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The four horsemen of physics

Exact physics computations: ML approach:

V' Precision

V' Full control of uncertainties

v Physics knowledge

X Computational speed
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The four horsemen of physics

Exact physics computations: ML approach:

V' Precision V' Speed
—(arXiv:2509.07068, 2311.01548 (MadNIS))

V' Full control of uncertainties Precision V'
— (arXiv:2412.12069 and 2601.00950)

V' Physics knowledge Physics knowledge v
— Include Invariants, L-GATr

(arXiv: 2411.00446 and 2412.12069)

X Computational speed Control of uncertainties = This presentation
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Scattering amplitudes as data source

10% - — MLP
3 —— BNN
103 — RE
- ---- true
= 102
® Data set: 1.1M points of gg — yyg S
® |oop-induced process 101? 4 H I
: Wi
® Higher order amplitudes hard to solve analytically 10 ; , Wil

10-8 10~° 10~4

=) Use one-loop for testing, then extend to higher orders
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Regression via variational inference

® Fit set of Amplitudes A(x), with training data: {x, A(x)}

® Prediction in regression:

/ orior

Ax) =(A) = JdA Ap(A|x) = Jdé’ g@)A(x,0) with p]x) = Jd@p(A 16, x) p(@]| x)

N

network output
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Regression via variational inference

® Fit set of Amplitudes A(x), with training data: {x, A(x)}

® Prediction in regression:

/ orior

Ax) =(A) = JdA Ap(A|x) = Jd@ g@)A(x,0) with p]x) = Jd@p(A 16, x) p(@]| x)

N

network output

o (%) = ((A — (A))?) = JdA (A —(A))" pA]x) = Jd@ q(0) (P(x, 0) — A(x, 9)2> + Jd@ g(0)(A(x, 0) — (A))’

— 2

o)’ Flog oy(x) + ...
o\ X

g heteroscedastic — 2 ,

l
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Ensemble of networks

Ensemble of networks Output

A(H R

o %: (191 ® Ensemble members trained
syst

/ o simultaneously

A(0)

N
6...(0) " %: A%)) > Ol = %Zagyst (6;) ® Systematic uncertainty from
syst O/ syst 2

)
N heteroscedastic loss part
5 1 — 2
\ Ostat — N Z (<A> — A (92))

mput A<93> ® Statsistical uncertainty from
X Oy st((93)
Q/ y ensemble nature

Input

i
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Repulsive ensemble of networks

Ensemble of networks

@/

0 Syst ‘92

Output
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® Repulsive term: Cover full posterior
distribution

® Ensemble members trained
simultaneously



Credits: R. Winterhalder

Bayesian neural network (BNN)

Neural network

O

Network weights are
deterministic
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Bayesian neural network

6o
Network weights are
drawn from distribution

0 ~ qg(0)




Bayesian neural network (BNN)

BNN Ensemble of networks Output
-0.1
0.7 N 10 N
o |, ( 19 ) ® Parameters: Network weights g(6)
\ Q/ Usyst 1 N
| b, ()= < S A@)
/\ VAN 0-5/ - ® ¢(0) params of a Gaussian
nput | oupu > ";‘“ — <gsyst 0, ) > Oyst = N;(’gyst (6:) distribution
Q/ Q/ 5 1 N — 2
Ogstat — N Z (<A> — A (9%))

® Ensemble: Sample from weight

(asyst 0, ) distribution

l\'“

o
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Kernel dependencies in the RE

® Vary repulsive prefactor # and N,

rain

® Spread vanishes with more training data

® Similar behaviour for statistical
uncertainty

=) Repulsive kernel impactful for small
training data sets

0* 100 108
Ntrain
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Intrinsic bias of networks

® Networks have inherent bias

® |ndependent of training duration

—1073- —— 3hl, 1000 epochs ® Depend on network expressivity
_2_ B g
_10_1 i 1hl, 1000 epochs o D s halo?
__5)00 '_'_,_l_ — 1hl, 100 epochs o ensembles help®
IR T STt e
A

true
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Intrinsic bias of ensembles

1hl, 100 epochs

® Compare bias between <
full ensemble & members § 107°-
=

® Only small improvement tfor ensemble _102-

= - 1medan

0% 167 169 165 167
Atrue
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Prediction and uncertainty accuracy

1.25- — MLP
—— BNN 0.04 -
1.00 - RE
— A4(0,1) 0.03 -
5 0.75 =
qw v
0.02 -
0.01 -
0.00 =~
1077

tsyst

® Uncertainties perfectly calibrated for MLP and BNN — RE overestimates o,

® Surrogate precision of O ~ 107>
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A more global approach to uncertainties

® Individually o,

® |ntroduce global systematic unc:
Train additional NN to predict global o,

per member: Underconfident

0.5

0.3-

d.u.

ysSt

0.2

® Large NV, . Reduced noise, discover bias

= [\Wo-mode structure

0.1

0.0-
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Flat box threshold smearing

Repulsive ensemble BNN
10°; 10°-
| RE - e €=0.1 | NN e €=0.1
- S o e =0.01 | e =0.01
| | * €=0.001 * €=0.001
02 i i — w=20GeV — w=20GeV
I ] ! --- w = 40GeV --- w = 40GeV
A | |
S 103 . |
T
i I
1074 | | sesposEaSTIeAREPRRES
(il
1075 oo . . . 1075 . . . . .
100 150 200 250 300 350 400 100 150 200 250 300 350 400
m,,, [GeV] m,,, [GeV]
® Captures noise perfectly ® Struggle for small €
® Drops outside noise region O Drops outside noise region
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Peaked threshold smearing

