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➡ Precision is central aspect of LHC 
physics
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➡ ML tools for processing and 
evaluating the data
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Combining ML with precision measurements
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Different types of uncertainties to deal with in 
LHC analyses

➡How do ML networks handle these? 

➡Intrinsic ML uncertainties? ❓❓

Uncertainties from predictions 
(event generation, modelling, etc.)

Uncertainties from measurements 
(detector effects, calibration, etc.)
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Outline

Part I: Different networks and architectures 

Part II: Systematic uncertainties 

Part III: Statistical uncertainties
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• Fit set of Amplitudes , with training data: A(x) {x, A(x)}

• Prediction in regression:

σ2
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Neural network

Network weights are  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Bayesian neural network

Network weights are  
drawn from distribution

θ ∼ q(θ)
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Bayesian neural networks (BNNs)
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SciPost Physics Submission

The network encodes this probability in weight configurations, conditional on the training
data. The training can be described as constructing a variational approximation [?,?], replac-
ing p(ω |Dtrain) with q(ω ) such that

p(A) =
∫

dω p(A|ω ) p(ω |Dtrain)→
∫

dω p(A|ω ) q(ω ) . (5)

To learn q(ω ) we minimize the KL-divergence

KL[q(ω ), p(ω |Dtrain)] =
∫

dω q(ω ) log
q(ω )

p(ω |Dtrain)

=
∫

dω q(ω ) log
q(ω )p(Dtrain)

p(ω )p(Dtrain|ω )

→ KL[q(ω ), p(ω )]↑
∫

dω q(ω ) log p(Dtrain|ω ) . (6)

The first term arises from the prior and can be viewed as a weight regularization. The second
time samples from the negative log-likelihood, where the sampling generalizes the standard
dropout in neural network training. The BNN loss is then defined as

LBNN =
∑

x

#
KL[q(ω ), p(ω )]↑

$
log p(Dtrain|ω )
%
ω↓q(ω )

&
. (7)

We are free to choose the prior p(ω ). A Gaussian works well in practice, its width ϵp giving
another hyperparameter which can be varied on a performance plateau to make the training
more efficient. If we also choose the weight distributions q(ω ) Gaussian, we can compute
the KL-divergence analytically. Provided our network is sufficiently deep, the assumption of
independent Gaussians for each network parameter should not affect the expressivity.

Uncertainties

To extract the uncertainty for A, we re-write Eq.(4) such that we sample over ω and define an
expectation value and the corresponding variance

↔A↗=
∫

dω q(ω ) ↔A↗ω with ↔A↗ω =
∫

dA A p(A|ω )

ϵ2
tot =
∫

dω q(ω )
'$

A
2
%
ω
↑ ↔A↗2ω + (↔A↗ω ↑ ↔A↗)2

(
↘ ϵ2

syst +ϵ
2
stat , (8)

where
$
A

2
%
ω

is defined in analogy to ↔A↗ω . The total uncertainty factorizes into two terms. The
first vanishes in the limit of arbitrarily well-known data, p(A|ω )≃ ϑ(A↑ A0) and is identical
to the learned error in the heteroscedastic loss in Eq.(3)

ϵ2
syst ↘ ϵ2

ω =
∫

dω q(ω )
#$

A
2
%
ω
↑ ↔A↗2ω
&

. (9)

Because we will see that it approaches a plateau for large training datasets, we refer to it as a
systematic uncertainty — accounting for a non-deterministic or stochastic labels (noisy data),
limited expressivity of the network (structure uncertainty), not-so-smart choices of hyperpa-
rameters (uncertainty in model parameters) etc, in the sense of systematic uncertainty.

