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CLOSURE TESTS 1/16

• Assume a given underlying law of Nature: e.g. 
NNLO QCD predictions for partonic cross 
section and a given PDF set (for example a 
random NNPDF replica)  

• Generate data with central values given by the 
“true” law of Nature, and distributed according 
to experimental covariance matrix.  

• Run a fit with a given methodology on this 
dataset 

• Do statistics on “runs of the universe”: generate  
      Nfit times with different random noise drawn 
from experimental distribution

L2 pseudo-data (to propagate uncertainties 
                               in Monte Carlo fits)

�̂NNLO ⌦ (f ⌦ f)“true”PDF

<latexit sha1_base64="C6qIXFp9fdinq1T1p863vlJS4cM="></latexit>

Experimental noise

L1 data, each corresponding to a “run of the universe”

True value of observables,  
unknown in real life but 
identified with G in clos. test



STATISTICAL ESTIMATORS 2/16

• Key estimate is the normalised bias:  
measure mean square deviation of predictions from 
the “truth” in units of predicted standard deviation  

(�PDF)i = E✏ [G(u⇤,k)i � E✏G(u⇤,k)i]

<latexit sha1_base64="FC36uCjovwicSlR3pyaPVbxQOqY="></latexit>

Best fit for each data replica in Monte Carlo approach
Central value of prediction i

PDF uncertainty of prediction i

�
Ḡ
�
i
= E✏ [G(u⇤,k)i]

<latexit sha1_base64="42Im6NdmT7E2jSyGmBsqpJ4lE4w="></latexit>

 PDF covariance matrix of predictions i and j 
(PDF induced correlation among observables) 

Rb ~ 1 faithfully estimated PDF uncertainties 
Rb < 1 overestimated PDF uncertainties 
Rb > 1 underestimated PDF uncertainties

Bias averaged over 
Nfit L1 data, i.e. runs of 
the universe



CONSISTENT CLOSURE TEST 3/16

B ~ 1 faithfully estimated PDF uncertainties 
B < 1 overestimated PDF uncertainties 
B > 1 underestimated PDF uncertainties

NNPDF4.0 global fit (new better estimator) NNPDF4.0 global fit (old estimator) 

E⌘B
(l)(Cexp) = 1.03

<latexit sha1_base64="CTnjwXgROz+FrszEZxHqsyIkZt4=">AAACFXicbVDLSgMxFM3UV62vqks3wSK0IMOMVnQjlBbBZQX7gLYOmfS2Dc08SDJiGeYn3Pgrblwo4lZw59+YPhbaeiBwcs69JOe4IWdSWda3kVpaXlldS69nNja3tneyu3t1GUSCQo0GPBBNl0jgzIeaYopDMxRAPJdDwx1Wxn7jHoRkgX+rRiF0PNL3WY9RorTkZI/bHlED142vEidugyJJ+S7O80KSr+i78DA8hEkBX2LbtE6dbM4yrQnwIrFnJIdmqDrZr3Y3oJEHvqKcSNmyrVB1YiIUoxySTDuSEBI6JH1oaeoTD2QnnqRK8JFWurgXCH18hSfq742YeFKOPFdPjjPIeW8s/ue1ItW76MTMDyMFPp0+1Is4VgEeV4S7TABVfKQJoYLpv2I6IIJQpYvM6BLs+ciLpH5i2kXz7KaYK5VndaTRATpEeWSjc1RC16iKaoiiR/SMXtGb8WS8GO/Gx3Q0Zcx29tEfGJ8/M/mdhg==</latexit>