Repulsive ensemble - systematic

RE ¢ =107
§ e=10""
| ° €=107°

® no smearing

— prediction

--- expected

190 195 200 205 210

M., [GeV]

® Captures noise perfectly

® Underestimation for small €
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BNN - systematic

BNN o = 10—3

e=10"
°* =10
® nOo smearing
— prediction
--- expected

190 195 200 205 210

m,,, [GeV]

® Overestimates unc. for large €

® Struggles close to threshold
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Peaked threshold smearing

Repulsive ensemble - statistic BNN - statistic
1035 : 103? :
102 RE o ¢ — 10—3 102 BNN o ¢ — 10—3
; e=10"" e=10""
10'; ! © e=107 107 ; | ° =107
! — prediction : — prediction
10° i --- data noise 1OO-§ /i --- data noise

190 195 200 205 210 190 195 200 205 210

m,,, [GeV] m,,, [GeV]

m) Statistical uncertainty smaller than induced noise

=) | carn accurate prediction in presence of strong local smearing
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Gap in the data

Repulsive ensemble BNN
0.031 % — no gap 0.03 - BNI,\T’ — no gap
I_'.-.' ;ll'.. gap _l'J 51.._:l gap
| T Y --- truth , I Y --- truth
s: 0.02 :’ !-._ S. 0.02 :J I
© [ o o [ "..,l_I
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| ln | | 1%
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=) Perfect extrapolation in gap region for both architectures
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O-syst

Gap in the data - Uncertainty

Systematic
1077 10775
' — REgap — BNN gap ]
--- RE no gap --- BNN no gap
10_10': 10—10
e
10_11‘5 10-11
10~ 12 - . - . . 10-12
100 150 200 250 300 350 400
m,,, [GeV]

® |ncreased uncertainty inside gap

® Expected uncertainty outside gap
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Statistic

— RE gap — BNN gap
--- RE no gap --- BNN no gap

100 150 200 250 300 350 400

m,,, [GeV]

® RE: Expected behaviour

® BNN: Increased uncertainty outside gap
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Other applications - MadGraph @ NLO

® Split up A — Born, Virtual, Collinear and Soft contributions

® Different ansatz to predict B+V+C+S contribution
ete” - utg (@1 TeV)

with: G. De Crescenzo, T. Heimel,
J. Marino Villadamigo, T. Plehn,
R. Winterhalder, M. Zaro

eTe” — utgg (@1 TeV)
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Learned VCS/B
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Other applications - ttH @ NLO production

® oo — ttH @ NLO production
® |nclude soft and collinear singularities
® Precision enhancement: Adding events in singular regions

® Remark: In this case need Student’s t-likelihood
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=
< 107%-

10°

arXiv: 2601.00950

107

gg — ttH NLO —— unw. train samp.

| — forward p, || £

backward p; || —2
— Coulomb sing.

108  10% 10* 1072 10°
|A

work from: H. Bahl, J. Braun, G. Heinrich, T. Plehn, R. Revelli
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Conclusion and Outlook

1. We can learn calibrated uncertainties
2. BNNs and (repulsive) ensembles are reliable uncertainty estimators
3. Global uncertainty approach for RE fixes calibration

4. Transferable to other use-cases (see MadGraph@NLO)

Outlook: Can we propagate these uncertainties into analyses and simulations?

Thank you for your attention!
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Additional Material



Taking it to higher multiplicities

Look at qq — Zgggg process, 10M datapoints

Use Lorentz-equivariant architectures

Either transtormers (L-GATr, LLoCa-Tr.) or graph

neural networks (GNN, LLoCa-GNN)

Fraction of events

Need additional information encoded for higher

multiplicities
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Results from: A. Petitjean and J. Spinner

arXiv:
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How to: evidential regression (ER)

|£(x) — fox) |7
20(x;)?

® Previously: Systematic uncertainty from l0ss: &, ...occedastic = Z Flog o(x;) + ...

l

® Different approach: Introduce conjugate prior p(4|m), A likelihood parameter

® Likelihood 4 = (fy(x;),0) and evidential parameters m(x, 0) = {y,v, a, f}(x, 0)

® New likelihood: p(A|x) =~ /d)\ p(Alz, M)p(A|lm)

\ follows Normal-Inverse-Gamma
l distribution
1+
® Analytic likelihood: p(A|x, m) = St (A 7, A — ),204)
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Evidential regression

® Mean and uncertainties: Averaging over p(4|m) — Analytical closed form

® No MC sampling necessary

® |ntegrals directly solvable — Uncertainties and mean without sampling accessible
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Learning Gaussian noise

2 2 2 2
Otot — Usyst,O + Unoise + Ostat
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O train X10_8
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- BNN |
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= Networks learn noise as systematic uncertainties
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Learning Gaussian noise
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BNN only

1. Statistical uncertainty independent of noise

2. Systematic uncertainty plateaus on noise level
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Flat box threshold smearing

Repulsive ensemble BNN
10°+ 10°4
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® Captures noise perfectly ® Box shape not as accurate
® Expected behaviour ® Expected behaviour
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