The second error is the ω -sampled variance

ϵ2
stat =
∫

dω q(ω ) [↔A↗ω ↑ ↔A↗]2 , (10)
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• Parameters: Network weights  

•  params of a Gaussian 
distribution 

• Ensemble: Sample from weight 
distribution

q(θ)

q(θ)

SciPost Physics Submission

The network encodes this probability in weight configurations, conditional on the training
data. The training can be described as constructing a variational approximation [?,?], replac-
ing p(ω |Dtrain) with q(ω ) such that

p(A) =
∫

dω p(A|ω ) p(ω |Dtrain)→
∫

dω p(A|ω ) q(ω ) . (5)

To learn q(ω ) we minimize the KL-divergence

KL[q(ω ), p(ω |Dtrain)] =
∫

dω q(ω ) log
q(ω )

p(ω |Dtrain)

=
∫

dω q(ω ) log
q(ω )p(Dtrain)

p(ω )p(Dtrain|ω )

→ KL[q(ω ), p(ω )]↑
∫

dω q(ω ) log p(Dtrain|ω ) . (6)

The first term arises from the prior and can be viewed as a weight regularization. The second
time samples from the negative log-likelihood, where the sampling generalizes the standard
dropout in neural network training. The BNN loss is then defined as

LBNN =
∑

x

#
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%
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&
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We are free to choose the prior p(ω ). A Gaussian works well in practice, its width ϵp giving
another hyperparameter which can be varied on a performance plateau to make the training
more efficient. If we also choose the weight distributions q(ω ) Gaussian, we can compute
the KL-divergence analytically. Provided our network is sufficiently deep, the assumption of
independent Gaussians for each network parameter should not affect the expressivity.

Uncertainties

To extract the uncertainty for A, we re-write Eq.(4) such that we sample over ω and define an
expectation value and the corresponding variance
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where
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is defined in analogy to ↔A↗ω . The total uncertainty factorizes into two terms. The
first vanishes in the limit of arbitrarily well-known data, p(A|ω )≃ ϑ(A↑ A0) and is identical
to the learned error in the heteroscedastic loss in Eq.(3)

ϵ2
syst ↘ ϵ2

ω =
∫

dω q(ω )
#$

A
2
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. (9)

Because we will see that it approaches a plateau for large training datasets, we refer to it as a
systematic uncertainty — accounting for a non-deterministic or stochastic labels (noisy data),
limited expressivity of the network (structure uncertainty), not-so-smart choices of hyperpa-
rameters (uncertainty in model parameters) etc, in the sense of systematic uncertainty.

The second error is the ω -sampled variance

ϵ2
stat =
∫

dω q(ω ) [↔A↗ω ↑ ↔A↗]2 , (10)
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Repulsive ensembles (REs)
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• Repulsive term: Cover full posterior 
distribution 

• Ensemble members trained 
simultaneously
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Different network architectures

• MLP: fully connected linear layers followed by non-linearities 

• Deep Sets (DS): learns embedding for each particle type 

• Deep Sets Invariants (DSI): DS with Lorentz invariance added as input 

• L-GATr: fully Lorentz equivariant network architecture [2411.00446]

12

https://arxiv.org/abs/2411.00446
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• One-loop partonic process: 
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Prediction accuracy

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

• Accuracy testing:

14
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!(x) =
ANN(x)→Atrue(x)

Atrue(x)
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Outline

Part I: Different networks and architectures 

Part II: Systematic uncertainties 

Part III: Statistical uncertainties
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Adding Gaussian noise
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Uncertainty behavior
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Uncertainty behavior

18

1. Statistical uncertainty independent of noise 

2. Systematic uncertainty plateaus on noise level
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Uncertainties not 
comparable for 
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Are uncertainties 
correctly learned?
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<latexit sha1_base64="Cb+76FSDtWmpS5Y5teGX2Kwwnc8="></latexit>

thet(x) =
ANN(x)→Atrain(x)

ω(x)
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Pull distribution 

Uncertainties not 
comparable for 

different networks

Problems:

Are uncertainties 
correctly learned?