E⌘B
(l)(CPDF) = 0.90

<latexit sha1_base64="2ozPJILkoDC3iIGeL+ewumXWboI=">AAACFXicbVBLSwMxGMzWV62vVY9egkVoQcquVNSDUFoVjxXsA7rrkk3TNjT7IMkKZdk/4cW/4sWDIl4Fb/4bs+0etDoQmMx8H8mMGzIqpGF8abmFxaXllfxqYW19Y3NL395piyDimLRwwALedZEgjPqkJalkpBtygjyXkY47bqR+555wQQP/Vk5CYnto6NMBxUgqydEPLQ/JkevGl4kTW0SipH4Xl1g5KTXUnXuweXGVlOE5NCpnhqMXjYoxBfxLzIwUQYamo39a/QBHHvElZkiInmmE0o4RlxQzkhSsSJAQ4TEakp6iPvKIsONpqgQeKKUPBwFXx5dwqv7ciJEnxMRz1WSaQcx7qfif14vk4NSOqR9Gkvh49tAgYlAGMK0I9iknWLKJIghzqv4K8QhxhKUqsqBKMOcj/yXto4pZrRzfVIu1elZHHuyBfVACJjgBNXANmqAFMHgAT+AFvGqP2rP2pr3PRnNatrMLfkH7+AaIz50Y</latexit>

Barontini et al, 2503.17447 NNPDF4.0 paper, 2109.02653 



MODELLING EXPERIMENTAL INCONSISTENCIES 4/16

• How to model an inconsistency due to some 
underestimated experimental systematics?   

• Generate L1 data with “true” experimental 
covariance matrix 

• Fit the data using the rescaled experimental 
covariance matrix (both in pseudo data 
generation and in the loss function) 

(Cexp)ij =

<latexit sha1_base64="lat5egAymMBUFx5un9L6EzuG4LM=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBHqpiRS0Y1Q7MZlBfuANoTJdNqOnZmEmYkYQvwVNy4UceuHuPNvnLZZaOuBC4dz7uXee4KIUaUd59taWV1b39gsbBW3d3b39u2Dw7YKY4lJC4cslN0AKcKoIC1NNSPdSBLEA0Y6waQx9TsPRCoaijudRMTjaCTokGKkjeTbpUrDT/uSQ/IYZad+Su+zK98uO1VnBrhM3JyUQY6mb3/1ByGOOREaM6RUz3Ui7aVIaooZyYr9WJEI4QkakZ6hAnGivHR2fAZPjDKAw1CaEhrO1N8TKeJKJTwwnRzpsVr0puJ/Xi/Ww0svpSKKNRF4vmgYM6hDOE0CDqgkWLPEEIQlNbdCPEYSYW3yKpoQ3MWXl0n7rOrWque3tXL9Oo+jAI7AMagAF1yAOrgBTdACGCTgGbyCN+vJerHerY9564qVz5TAH1ifPxQqlGs=</latexit>

(C�
exp)ij =

<latexit sha1_base64="UY3v1fXCHq7sXCMhsxKVzFcXDmo=">AAACBHicbVC7TsMwFHXKq5RXgLGLRYVUlipBRbAgVXRhLBJ9SG2IHMdpDXYS2Q6iijKw8CssDCDEykew8Te4bQZoOZKlo3PO1fU9XsyoVJb1bRSWlldW14rrpY3Nre0dc3evI6NEYNLGEYtEz0OSMBqStqKKkV4sCOIeI13vrjnxu/dESBqF12ocE4ejYUgDipHSkmuWq82bAdN5H7npQHBIHuLsyE3pbXbumhWrZk0BF4mdkwrI0XLNr4Ef4YSTUGGGpOzbVqycFAlFMSNZaZBIEiN8h4akr2mIOJFOOj0ig4da8WEQCf1CBafq74kUcSnH3NNJjtRIznsT8T+vn6jgzElpGCeKhHi2KEgYVBGcNAJ9KghWbKwJwoLqv0I8QgJhpXsr6RLs+ZMXSee4ZtdrJ1f1SuMir6MIyuAAVIENTkEDXIIWaAMMHsEzeAVvxpPxYrwbH7Nowchn9sEfGJ8/NcyX1g==</latexit>

Consistent 
𝜆 = 1

Extreme  
inconsistency 
𝜆 = 0



BULK INCONSISTENCY 5/16

• DIS only fit, in-sample HERA NC 
data are inconsistent. 

• 860 out of 2576 inconsistent 
datapoints, with all systematic 
uncertainties underestimated by 
the same factor 𝜆.   

