Signal and background come from the same generative process — strong feature overlap.
* No clean separation — distance-based or outlier methods fail.
Implication for ML
We need density-aware models that capture subtle local differences, not standard anomaly detection.

Global Local Log likelihood ratio
(including control parameters) (excluding control parameters) 9

12.5 . ° . . 15 2
o ltl '.. b o~ v,
- ~0.7% positives ey . - SR, . .-
J s,
10.0 A .-. RV -,-.‘5-’ > Rt - - 1.0 0
R - .i', \s"‘ :;\ v i. _' )
bs 07~ e
b . AW -y - . - —_
. LRRTRE 5 VRS Ss -« ~BLES, | 0.5 2
d o it ik R “,' o
54 N VacS ‘;r“»u:,"’ b v o <% - ' ¥ -
301 AR, T RS - eq 30l -4
) s . T e e )
. _ .. R N 0.0
. & R ) hely 2=
2.5 1 K 01 SR TN TR I 5 . -6
. . 408 ol ETNE .
. {5 R S . —0.
L RIART I . - . 0.5
0.0 ’ RN - L Y, R _
-5 1 . ‘ ' $ " -.' “ w : . 8
* O O AR o ¢ 4 : -1.0
. L MG - .
—2.5 1 \ 7 g g . -10
-10 - . -
: . -1.5
—5.0 - ~12

-1.5 -1.0 -0.5 0.0

UMAP-2

BBH

log(signal/background)

~0.08% positives

2
0
Z 10 '-é
10 -2 3
m e
o
g o S
< % 5 -4 ©
z g 2
5 ] ©
[
I I I 2
o
0 1 o
0 =
-8
—5 =5 1 -10
o A‘;' , 10.0 ~10 -5 0 5 10
UMAP-1
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Precision Recall Curve

—
)

TP + FP

Precision

1.0 A

0.8 -

0.6 30% of your signal flagged

events are real signals

0.4

0.2 -

true signal rate

Signal Efficiency (Recall)

TP + FN

f- Perfect Classifier

How to read ik

Pick a point on the curve:

* The x value tells you what fraction of
signals you're catching.

* The y value tells you how pure your
selected events are (how many are true vs.
background).

Exam[;ate:

At recall = 0.4 (you catch 40% of signals),
precision = 0.3 means 30% of your flagged
events are real signals.
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Traditional Machine Learning Fails

. How to read curve? o
Why Standard ML Methods Fail ST Precision—Recall Curve |
] ] e.g. @ 48% Signal Efficiency ..., Perfect Classifier
 Representation learning collapses: 40% of signal flagged events (
: (score > 0.5) are real signals 104 - e — e o N
 Autoencoders, VAEs — learn dominant background; 4
. >
ighore rare structure. m
. : . o e { =
» Normalizing flows — assign similar likelihoods to °81 |
. TP O
signal & background. TP + FP z
« Contrastive / graph methods — cannot separate c %7 1%
= - z -
overlapping manifolds. g %
* Reweighting is insufficient: 0.4 ffunt- .
* Oversampling, focal loss, and importance weights
shift attention but do not create discriminative 0.2 1
structure.
Traditional ML cannot resolve rare events embedded 0.0 - ;
inside high-density backgrounds, the model must learn 0.0 0.2 0.4 0.6 08 TP 10
. i i Signal Efficiency (Recall) TP + FN
local probability structure, not outlier detection.
Boosted Decision Tree FTTransformer Autoencoder
108 '
105 Bl true (signal) = prediction (bkg) B true (signal) W prediction (bkg) mm prediction (bkg)

I |abel (bkg) [ prediction (signal)

Il |abel (bkg) [ prediction (signal) [ prediction (signal)

104

103

Count

102

101

10°

0.0 0.2 0.4 0.6 0.8 1.0 0.0
score score mse

10-1

0.2 0.4 0.6

0.8 1.0
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FT Transformer with BGT Encodings (Preliminary)

_ 10°
Fubture worlk o

[Re gression HeadJ (—{ Bernoulli Head J 10*

B 7 103
a 1\-?(1

Add & Norm —
* I o(?)’ (1-0o(®)) | 10°

r N 107
Feed Forward

Count

102

[ Bernoulli(y | 6(¢)) N (¢ | u,0%) df Lo!

