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Entering the precision era
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LHC physics and machine learning
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LHC physics and machine learning
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LHC physics and machine learning
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Motivation

® How are learned uncertainties linked to the accuracy of predictions?

® Can they be controlled?
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Motivation

® How are learned uncertainties linked to the accuracy of predictions?

® Can they be controlled?

® Two types of uncertainties:

® Systematic: Plateaus for perfect training (epistemic uncertainty)

® Statistical: Vanishes for pertect training (aleatoric uncertainty)
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QOutline

Part I: Different networks and architectures

Part ll: Systematic uncertainties

Part lll: Statistical uncertainties
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Motivation

® Fit set of Amplitudes A(x) with training data: {x, A(x)}
® Prediction using variational inference: A(x) = (A) = JdA ApA|x) = Jdﬁq(ﬁ)ﬁ(x, 0)
network distribution network output

® Standard heteroscedastic loss:
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Motivation

® Fit set of Amplitudes A(x) with training data: {x, A(x)}
® Prediction using variational inference: A(x) = (A) = JdA ApA|x) = Jdﬁq(ﬁ)ﬁ(x, 0)
network distribution network output

® Standard heteroscedastic loss:

| fx) = fyx) |7
20(x;)

Z heteroscedastic — Z | log o (Xl-) + ...

l

® Additional statistical uncertainty:

o2 (x) = ((A = (A))?) = JdA (A — <A>)2 p(A|x) = Jd@ q(6) (P(x, 0) — A(x, 3)2) + Jd@q(é’) (A(x, 0) — (A))2
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Bayesian neural networks (BNNs)

Credits: R. Winterhalder

Neural network
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Network weights are
deterministic
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Bayesian neural networks (BNNs)

Credits: R. Winterhalder

Neural network

O

Network weights are
deterministic
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Bayesian neural networks (BNNs)
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Bayesian neural networks (BNNs)
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Repulsive ensembles (REs)
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Repulsive ensembles (REs)

Ensemble of networks Output
~N
Input
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1 — : :
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N distribution
Input > 0_2 _ i ZO_Q ((9 )
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® Ensemble members trained
simultaneously
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Learning Amplitudes

® Learning scattering amplitudes | M |

® One-loop partonic process: gg — yvg

® 1.1 M phase space points
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Learning Amplitudes

® Learning scattering amplitudes | M |

® One-loop partonic process: gg — yvg

® 1.1 M phase space points

® Apply basic cuts:

pr.; > 20GeV
pr~ > 40,30 GeV
il <5

N~y | < 2.37

Bjj jyyy > 0.4
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Learning Amplitudes

® Learning scattering amplitudes ‘M‘z training with different amounts of data
104_: LT _*_ BNN 0.1%
. : ' ' BNN 1%
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QOutline

Part |: Different networks and architectures

Part ll: Systematic uncertainties

Part lll: Statistical uncertainties
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Adding Gaussian noise
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Adding Gaussian noise
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Adding Gaussian noise
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Adding Gaussian noise
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= Networks learn noise as systematic uncertainties
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Uncertainty behavior
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Uncertainty behavior
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1. Statistical uncertainty independent of noise

2. Systematic uncertainty plateaus on noise level
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Calibration of the results

Bias calibration

Uncertainty

calibration
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Calibration of the results

Bias calibration

Uncertainty

calibration
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Calibration of the results

Bias calibration Alx) =
( ) Atrue(aj‘)
Uncertainty Hz) = Ann (%) — Agrue(T) Correctly learned:
calibration o(x) follow Gaussian
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Systematic pull - Results
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Systematic pull - Results
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Systematic pull of REs

® Learned o,(x) too conservative
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Systematic pull of REs

® Learned o,(x) too conservative
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Systematic pull of REs

® Learned o,(x) too conservative

0.4° 2 b 2 b
Single members membet 20- All members membet
10 member ' 10 member
0.3- 50 member 50 member
128 member 1.57 128 member
= 0.2 250 member g _ 250 member
A(0,1) 1.0- 1 — #(0,1)
0.1 0.5 |
0.0 1= | | | | 0.0 1= Jk |
—5.0 —2.5 0.0 2.5 5.0 —5.0 —2.5 0.0 2.5 5.0
tsyst tsyst