• Highly non linear behaviour: for λ ≥ 0.4 despite 
inconsistency, PDF uncertainties remain faithful, but 
then sharply rises. 

• In-sample and out-of-sample datasets behave in a 
similar way => NN model effective at generalising.

In-sample inconsistent 
In-sampe consistent 
Out-of-sample
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• DIS only fit, in-sample HERA NC 
data are inconsistent. 

• 860 out of 2576 inconsistent 
datapoints, with all systematic 
uncertainties underestimated by 
the same factor 𝜆.   

• Highly non linear behaviour: for λ ≥ 0.4 despite the 
inconsistency, PDF uncertainties remain faithful, but 
then sharply rises. 

• In-sample and out-of-sample datasets behave in a 
similar way => NN model effective at generalising.

𝜆 ≥ 0.4: Model corrects for 
underestimated uncertainty in the 
inconsistent data, PDF uncertainties 
do not decrease despite the 
reduced data uncertainty.

λ < 0.4: PDF uncertainty shrinks 
=> underestimated PDF 
uncertainties, largest shifts in the 
gluon and quark singlet 
combinations.



SINGLE DATASET INCONSISTENCY: DY 7/16

• Global fit, in-sample with one of the in-
sample datasets inconsistent: ATLAS 
double differential high-mass DY cross 
section. 

• 48 (607) out of 3772 inconsistent 
datapoints (considering correlations)

• Down to λ ≈ 0.2 model corrects for inconsistency 
• λ = 0: leap, model inaccurate and uncertainties 

somewhat inaccurate.  
• λ = 0: PDF uncertainties unchanged, but especially 

antiup and antidown PDFs undergo significant shift

In-sample inconsistent 
In-sampe consistent 
Out-of-sample
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• Global fit, in-sample with one of the in-
sample datasets inconsistent: ATLAS 
double differential high-mass DY cross 
section. 

• 48 (607) out of 3772 inconsistent 
datapoints (considering correlations)

• Down to λ ≈ 0.2 model corrects for inconsistency 
• λ = 0: leap, model inaccurate and uncertainties 

somewhat inaccurate.  

λ = 0: PDF uncertainties unchanged, but especially 
antiup and antidown PDFs shift.



HIGH-IMPACT DATASET INCONSISTENCY: JETS 9/16

• Global fit, in-sample with one of the in-
sample datasets inconsistent: ATLAS 
single inclusive jet data. CMS inclusive jet 
data out of sample. 

• 171 (607) out of 3793 inconsistent 
datapoints (considering correlations)

• Down to λ ≈ 0.3 model corrects for inconsistency 
• λ = 0: phase transition, model fails and uncertainties 

are completely wrong. 

In-sample inconsistent 
In-sampe consistent 
Out-of-sample



HIGH-IMPACT DATASET INCONSISTENCY: JETS 10/16

• Down to λ ≈ 0.3 model corrects for inconsistency 
• λ = 0: phase transition, model fails, uncertainties are 

completely wrong. 

λ = 0: gluon shows large deviation from ”true” value, 
but no significant increase in its uncertainty 
compared to  consistent case. Milder effect for 
singlet, coupled to gluon in DGLAP evolution. 

• Global fit, in-sample with one of the in-
sample datasets inconsistent: ATLAS 
single inclusive jet data. CMS inclusive jet 
data out of sample. 

• 171 (607) out of 3793 inconsistent 
datapoints (considering correlations)



A CRITERION TO SPOT EXPERIMENTAL INCONSISTENCIES 

• So far learn that NN model cures experimental inconsistencies until they are not too big  
• If strong inconsistencies model fails, as either PDF uncertainties shrink or PDFs shift far from 

underlying law. 
• In real life no access to the “truth”, normalised bias cannot be computed and only a single run 

of the Universe. 
• How to spot inconsistencies in a actual PDF fit?

