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Outline

• Motivations

• GoF via Neyman-Pearson testing

• NPLM - Kernel methods and Falkon

• Applications:
• HEP data
• Data Quality Monitoring
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How good is the Standard Model

Analyse (LHC) data 𝒟 to find departures from a reference model 𝑅 (SM).

“Does 𝑅 describe 𝒟 correctly?”

Easier if we check specific alternatives to 𝑅 (𝐵𝑆𝑀). 
More partial as well.
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How good is the Standard Model

Analyse (LHC) data 𝒟 to find departures from a reference model 𝑅 (SM).

MODEL DEPENDENT strategy:
BSM models are tested individually against the SM. 

However, observables that are sensitive to one BSM
model are in general not sensitive to other BSM models.
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How good is the Standard Model

Hard to find failures if correct BSM model has not been formulated.

→ Design a MODEL INDEPENDENT strategy.
Detect generic departures from the SM.
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How good is the Standard Model

Hard to find failures if correct BSM model has not been formulated.

→ Design a MODEL INDEPENDENT strategy.
Detect generic departures from the SM.

Two flavours:
• Typical model independence: weaken hypothesis on alternative scenarios, e.g.

simplified BSM models, bump hunts, effective field theories.
• Machine learning model independence.
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GoF via Neyman-Pearson testing

Data: 𝒟 = 𝑥! !"#
𝒩𝒟 , with 𝑥! ∼ 𝑝%&'((𝑥)

Reference hypothesis R: 𝑛 𝑥 𝑅 = 𝑁 𝑅 𝑝(𝑥|𝑅)

Goodness of fit: test the consistency between 𝒟 and R.
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GoF via Neyman-Pearson testing

Data: 𝒟 = 𝑥! !"#
𝒩𝒟 , with 𝑥! ∼ 𝑝%&'((𝑥)

Reference hypothesis R: 𝑛 𝑥 𝑅 = 𝑁 𝑅 𝑝(𝑥|𝑅)

Goodness of fit: test the consistency between 𝒟 and R.

Neyman-Pearson HT
→ alternative hypothesis: 𝑛 𝑥 𝐴 = 𝑁 𝐴 𝑝(𝑥|𝐴)
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GoF via Neyman-Pearson testing

Likelihood ratio: 𝑡 𝒟 = −2 log
ℒ 𝒟, 𝑅
ℒ 𝒟, 𝐴 , ℒ 𝒟 =

𝑒)*

𝒩𝒟
C
!"#

𝒩𝒟

𝑛 𝑥
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GoF via Neyman-Pearson testing

Likelihood ratio: 𝑡 𝒟 = −2 log
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GoF via Neyman-Pearson testing

Likelihood ratio: 𝑡 𝒟 = −2 log
ℒ 𝒟, 𝑅
ℒ 𝒟, 𝐴 , ℒ 𝒟 =

𝑒)*

𝒩𝒟
C
!"#

𝒩𝒟

𝑛 𝑥

Parametrized
alternative hypothesis: 𝑛 𝑥 𝐴 → 𝑛 𝑥 𝑤 , Mix O𝑤 from data

𝑡!! 𝒟 = −2 log
ℒ 𝒟, 𝑅
ℒ 𝒟, !𝑤 = 2 𝑁 𝑅 − 𝑁 "𝑤 +2

"#$

𝒩𝒟

𝑓"& 𝑥 , 𝑓"& 𝑥 = log
𝑛 𝑥 "𝑤
𝑛 𝑥 𝑅
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GoF via Neyman-Pearson testing

Likelihood ratio: 𝑡 𝒟 = −2 log
ℒ 𝒟, 𝑅
ℒ 𝒟, 𝐴 , ℒ 𝒟 =

𝑒)*

𝒩𝒟
C
!"#
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𝑛 𝑥

Parametrized
alternative hypothesis: 𝑛 𝑥 𝐴 → 𝑛 𝑥 𝑤 , Mix O𝑤 from data

𝑡!! 𝒟 = −2 log
ℒ 𝒟, 𝑅
ℒ 𝒟, !𝑤 = 2 𝑁 𝑅 − 𝑁 "𝑤 +2

"#$

𝒩𝒟

𝑓"& 𝑥 , 𝑓"& 𝑥 = log
𝑛 𝑥 "𝑤
𝑛 𝑥 𝑅
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(model dependent)

≈ log
𝑛 𝑥 true
𝑛 𝑥 𝑅

(alternative not related to any particular physics model)



GoF via Neyman-Pearson testing

Data: 𝒟 = 𝑥! !"#
𝒩𝒟 , with 𝑥! ∼ 𝑝%&'((𝑥)

Reference hypothesis R: 𝑛 𝑥 𝑅 = 𝑁 𝑅 𝑝(𝑥|𝑅)

𝑛 𝑥 𝑅 not known in closed form → ℛ = 𝑥! !"#
𝒩ℛ , with 𝑥! ∼ 𝑝 (𝑥|𝑅)

Two-sample test: assess if 𝒟 and ℛ are sampled from the same distribution.
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GoF via Neyman-Pearson testing