= Prediction benefits from ensemble nature but not o,
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Systematics from network expressivity
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Systematics from network expressivity

layer - ® Need at least three layers

ayers ® BNN: only last layer Bayesian

layer ® Six layer: network gets too large

layers =» More expressivity and better sensitivity for

small noise with more layers

fsmear [%]
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Prior influence in the BNN

4 hidden layer, last Bayesian 6 hidden layer, last Bayesian
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Prior influence in the BNN

4 hidden layer, last Bayesian 6 hidden layer, last Bayesian
0.5-
O-prior = 0.001 I[ O-prior = 0.001
0.4 o O-prior =1 0.6- o O-prior =1
— O prior = 10 o
g 0.3 —  Oprior = 100 o
© 09 — O prior = 1000 o
— A(0,1)
0.1-
0.0 = . - . .0 - . .
—5.0 —2.5 0.0 2.5 5.0 7.5 —5.0 —2.5 0.0 2.5 5.0 7.5

syst tsyst

= Results don't depend on prior

=»For more layers a larger prior is needed
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Improving by using advanced architectures

® Enhance standard networks through representation learning:
1. Deep Sets (DS): learns embedding for each particle type
2. Deep Sets Invariants (DSI): DS with Lorentz invariance added as input

3. L-GATr: tully Lorentz equivariant network architecture [2411.00446]

Accuracy and Uncertainties in ML - N. Elmer 19
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Accuracy for advanced architectures
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Accuracy for advanced architectures

0.20- I —— Det-DSI 0.08- Det-DSI
—— BNN-DSI BNN-DSI
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— Det-1 Det-I
= — =
< 0.10- Det 3 0.04- Det
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0.00 0.00- - — — 5
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A

= Controlled accuracy to 10~ level
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Uncertainties from advanced architectures
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Uncertainties from advanced architectures

0.4- — Det-DSI 1071 — Det-DSI
—— BNN-DSI § r] —— BNN-DSI
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= Calibrated uncertainty with precision on 107 level

=) Data preprocessing gain improvement in intrinsic uncertainties
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QOutline

Part |: Different networks and architectures

Part ll: Systematic uncertainties

Part Ill: Statistical uncertainties
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Scaled statistical pull

0.41 REDST 047 BNN-DSI M = 250
M =100
0.3- 0.3- M =25
=10
: x M=
< 0.2 < 0.2 401
"' =S

O. 1 e ==

0.0

tstat,M tstat,M

® Use N=512 samples for BNN and RE

® Evaluate scaled pull for subset M

® M—N: correlation increases, Ostat,M — Ostat
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Reducing the training size

® Systematic uncertainty dominant over statsitical
® Training on 700000 phase space points: Tiot(T) R Tsyst () > Ospar ()

® Reducing training data to 100000 phase space points
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Reducing the training size

® Systematic uncertainty dominant over statsitical

® Training on 700000 phase space points: Tiot(T) R Tsyst () > Ospar ()

® Reducing training data to 100000 phase space points

707 10%
<Usyst, BNN—DSI/A> 87-107° 2.5-10~4
<Ustat, BNN—DSI/A> 3.6-10° 1.5-10~4

<Usyst, RE—DSI/A> 51-107° 2.9-10~4
(0stat. RE-DSI/A) | 4.8-107° 2.2.107*
Accuracy and Uncertainties in ML - N. Elmer
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Dependence on training size

0.4
—— BNN-DSI 10% training data
—— RE-DSI
0.31 — A4(0,1)
=
< 0.2 B
0.1 1 -
0.0 /'_,_,_IJV .
—4 —2 0 2 4
tstat (9) tstat (9)
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Dependence on training size

0.4
—— BNN-DSI 10% training data
—— RE-DSI
0.31 — A4(0,1)
=
< 0.2 B
0.1 1 -
0.0 /'_'_,_IJV . . -
—4 —2 0 2 4
tstat (9)

® Repulsive ensemble advantage in statistical uncertainty
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Relative uncertainty vs training size

10_3§

T T - BNN-DSI
RE-DSI
B k2
i0° i0° i0°
Ntrain
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Relative uncertainty vs training size

107 1 - © BNN-DSI °

I - RE-DSI

& s .