Use pull distribution 
for calibration

Correctly learned 
uncertainty should follow 

a Gaussian shape

<latexit sha1_base64="Cb+76FSDtWmpS5Y5teGX2Kwwnc8="></latexit>

thet(x) =
ANN(x)→Atrain(x)

ω(x)
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Systematic pull

• Limit of perfect network training:  with  

• Gaussian:  and 

ANN → Atrue q(θ) = δ(θ − θ0)

⟨A⟩(x) ≈ Atrue(x) σsyst(x) ≈ σtrain(x)
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• BNN and RE: relates learned  to actual (noisy) training data A(x)
<latexit sha1_base64="79bUAy7ncBeWPHAuL5K67LANFKQ="></latexit>

Atrain(x)
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<latexit sha1_base64="r07+nBEX9hBLAF4if4RxcI5Dv34="></latexit>

tsyst(x) =
1

ωsyst(x)

∫
dA [A→Atrain(x)] p(A|x, ε0)

=
↑A↓(x)→Atrain(x)

ωsyst(x)

• BNN and RE: relates learned  to actual (noisy) training data A(x)
<latexit sha1_base64="79bUAy7ncBeWPHAuL5K67LANFKQ="></latexit>

Atrain(x)
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Systematic pull - Results
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➡Well calibrated results, except 
for RE without any noise 
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Systematic pull of REs

• Learned  too conservativeσsyst(x)
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Systematic pull of REs

• Learned  too conservativeσsyst(x)
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➡Prediction benefits from ensemble nature but not σsyst
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Systematics from network expressivity

23
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Systematics from network expressivity

• Need at least three layers 

• BNN: only last layer Bayesian 

• Six layer: network  gets too large 

➡ More expressivity and better sensitivity for 
small noise with more layers
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Prior influence in the BNN

24
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Prior influence in the BNN
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➡Results don’t depend on prior 

➡For more layers a larger prior is needed
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Comparing to advanced architectures

25
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➡Controlled accuracy on 
 level ( ) 

➡Advanced architectures 
give better results

σsyst

10−5 ∼ 0.001 %
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Outline

Part I: Different networks and architectures 

Part II: Systematic uncertainties 

Part III: Statistical uncertainties

26
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Statistical pull

27

• Limit of infinite training data:  with  

• Follows Gaussian structure in limit of 

⟨A⟩(x) = Ā(x, θ0) q(θ) = δ(θ − θ0)

N → ∞
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Statistical pull

27

• Limit of infinite training data:  with  

• Follows Gaussian structure in limit of 

⟨A⟩(x) = Ā(x, θ0) q(θ) = δ(θ − θ0)

N → ∞

•  calculated from variance of σstat(x) Ā(x, θ)

network output of single member

network output of all members

<latexit sha1_base64="5v4EaaRcYI+YnQWMUZKP8cNP7hw="></latexit>

tstat(x, ω) =
A(x, ω)→Atrue(x)

εstat(x)
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• Statistical uncertainty and pull based on mean and variance 

• Scales with number of samples M
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ωstat,M(x) =
ωstat(x)→

M
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Scaled statistical pull

28

• Statistical uncertainty and pull based on mean and variance 

• Scales with number of samples M

<latexit sha1_base64="WioRmv6i7yjoe2aa3w4Ia76RPwI=">AAACKXicbVDLSgNBEJyNrxhfUY9eBoMQQcKuBPUiBL14CUQwD8iGMDuZTYbMPpzplYRlf8eLv+JFQVGv/oizSQ6aWNBQVHXT3eWEgiswzU8js7S8srqWXc9tbG5t7+R39xoqiCRldRqIQLYcopjgPqsDB8FaoWTEcwRrOsPr1G8+MKl44N/BOGQdj/R97nJKQEvdfMVWvO+Rrg1sBLECAifVpDg6xpfYdiWh8YKfuomW7yXE1STp5gtmyZwALxJrRgpohlo3/2r3Ahp5zAcqiFJtywyhExMJnAqW5OxIsZDQIemztqY+8ZjqxJNPE3yklR52A6nLBzxRf0/ExFNq7Dm60yMwUPNeKv7ntSNwLzox98MImE+ni9xIYAhwGhvucckoiLEmhEqub8V0QHRAoMPN6RCs+ZcXSeO0ZJ2VyrflQuVqFkcWHaBDVEQWOkcVdINqqI4oekTP6A29G0/Gi/FhfE1bM8ZsZh/9gfH9A+0uqFE=</latexit>