Data: 𝒟 = 𝑥! !"#
𝒩𝒟 , with 𝑥! ∼ 𝑝%&'((𝑥)

Reference data: ℛ = 𝑥! !"#
𝒩ℛ , with 𝑥! ∼ 𝑝 (𝑥|𝑅)

Goodness of fit via two-sample testing:

𝒩ℛ ≫𝒩𝒟: statistical fluctuations in the reference sample are subdominant

→ outcome of two-sample test nearly independent of the specific ℛ and 
determined by the agreement of data 𝒟 with model R.
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Summary

Data: 𝒟 = 𝑥! !"#
𝒩𝒟 , with 𝑥! ∼ 𝑝%&'((𝑥)

Reference data: ℛ = 𝑥! !"#
𝒩ℛ , with 𝑥! ∼ 𝑝 (𝑥|𝑅)

Test statistics: 𝑡- 𝒟 = 2 𝑁 𝑅 − 𝑁(𝑤) +V
.∈𝒟

𝑓-(𝑥) ,

𝑓! 𝑥 = log # 𝑥 𝑤
# 𝑥 𝑅
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Summary

How can machine learning help?

• Rich family of alternative hypotheses      𝑛(𝑥|𝑤)

• Multivariate approach
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NPLM

Two approaches:

- Maximum likelihood by minimum loss* (based on neural networks):

max
-

𝑡- 𝒟 = −2 min
-
𝐿 𝑓-, 𝑦

𝐿 𝑦, 𝑓- = V
(.,2)

1 − 𝑦
𝑁 𝑅
𝒩ℛ

𝑒4$ . − 1 − 𝑦𝑓-(𝑥)

𝑡5-(𝒟) = −2 𝐿 𝑦, 𝑓5- , at the end of training

* D’Agnolo et al, arXiv:1806.02350; D’Agnolo et al, arXiv:1912.12155.
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NPLM

- Fast kernel-based logistic regression*:

Data: 𝑥% , 𝑦% %&'
𝒩 , with -𝑦% = 0 if 𝑥% ∈ ℛ

𝑦% = 1 if 𝑥% ∈ 𝒟

𝐿 𝑦, 𝑓) =
1
𝒩

8
(+,-)

1 − 𝑦 log 1 + 𝑒/! + + 𝑦 log 1 + 𝑒0/! + , 𝑓") ≈ 𝑓∗ = log
𝑝 𝑥|1
𝑝 𝑥 0

* ML et al (2022), arXiv:2204.02317.
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NPLM

- Fast kernel-based logistic regression*:

Data: 𝑥% , 𝑦% %&'
𝒩 , with -𝑦% = 0 if 𝑥% ∈ ℛ

𝑦% = 1 if 𝑥% ∈ 𝒟

𝐿 𝑦, 𝑓) = 8
(+,-)

1 − 𝑦
𝑁 𝑅
𝒩ℛ

log 1 + 𝑒/! + + 𝑦 log 1 + 𝑒0/! + , 𝑓") ≈ 𝑓∗ = log
𝑛2345 𝑥
𝑛 𝑥 𝑅

→ 𝑡!& 𝒟 = 2 2
(",))

1 − 𝑦
𝑁 𝑅
𝒩ℛ

1 − 𝑒,"# " + 𝑦𝑓!&(𝑥)

* ML et al (2022), arXiv:2204.02317.
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NPLM
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Logistic regression 
classifier
𝑓& → 𝑓!&

Reference sample ℛ

Data sample 𝒟

INPUT OUTPUT

Likelihood ratio
test statistic
𝑡!& 𝒟

Learned 
density ratio

𝑓!" 𝑥 ≈ log
𝑛#$%& 𝑥
𝑛(𝑥|𝑅)



NPLM

Large 𝑡"! 𝒟 → data are anomalous with respect to the reference model.

How large? We need to calibrate:

We use reference pseudo-experiments (toys):
Train large reference sample ℛ against batches of reference data
with the same statistics of the actual data but sampled from
the reference distribution.

Estimate the distribution of 𝑡 under the hypothesis of validity of the 
reference model (null hypothesis) → p-value/Z-score
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𝑡"#(𝒟)

− 𝜒!(9.8)
Ref

𝑃(
𝑡)

𝑡



Kernel methods and Falkon

ERM 6𝑓 = argmin
0∈ℋ

<𝐿 𝑓 + 𝜆 𝑅

Loss function ℓ 𝑦, 𝑓 𝑥

Select a space ℋ of possible functions, e.g.

- Linear 𝑓 𝑥 = 𝑤3𝑥
- Neural networks “𝜎(𝜎 …𝜎 𝑤3𝑥 )”
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Kernel methods and Falkon

Kernel methods 𝑓 𝑥 = 𝑤3𝜙 𝑥 , 𝜙: 𝑋 → 𝐹 feature map

Input 𝑥4, 𝑥5 𝜙 𝑥 = (𝑥45, 𝑥55, 2 𝑥4 𝑥5)
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Kernel methods and Falkon

One can take infinite dimensional feature maps if  𝑘 𝑥, 𝑥6 = 𝜙3 𝑥 𝜙 𝑥6
can be computed.

