Validation & Evaluation in Physics:
How we do statistics in HEP, how we need to
change it for ML purposes
What we don’t know and what we do wrong

Lydia Brenner
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CURVE-FITTING METHODS

AND THE MESSAGES THEY SEND
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Physics analysis in a nutshell

Simulation based inference: the classical way

» Simulation >

- Inference =
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Physics analysis in a nutshell

Simulation based inference: the classical way

Monte Carlo Sampling Observables
n - f(x]n,0) -} —{¥)
Standard Model Events
noo- LHw.0) < {4}
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The question: Does my hypothesis describe the data

Basic question: what doe we want from the answer?

=> Would like a clearly understandable number

=> Would like it to match with visual input

=> Would like it to have a meaningful interpretation in terms of the
likelihood
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Is there a signal?

Try to distinguish background fluctuations from signals.
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Is there a signal?

Looks like a signal around m=30 maybe
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So is there a signal?

By eye; does not really look like a signal but: >3 sigma!

L)
@ L(fis(m=30)+b)




ATLAS-CONF-2016-062 Diboson resonance

3 T Data 2015416
G 10 ATLAS Preliminary I W-jets

Do we use by eye? Bl pwen 51,

W-jets Control Region (LP) [l Dibosons
[ Z+jets
Post-fit uncertainty.
------ HVT m=20TeV

“Good agreement is observed
(optical inspection of pulls)
between the data and the
background prediction”

Yes!

Data/MC

o
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Physics analysis in a nutshell

Simulation based inference

Monte Carlo Sampling Observables
n - f(x]n,0) -} —{¥)
Standard Model Events

T L(Yn,0) - {“}
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Sources of systematic uncertainties

Soft physics process simulation Detector simulation

®

Detector reconstruction *

Experimental

>
P~ g q
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Proton structure functions

L(Hw.0)




The top quark ‘discovery’ at UA1

@
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W — tb and t — bltv
=> 2 bjets, charged lepton
missing energy

£
=
|

F

INVARIANT MASS OF LEPTON, TWO JETS
MISSING TRANSVERSE ENERGY (GeV/c?)

. 20_
Find 6 events.
. L 1 : B 1 L
20
-> Plot total mass against bltv mass o O A 85 60 100
(v from missing energy/momentum) MISSING TRANSVERSE ENERGY (GeV/c?)

-=> W mass in right place
=> t mass around 40 GeV (correct mass approximately 173 GeV)
Turned out to be background - and very creative selection cuts
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Samuel S. Wilks
(1906-1964)

Wilks theorem

e HO: Additional parameters (as predicted by H1) not needed
e |If HO correct then according to Wilks’ theorem:
—Ay? = -2In[L(H1)/L(HO)] should follow for n— = % function with
ndf = #added parameters

Wilks’ theorem only applies for nested hypotheses:
HO: 1st order polynomial H1: 2nd order polynomial v
HO: 1st order polynomial H1: a-exp(bx+cx2) X
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Profiling over Nuisance Parameters (0)

So if we are interested in the u that maximises £(%|u,0) we can use
Wilk’s theorem and instead consider

Max £(u,0]%) = -2In( £(u,0]%) /£(1,0]%) ) = NLL(u,0|%)

In the large N limit this is a chi-squared distribution with k degrees of
freedom.

Max L£(u,0]%) = NLL(u,0]%) = 2°,
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Confidence intervals

6
Wilks' theorem (if it applies) 5)?
makes it relatively simple to
construct confidence intervals in 4‘- --------------- B R
a multi-dimensional

model-parameter space. 3{'

2
Confidence interval is defined r-
as (| B

I(%) = {w | NLL(1,8|%) <c(u) °
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Multidimensional likelihoods

-3

I(%) = {m | NLL(1n,0|%) <c(n)¥ 5[ .t

The threshold values c for 4&- ai et & ‘imialoiatal ‘ol o el kbl T
different confidence level depend o : :

on the dimensionality of the - : ] 1

confidence interval! 2(_ ; ! -

| I : J

OO 1 [] u 10
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Multidimensional likelihoods

; —
I(%) = {u | NLL(n, ﬂl@) <c(m) F5F i
One dimension NLL = z° _. 4{__ AR c(w)
68,3% CL c=1 ) ¥
95,4%CL c=4 3{- : i
99,7% CL c=9 2{" 'l II 'l ]
.= .
: ) N




Multidimensional |Ike|IhOOdS

' j
I(%9) = {m | NLL(n,0]%) <c(u) }Z 5 X
One dimension NLL = z° _. . [ c(u)
68,3% CL c=1 t" VAN T - ;' ST
95,4%CL c=4 - 3(. : :
SH ' |
99,7% CL c=9 Q” 2{_ g I ]
[ I
: : 5
Two dimensions NLL = x*, _, ; !
68,3% CL c=2,3 o 1 : ' -
95,4%CL 6=6,2 A . L N
) 0 8 10
99,7% CL c=11,8
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Setting limits

- 6 = I
I(%) = {n | NLL(n,8] %) <c(w)F 5
Upper limits on a parameter (in

contrast to two-sided intervals) can be 4
obtained by setting the NLL to zero
below the best-fit value. 3f= __________________________