Jj NLL = — log

SEER

BDT only

score

_ y 10- 10° 3
10°
0.8 . B true (signal)
( Add & Norm J 107 3 mm label (bkg)
A s 2 1034
-
° &
Multi-Head 04 1 © 10
Attention 101
0.2
10°
0.0 - .
\- J ' ' ' ' | - 10~
>0 o Signg.I4Efficiency (oli2call) o8 +0 0.0 0.2 0.4

Tl

— convert a BDT into a per-feature representation
by encoding the decision path that feature follows

BDT )

beyond standalone transformers or BDTs

events.

mm prediction (bkg)
w prediction (signal)

0.6 0.8 1.0

score

« BDT encodings provide structured priors that improve rare-event discrimination

« Hybrid model offers a promising path toward more robust scientific ML for rare
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Resolve: Unified Test Suite for Rare Event Modeling

Modular architecture

.
= O annkasch / resolve Q Type [/]to search 8 &~ +~- O N1 B8 a

* Plug-and-play backends: AE, VAE, CNP, NF, FT-Transformer, custom 2 Gl BEimn O @i M DTy BEms OO
PyTorch models B resolve o 6 (R0 (=0l =8I

¥ main ~ ¥ 2Branches  0Tags Q Gotofile t Add file + & About &
| ] | ] | | | | | ]
* Benchmark different models on HPC datasets without touch eline
n r I r n n WI u u I n I I n ﬁ annkasch fix tensor shape d3cfdbe - last month  ¥%) 19 Commits provided.
COd e M .wvsco de bugs fixed, metrics add 2 months ago M Readme
A Activity
M examples -- last month
Y¢ O stars
U lfl d t [ ] [ I [ n [ resolve.egg-info initial commit v1.0 2 months ago ® 0 watching
n I Ie ral n I n g pl pe I e ' resolve fix tensor shape last month ¥ Oforks
[ .gitignore - 2 months ago Releases

» Config-driven runs, checkpointing, logging, reproducibility 0 rerovee 2ronnssae st

__init__.py initial commit v1.0 2 months ago

3 pyproject.toml initial commit v1.0 2 months ago Packages

» Automatic sharding + batching for large 1/O workloads R

Publish your first package

(1] README 7 =

Contrastive + generative tools Resolve

Languages

® Python 100.0%

* Built-in SupCon and InfoNCE for representation learning Overview

This project tackles the challenge of building surrogate models under rare-event regimes, where the quantity of
interest (e.g. background event rate in detector design or formation efficiency in binary black hole populations) is

F I exi b I e I OS S fra m ewo rk extremely small and sparsely sampled. It aims to replace massive, high-cost simulation campaigns with efficient
surrogates that embed prior knowledge and manage high variance in the target metric. The result: enabling
optimization or inference in scenarios where brute-force simulation is computationally infeasible (as in RESuM and
RESOLVE).

e M S - , B! C - , G aussian NLL + custom rare-event losses : eas | |y extensible The core concept combines multi-fidelity modeling and probabilistic neural processes to learn from both noisy

low-fidelity data and scarce high-fidelity samples. The neural process targets noise reduction by learning
structured correlations in the data and provides denoised outputs as input to the multi-fidelity regression, which
in turn minimizes the overall computational cost while maintaining predictive accuracy and uncertainty awareness.

Class imbalance handling

* Oversampling schedulers + curriculum logic designed for 10 imbalance

 Reusable across HEP, astrophysics, population modeling

* Designed for integration with HPC simulation workflows
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Application Example: XLZD Optimization

Dark Matter (DM) Mode Neutrinoless Double Beta Decay

Signal: Signal: v ..' ‘..... | e

* Nuclear recoils (NR) at keV energies < Two-electron decay at fixed energy Qgg @ _________________________________________ > 59
Detection: Detection: gas :

* Prompt scintillation S1  Total reconstructed energy only im AAA -------------------------- :

» Delayed charge-induced light S2 . = B e g
Key performance drivers: Key performance drivers: £ (depth)

» Low energy threshold « MeV-scale energy resolution "k

- Strong ER/NR separation via S2/S1 = Spectral purity in +1% QB window =~ e ____________________ »

* High single-electron efficiency . e‘e .................................. '> §
Fields control: Fields control: g liquid

 Recombination » Light/charge anti-correlation )0 oorrmomrrmemmmmmrmm et

« Charge yield * Fluctuations in combined energy scale ..........

 NR band position

C . _ XLZD field tuning is not a single-parameter
The Core XLZD Optimization Conflict optimization. It is an intrinsically conflicting,

multi-objective inference problem across

DM wants: OvB wants: : :
_ _ _ o o keV and MeV physics simultaneously.
« Strong fields — better charge extraction < Stable fields — minimal recombination
& ER/NR separation fluctuations & best energy resolution
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From Astrophysical Populations to LSST Alerts: The Simulation

The Forward Chain Rubin Depends On

swv Poputaﬁom E,Mpu& to downskream simulabors
or ML models

Population Physics — Radiative Transfer — Light

g ScienceReguirements e ————="isVstem ReqUifements B

Curves — Survev Cadence + Noise — LSST Alerks

e T

EXisting ¢ Observable Universe Model
Data Sev.

ejeq induj

Throughput (SNR) jl Cadence (OpSim) Images (ImSim) Phot. Cal. (CalSim)

Defines alert rates, classifier performance, and rare-transient yields
This entire chain must be simulated to:

Train ML classifiers

Validate alert pipelines

Quantify selection effects

Images (ImSim) OpSim Survey Requirements Optics (FRED) Global calibration

SED models Operation efficiency @ Algorithm Perf. Optics (Zemax) Cloud simulator

Pixel (Sensor model) Scheduling Technology Estimates Mech. (FEA models) Optics (FRED)

Filters (TFCALC) Dithering Pixel (Sensor model) Pixel {Sensor model)

ATM (Modtran) Visit sequencing Cntl. (WFS sim) Filters (TFCALC)
Cntl. (Guiding model)

°
§]00] uonenwis

[ ]
10113 /33UBUHO) 19

1 SUOLEI0| | S195pNg

Why This Is Broken Today
« LSST scale: millions of alerts per night

* Truly rare events: ~10°—10*° of the stream

n
c
3
3
&

2
=)
o

o
3
0
v
3
0
v

\J

Analysis Framework & Iools

O3N

Population synthesis is:
* Too slow to regenerate
* Impossible to sweep over astrophysical uncertainty

poligd
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1e||91S
(9215)
ogeuw|

asl0u-03-|eudis
sulfadid

S|00) SISAjeuy
SSa430.44d
A9AINg
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SHIYSpay
J1I2WOoIoYyd
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v
D
=
)
=
3
)
>3
N
1)

Aijowojoyd
EREIGITER
SJUBWIOMId

ssauala|dwo)
Ajljenp a23ew|

Consequence:
» Population assumptions are frozen Example of the Legacy CatSim-era architecture (has been
 Classifiers are trained on fragile, non-updatable priors replaced by SkyCatalogs in the population — sky layer)

* Rare-transient discovery is statistically inefficient
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RESUM — RESOLVE — What’s Next

RESuM: Rare-Event Surrogate Model

See Dekails'

* Population-level multi-fidelity surrogate for extreme class imbalance

* Replaces brute-force population Monte Carlo with:
* Uncertainty-aware inference
* Active learning
* Orders-of-magnitude speedup
e Validated on:
* Detector design optimization (LEGEND)
* Binary black hole populations

Unified Test Suit for Rare Event Modeling
* Unified, modular surrogate—inference stack
* Designed explicitly for rare-event simulation bottlenecks
* Flexible backend architecture:
 Interchangeable ML models (CNPs, NF, Transformer, etc.)
* Pluggable training logic (schedulers, sampling, loss functions)
 Core Capabilities
* Hierarchical Bayesian inference
« Multi-fidelity autoregressive modeling
* End-to-end uncertainty propagation

The Rare Event Surrogate Model
for Physics Design (ReSUM)

RESOLVE: Rare Event Surrogate
Likelihood for Gravitational Wave
Paleontology Parameter
Estimation

Unified Test Suit for Rare Event
Modeling

‘ Future Perspectives (What This Scales To)
'« Detector design & field optimization
| = Astrophysical population synthesis
-+ High-dimensional experimental parameter sweeps

e _..and more.
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Rare event modeling connects challenges across
very different areas of physics

RESuM is a powerful tool for addressing them.
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Traditional Machine Learning Fails

i prediction (bkg)
0 prediction (sianal)

106 106 106

Precision—Recall Curve

105 BDT 105 FTTransformer 10° CNP+Mixup
10% 10% 104
1.0 ‘5 10° g 10° g 103
O 102 S 102 S 102
101 10! 10!
10° 10° 10°
0.8 - -1
10 10-1 10-1
TP score score score
TP + FP
- 0.6
@  Inductive bias matched to rare events:
S oAt « BDTs partition feature space with hard, rule-based splits that naturally
iIsolate sparse signal regions, while neural networks smooth them
0o away.
 Data-efficient under extreme imbalance:
anl * Tree-based learning concentrates capacity on informative regions and

00 02 04 06 o8 1P 10 remains stable with limited signal statistics, unlike neural networks that
Signal Efficiency (Recall) TP + FN

bias toward background.

 Sharper separation and more reliable ranking:
 BDTs produce crisp decision boundaries and well-calibrated scores
optimized for discrimination, not averaged regression behavior.
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Data Augmentation - Mixup

[1. 0]

< 1% signals Problem: severetj

le6 inmbalanced %raim&mg
dakasek

sig

Solution: Linear
Combinakions wikh Mixup

1.0

- Create virtual training samples by linearly [0, 1] [0.5, 0.5]

combining inputs and labels from different, x=d-x+(0=2-x
randomly selected classes. : J

. . . =A-yv:+ (1 —=1) -y,
Linear interpolation in input space should Y Vit ) Y]
correspond to linear interpolation in output Option 1: A uniformly distr. Option 2: A distr. u-shaped
(label) space.
Smoother decision boundaries and robustness . L J
Enhances model generalization on test samples - M ~ 7

that only slightly differ from training data. 00 04, 08 00 04,

signal dominated

Prob. Density f(A)

Prob. Density f(A)

0.0 0.2 0.4 0.6 0.8 1.0

background dominated
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