ωstat,M(x) =
ωstat(x)→

M

<latexit sha1_base64="IQ3EAUFz5fTFgKBTGcGonyx7PGM="></latexit>

t̂stat,M (x) =
→A↑M (x)↓ →A↑(x)

ωstat,M(x)
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Scaled statistical pull

• Use N=512 samples for BNN and RE 

• Evaluate scaled pull for subset M 

• M N: correlation increases,→

29
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<latexit sha1_base64="wo5hGhdte9GZyuueJofhV7PEruk=">AAACHHicbVC7SgNBFJ2NrxhfUUubwSBYSNjVoJZBGxshgnlANoS7k0kyZPbBzF01LPshNv6KjYUiNhaCf+PkUWjigYHDOedy5x4vkkKjbX9bmYXFpeWV7GpubX1jcyu/vVPTYawYr7JQhqrhgeZSBLyKAiVvRIqD70le9waXI79+x5UWYXCLw4i3fOgFoisYoJHa+RNXi54PbRf5AyYaAY+uU+oq0esjKBXe07lA2s4X7KI9Bp0nzpQUyBSVdv7T7YQs9nmATILWTceOsJWAQsEkT3NurHkEbAA93jQ0AJ/rVjI+LqUHRunQbqjMC5CO1d8TCfhaD33PJH3Avp71RuJ/XjPG7nkrEUEUIw/YZFE3lhRDOmqKdoTiDOXQEGBKmL9S1gcFDE2fOVOCM3vyPKkdF53TYummVChfTOvIkj2yTw6JQ85ImVyRCqkSRh7JM3klb9aT9WK9Wx+TaMaazuySP7C+fgAu76NS</latexit>ωstat,M → ωstat
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Reducing the training size

• Systematic uncertainty dominant over statsitical 

• Training on 700000 phase space points:  

• Reducing training data to 100000 phase space points

<latexit sha1_base64="tqnAqm1ZyCIdcnfkD0ow8Ol0AUI=">AAACNXicbZA9SwNBEIb3/IzxK2ppsxiE2IQ7EbUU0lhYRDCJkAthbrO5LO7dHrtzknDkT9n4P6y0sFDE1r/g5pJCowMLL+8zw+y8QSKFQdd9cRYWl5ZXVgtrxfWNza3t0s5u06hUM95gSip9G4DhUsS8gQIlv000hyiQvBXc1Sa8dc+1ESq+wVHCOxGEsegLBmitbunKNyKMoOsjH2KGCseV4RH1IUm0GtJf0IxMTot+GM4RhJx0S2W36uZF/wpvJspkVvVu6cnvKZZGPEYmwZi25ybYyUCjYJKPi35qeALsDkLetjKGiJtOll89pofW6dG+0vbFSHP350QGkTGjKLCdEeDAzLOJ+R9rp9g/72QiTlLkMZsu6qeSoqKTCGlPaM5QjqwApoX9K2UD0MDQBl20IXjzJ/8VzeOqd1o9uT4pX9RmcRTIPjkgFeKRM3JBLkmdNAgjD+SZvJF359F5dT6cz2nrgjOb2SO/yvn6BqMjrSc=</latexit>

ωtot(x) → ωsyst(x) ↑ ωstat(x)

30



Accuracy and Uncertainties in ML - N. Elmer

Reducing the training size

• Systematic uncertainty dominant over statsitical 

• Training on 700000 phase space points:  
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ωtot(x) → ωsyst(x) ↑ ωstat(x)
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<latexit sha1_base64="ZteDsMRZZVUHLOTzeuOmiwpP2YM="></latexit>

70% 10%

→ωsyst, BNN-DSI/A↑ 8.7 · 10→5 2.5 · 10→4

→ωstat, BNN-DSI/A↑ 3.6 · 10→5 1.5 · 10→4

→ωsyst, RE-DSI/A↑ 5.1 · 10→5 2.9 · 10→4

→ωstat, RE-DSI/A↑ 4.8 · 10→5 2.2 · 10→4
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Dependence on training size

31
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Dependence on training size

• RE good calibrated due to ensemble nature 

• BNN good calibrated for small training, large training: overconfident

31
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Relative uncertainty vs training size