The solution to the ERM problem can be written as (representer theorem)

𝑓"! 𝑥 =T
784

#

𝑐7 𝑘 𝑥, 𝑥7
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Common kernels:
-Linear 𝑘 𝑥, 𝑥′ = 𝑥0𝑥′
-Polynomial 𝑘1 𝑥, 𝑥′ = 𝑥0𝑥2 + 1 1

-Gaussian 𝑘3 𝑥, 𝑥′ = exp− "4"+ ,

53,



Kernel methods and Falkon

Kernel methods are very flexible, they can approximate any continuous function 
given enough data.*

They do not scale well: kernel matrix     𝐾66 ∈ ℝ6×6 with entries 𝑘(𝑥! , 𝑥8).

• Computational complexity: 𝒪 𝑛9 in space and 𝒪 𝑛: in time (direct KRR).

→ Some approximation is needed.

* A. Micchelli et al, Universal kernels (2006); A. Christmann and I. Steinwart, Support Vector Machines (2008)
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Kernel methods and Falkon

Falkon:*

A modern algorithm to efficiently extend kernel methods to large scale problems,
𝑛 = 𝒪 106 .

• Nyström approximation (column subsampling)
• Approximate interative solver
• Efficient (multi-)GPU implementation

* G. Meanti et al, arXiv:2006.10350
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Kernel methods and Falkon

• Nyström approximation

𝑓 𝑥 =2
7#$

8

𝑐7 𝑘 𝑥, 𝑥7 →2
7#$

9

𝑐7 𝑘 𝑥, 𝑥7 ,

{𝑥$, … , 𝑥9} ⊂ {𝑥$, … , 𝑥8} sampled uniformly at random (centers).
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Kernel methods and Falkon

• Approximate interative solver

Preconditioner:     P:P = 𝐾89𝐾89 + 𝜆𝑛𝐾99 4$

Nyström → 𝑃0𝑃 ≈ 8
9𝐾99

5 + 𝜆𝑛𝐾99
4$

→ Conjugate gradient with approximate preconditioning.
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Kernel methods and Falkon

Overall space 𝒪 𝑛5 , time 𝒪 𝑛9 → space 𝒪 𝑛 , time 𝒪(𝑛 𝑛 log 𝑛)
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Hyperparameters

Three main hyperparameters:
- The bandwidth 𝜎: 90th percentile of the pairwise distance between 

reference-distributed data point.
- The L2 parameter 𝜆: as small as possible (stability and training time).
- The number of centers 𝑀 ≥ 𝑁
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HEP data
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NN



DQM
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G. Grosso et al, arXiv:2303.05413.

Monitoring data to assess their quality and to promptly detect detector malfunctions.

Modern high-energy physics experiments operating at colliders are extremely 
sophisticated devices consisting of millions of sensors sampled every few 
nanoseconds, producing an enormous throughput of data.

→ fast, automated, multivariate approach to DQM.

→ NPLM.

https://arxiv.org/abs/2303.05413


DQM
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G. Grosso et al, arXiv:2303.05413.

DT chambers from Legnaro INFN National Laboratory.
Reduced-size version of the muon chambers installed in the CMS experiment.

A drift tube chamber consists of 64 tubes arranged in four layers of 16 tubes each.
Data acquisition at 40 MHz.

L: 70 cm 
cross section: 4 × 2.1 cm2

Anode: 3.6 kV
Cathode: −1.2 kV 
Gas: Argon Carbon Dioxide (85+15)

https://arxiv.org/abs/2303.05413


DQM
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DATASET:
• Drift times (𝑡$): the four drift times of the muon track. 
• Slope (𝜙): the angle with respect to the vertical axis.

• Reference data is collected in a controlled regime.

• Anomalies:
• reduced voltage of cathodic strips to 75%, 50%, and 25% of their nominal value ( -1.2 kV)
• lowered front-end thresholds to 75%, 50%, and 25% of nominal value (100 mV)

G. Grosso et al, arXiv:2303.05413.

https://arxiv.org/abs/2303.05413


DQM
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G. Grosso et al, arXiv:2303.05413.

GPU: NVIDIA Titan Xp GPU (12 GB VRAM)
̅𝑡%&'$( ≈ 0.5 sec 

https://arxiv.org/abs/2303.05413


DQM
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G. Grosso et al, arXiv:2303.05413.

https://arxiv.org/abs/2303.05413


DQM
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G. Grosso et al, arXiv:2303.05413.

𝑛6%78: the number of hits in a time window of one second around the muon crossing time. 

https://arxiv.org/abs/2303.05413


Outlook

• Mismodeling of the reference distribution – systematic uncertainties

• Characterization of the null distribution

• Falkon algorithm (selection of centers, hyperparameter tuning,…)

• Small reference sample
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DQM

Training time

Hyperparameters
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DQM
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G. Grosso et al, arXiv:2303.05413.

Reconstructed density ratios.

https://arxiv.org/abs/2303.05413