S 10 - = :

10_3 ::|I :

3 1

%104 - =

10 N N N
10% 10° 10°

N

=0, always larger

=)o larger for RE-DSI than BNN-DSI
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Relative uncertainty vs training size

107 1 - © BNN-DSI °

I - RE-DSI

A =

S10 = -

10°3f =

3 1

g —4 — -+ E

Ui -
10% 10° 10°

Ntrain

=0, always larger

=)o larger for RE-DSI than BNN-DSI
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Relative uncertainty vs training size

31 | """I_ C T
R T - BNN-DSI ° o S - BNN-DSI -
N - RE-DSI < | - RE-DSI
& o T § -
5 1074 ; . . ) £
— . ~ 10~ = ==
103 = T
< 1 T
~ 1 —~107* =
210~ - = 4 1 = . L
\b/ = —— — 9
- 1075 . -
10* 10° 10° 10* 10° 10°
Ntrain Ntrain

=0, always larger = Ditterence in o,,, tor small data

= ¢ larger for RE-DSI than BNN-DSI = RE-DS| more accurate in prediction
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Conclusion

1. Able to track systematic and statistical uncertainties
2. Networks mostly well calibrated (it not: calibration possible)
3. RE benetit from ensemble nature in precision

4. Advanced networks are able to give controlled accuracy on 107 level
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Conclusion

1. Able to track systematic and statistical uncertainties
2. Networks mostly well calibrated (it not: calibration possible)
3. RE benetit from ensemble nature in precision

4. Advanced networks are able to give controlled accuracy on 107 level

Thank you for your attention!

Accuracy and Uncertainties in ML - N. Elmer 27



Back up / Additional material



Prediction accuracy

® Full dataset: 1.1M phase space points (unweighted samples)

® Accuracy testing: A(z) = ANN(j;) _ ?t)rue(z)
true \ &
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Prediction accuracy

® Full dataset: 1.1M phase space points (unweighted samples)

® Accuracy testing: A(:c) — ANN(x) - Atrue(z)

Atrue (iE )
104.; BNN 0.1% 20000- BNN 0.1%
; BNN 1% i BNN 1%
BNN 99% | BNN 99%
103 L+ RE 0.1% 60000 i . RE 0.1%
7 RE 1% 7 RE 1%
jg : 7 RE 99% £ 7 RE 99%
210 - U True 240000
; , l‘. i
1 J]ﬁ J]][ 20000 -
100'; h PW ﬂ‘WHW (L B S ==s———
1077 108 107 1070 107° 10~ 10~3 —0.04 —0.02 0.00 0.02 0.04
A A
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Scaled statistical pull

® Statistical uncertainty and pull based on mean and variance

® Scales with number of samples M
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Scaled statistical pull

® Statistical uncertainty and pull based on mean and variance

® Scales with number of samples M

Ostat (ZE)

Ustat,l\/[(x) — \/M
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Scaled statistical pull

® Statistical uncertainty and pull based on mean and variance

® Scales with number of samples M

Ostat (m)

Ustat,l\/[(x) — \/M

: (A) () — (A) ()

botat, 21 (&) = Ostat,M ()
stat,
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Calibration of networks

® Calibrate RE by introducing scaling parameter T: Ogyst — Ogyst X 1’

. . . . A, (x)—A(x)|?
® T estimated by using stochastic gradient descent L;(x) = <| m‘ze((jzzx)T(z Ly logo(x)T>
X ~Dhrain

L 1071-
—— RE cal. 10_2_;
— A(0,1) ;
L 10 10
< s, ]
0.5' _l—‘—|: 10_4_
J ik 10"

0.0+ . L A

ay 5 0 5 4 10 10 10 10

tsyst O-syst/A
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Kolmogorov-Arnold networks (KANs)

® Use KANSs for calibration

® GroupKANSs allow for learnable activation functions

MLP + KAN DSI
0.04 5 e ReLU 0.04 fh e ReLU
I GELU P T GELU
0.03- ‘ ————— LeakyReLU 0.03- :JE}P o - LeakyReLU
. I.-' ji i — GroupKAN-1 | !' | 4ﬂ ”l —— GroupKAN-1
5 0.02- [ — GroupKAN-2 5 0.02- A e T GroupkAN-2
1, — GroupKAN-4 - “1h '\ —— GroupKAN-4
't BRL . ~ I
N !.I GroupKAN-8 i : GroupKAN-8
_ i kk _ _|
0.01 £ KAN 0.01 J }
rl- 1 -rr -:"'J
0.00 +==me=mT . . 0.00 demem oo™ . _— .
107° 10~ 10~ 10° 107 1077 107 103 101 101
AN |A
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