11/16



A CRITERION TO SPOT EXPERIMENTAL INCONSISTENCIES 
Large Rb → Large  𝝌2 of the inconsistent dataset and of consistent datasets correlated to it by the PDFs

Normalised deviation 
of 𝝌2 from its mean

Distribution of n𝛔 values across Nfits in DIS case with maximal inconsistency (λ = 0)

Z: Critical threshold

12/16



A CRITERION TO SPOT EXPERIMENTAL INCONSISTENCIES 
Large Rb → Large  𝝌2 of the inconsistent dataset and of consistent datasets correlated to it by the PDFs

Normalised deviation 
of 𝝌2 from its mean

Distribution of n𝛔 values across Nfits in DIS case with maximal inconsistency (λ = 0)

Z: Critical threshold

False 
Positive

False Negative

12/16



A CRITERION TO SPOT EXPERIMENTAL INCONSISTENCIES 
A single criterion S1 given by n𝛔  threshold Z not enough to minimise false positive and false negative

Extra criterion: what happens if a large weight is given to inconsistent/consistent dataset? 
Expect that the inconsistent dataset, if given extra weight in the fit, will either fail to improve or will 
improve but spoil 𝝌2 of other consistent datasets, while the consistent dataset will not. 

S1 S2 S3

13/16



A CRITERION TO SPOT EXPERIMENTAL INCONSISTENCIES 
Test efficiency of criteria in the DIS case for extreme inconsistency (𝜆 = 0) on consistent and inconsistent 
datasets

S1 S2 S3

True 
negative 
efficiency 

True 
positive 
efficiency 

14/16



OPTIMAL INCONSISTENCY DETECTION
C1: condition S1 satisfied 
C2: condition S1 satisfied, and in a weighted fit either S2 or S3 are satisfied (NNPDF4.0 criterion) 

C3: in weighted fit either S2 or S3 are satisfied  

S1 S2 S3

True 
negative 
efficiency 

True 
positive 
efficiency 
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OPTIMAL INCONSISTENCY DETECTION
C1: condition S1 satisfied 
C2: condition S1 satisfied, and in a weighted fit either S2 or S3 are satisfied (NNPDF4.0 criterion) 

C3: in weighted fit either S2 or S3 are satisfied  

True 
negative 
efficiency 

True 
positive 
efficiency 

Z ≈ 0.5 Z ≈ 0.5

In this case for Z ≈ 0.5, 90% probability of NOT flagging a consistent dataset as inconsistent and  
95% probability of flagging an inconsistent dataset as inconsistent.   

16/16



CONCLUSIONS
• Tensions and incompatibilities between experimental measurements may significantly affect the 

reliability of PDFs and their uncertainty 
• By analysing a built-in inconsistency injected in the data in a controlled way could measure effect of 

such inconsistency in a PDF fit in conditions close to real-life scenarios 
• NNPDF methodology manages to correct for moderate to medium inconsistencies & generalises 

well to out-of-sample datasets 
• For strong inconsistency, effect visible and distorts PDFs in regions in which experimental 

measurements are systematics-dominated 
• Developed a new procedure to detect cases in which uncorrected inconsistencies are present 
• Criterion will be applied to NNPDF4.1 for dataset selection 
• Claim: in NNPDF approach explicit tolerance not needed if dataset selection criterion is effective 



EXTRA MATERIAL



THE PRECISION VERSUS ACCURACY CHALLENGE

Challenges 
‣ Inconsistency or tension in data of experimental origin (underestimate of systematics…) 
‣ Deficiencies in fitting methodology (data-driven parametrisation change, optimisation issues, overfitting…) 
‣ Inaccuracy in theoretical framework 
‣  Missing higher order uncertainties (QCD, EW) 
‣  Other corrections (nuclear, higher-twist, non-perturbative effects…) 

‣ Fitting away possible BSM signals

PDF4LHC21, 2203.05506



DIS: BULK INCONSISTENT 



EFFECT ON OBSERVABLES

S. Forte’s slides 
PDF4LHC Dec 2024

• λ ≈ 0.4/0.3 model corrects for 
inconsistency, predictions do not 
move 

• λ = 0: model fails 
• DIS case (bulk inconsistency) and 

JETS case (high-impact 
inconsistency): predictions off with 
unchanged uncertainties. 

• DY case (single dataset 
inconsistency): uncertainties shrink 
driven by smaller high mass ATLAS 
dataset