32
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Relative uncertainty vs training size

➡  always larger 

➡  larger for RE-DSI than BNN-DSI
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Relative uncertainty vs training size

➡  always larger 

➡  larger for RE-DSI than BNN-DSI
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➡Difference in  for small data 

➡RE-DSI more accurate in prediction

σtot
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Conclusion

33

1. Able to track systematic and statistical uncertainties 

2. Networks mostly well calibrated (if not: calibration possible) 

3. RE benefit from ensemble nature in precision 

4. Advanced networks are able to give controlled accuracy on  level10−5
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Conclusion
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1. Able to track systematic and statistical uncertainties 

2. Networks mostly well calibrated (if not: calibration possible) 

3. RE benefit from ensemble nature in precision 

4. Advanced networks are able to give controlled accuracy on  level10−5

Thank you for your attention! 

Happy holidays! 🎅🎄  
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Back up / Additional material
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Calibration of networks

• Calibrate RE by introducing scaling parameter T:  

• T estimated by using stochastic gradient descent

35

<latexit sha1_base64="3wDFXjqr24cS686l2GlV3hjp61o=">AAACJHicbVDLSsNAFJ3UV62vqEs3g0VwVRIpKrgpunFZoS9oQplMp+3QyYOZGzWEfowbf8WNCx+4cOO3OGmz0LYHLhzOuZd77/EiwRVY1rdRWFldW98obpa2tnd298z9g5YKY0lZk4YilB2PKCZ4wJrAQbBOJBnxPcHa3vgm89v3TCoeBg1IIub6ZBjwAacEtNQzrxzFhz7pOcAeIVWJggl2JB+OgEgZPuBlNnCfKdwo9cyyVbGmwIvEzkkZ5aj3zA+nH9LYZwFQQZTq2lYEbkokcCrYpOTEikWEjsmQdTUNiN7jptMnJ/hEK308CKWuAPBU/TuREl+pxPd0p09gpOa9TFzmdWMYXLopD6IYWEBniwaxwBDiLDHc55JREIkmhEqub8V0RCShoHPNQrDnX14krbOKfV6p3lXLtes8jiI6QsfoFNnoAtXQLaqjJqLoCb2gN/RuPBuvxqfxNWstGPnMIfoH4+cXX66mcw==</latexit>
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Kolmogorov-Arnold networks (KANs)

• Use KANs for calibration 

• GroupKANs allow for learnable activation functions

36
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ℒheteroscedastic = ∑
i

| f(xi) − fθ(xi) |2

2σ(xi)2
+ log σ(xi) + const.

Deterministic network

• Parameter: network weights  

• Gaussian uncertainty in loss 

• Predicts mean and variance

q(θ)

37

Input

x output

       
<latexit sha1_base64="f31NDCY68QHhzEzyMKNsAng7uFU=">AAAB8XicdVBNT8JAEN3iF+IX6tHLRmKCl6bFSuFG4sUjJiJEIGS7LLBhu627UxNC+BdePGiMV/+NN/+NW8BEjb5kkpf3ZjIzL4gF1+A4H1ZmZXVtfSO7mdva3tndy+8f3OgoUZQ1aCQi1QqIZoJL1gAOgrVixUgYCNYMxhep37xnSvNIXsMkZt2QDCUfcErASLd3xQ6MGJDTXC9fcGzX9cuejx27VK04Z1VDvEq55J9j13bmKKAl6r38e6cf0SRkEqggWrddJ4bulCjgVLBZrpNoFhM6JkPWNlSSkOnudH7xDJ8YpY8HkTIlAc/V7xNTEmo9CQPTGRIY6d9eKv7ltRMYVLpTLuMEmKSLRYNEYIhw+j7uc8UoiIkhhCpubsV0RBShYEJKQ/j6FP9Pbkq2W7a9K69Q85ZxZNEROkZF5CIf1dAlqqMGokiiB/SEni1tPVov1uuiNWMtZw7RD1hvn/aJkHA=</latexit>

q(ω)

0.2
-0.1

0.8