The threshold ¢ is a bit more tricky in 2
this case, since the NLL follows axz

distribution only half of the distribution IL
In this case you can show that T :

95,4%CL c=2,86
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Pulls and rankings: A closer look at Nuisance Parameters

A way to look at the contribution to NLL from Nuisance
Parameters (NPs) 0

Shows pre-fit and post-fit impact of individual NP on the

determination of p:

=> Each NP fixed to £ 1 pre-fit and post-fit sigmas (A©
and AB'= uncertainty on/e\)

=> Fit re-done with N-1 parameters

=> Impact extracted as difference in central value of

Pre-fit impact on m;:

Am, [GeV]

0=0+A0 | 0=08-A0 -03-02-01 0 0.1 02 03

Post-fit impact on m,:
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mo=0+A0 | 06=0-A0 | ATLAS
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ET" soft track resolution (para.
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b-tag (b 0

tt ISR-pR (smT from b/c
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———
+
——
—i—
ET'* soft track scale +
Muon identification eff. (syst.) +
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tf PDF 2
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Post-fit not smaller than pre-fit = no copstraint
Pulls and rankings: A closer look at N%saqce Parameters

A way to look at the contribution to NLL from Nuisance
Parameters (NPs)

Shows pre-fit and post-fit impact of individual NP on the

determination of p:

=> Each NP fixed to £ 1 pre-fit and post-fit sigmas (A©
and X0 = uncertainty on/e\)

=> Fit re-done with N-1 parameters

=> Impact extracted as difference in central value of

Nomenclature: fitting and parameter estimation

0 £1= No pull

Pre-fit impact on m;: Am,|[GeV]
0=0+A0 | 0=08-A40 [-03-02-01 0 01 02 03

Post—ﬁtimpactonm,: U RANRARANRARRNRARE |LARRERARRERARRN RARR:
mo="0+A0 | 6=0A0 |ATLAS

—e— Nuis. Param. Pull Vs = 13 TeV, 36 b

BR b—T—u

oo |

tt ISR-h,, (SMT from b/c)
ttr,

Z+jets norm. (bB/cE) T ———
e

SMT-fake norm.
BR b—c—u
ET 50 ft track resolution (para.) —-—-
JES (modelling 1) .
b-tag (b 0) e —
(EISR41_ (sMT from b/c) e
JES (pile-up, p topology) —.——
ET'* soft track scale +
Muon identification eff. (syst.) +
JER ——
b-prod. frac. (baryons) _.—'
{F ISR (sMT from W) .
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tF PDF 2
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V/s=13TeV, 139fb~"
ATLAS my =125.09GeV, |yy| < 2.5
SMEFT A=1TeV
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Splitting the A2 meson

| : -

X~ (3025) X" (3535)
o(768) 8(962) A2(1296) Ry(1700) T(2195) U(2382) X (2800) X" (3075) X(3475)/ X" (3605)
R;(1630) | Ry(1750) X (2620) \ X" (2880) X (3145)

$(1930)

) 1

Db w“ WA

TOTAL CROSS SECTION ¢/aM (MICROBARNS/10 MEV)

|
A '
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g
EVENTS /5 MeV

MAY 1965 (6 GeVic)
+OCT. 1965 {7 GeVlc)

.%\m

Splitting the A2 meson

First reported 1967
More than 6e effect! 2.




il J—-— 13w’MeV
" Blaoko oo
Splitting the A2 meson " negave beam.
o0
First reported 1967 il
More than 6o effect! :
b)
- Confirmed in 1969 Doy it
- Went away 1971 § posivebeam
1. “Creative” analysis cuts ,
2. Wanting to see it D265 CeVlc
a. And not publishing when you don’t see it e 2

1 l 1
A 200 100 100 MeV
MISSING MASS My



_ L(b)
How many parameters do | need? D pans = nL(,&s(m=30)+b)

1) H,: add more

background pars 2) H,: there is a signal
400F
E 50 - . . ‘
350 E 45t 3.10620 |
E 40 ! i
300F 3 - "'E! | bt -7 i
F WL DR ST 1K K:
250F “ liilia T ]
. 2 ’|i|l ' i Ry
200 !Inli 'i! Iilia ' l'" nl
C 20 0} "“"I I‘! D iilii.!ll! li'
150~ N l IEE I::"E:E
- 10+ (K ht t__'_.
100 :_ 5 ,'zzévi‘, 'lnhl l._»!.'l I
50 :_ 00 1‘0 2‘0 3‘0 4‘0 5‘0 6]0 7]0 B‘O Q;O 100
0 E 18 O O [ | | i | | |, O
3 32 34 36 38 4 42 44 46 48 5
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Pre-fit impact on m: Am, [GeV]
0=0+A0 | 6=0-A0 -03-02-01 0 01 02 03

Post-fit impact on m,:

How many parameters do | need? e O R T

—e— Nuis. Param. Pull

—
’ BR b—=T—u \

1) H;: add more - PO Tt |
background pars 2) H,: there is a signal ,
Z +jets norm. (bb/ct)

SMT-fake norm.

400 BR b—sc—u

C ET' soft track resolution (para.)

350 o i k JES (modeliing 1))

o b-tag (b 0)

300 e ospwraeidigand f 1SR4t (sMT from b/c)

+ JES (pile-up, p topology)

250 :_ ET* soft track scale
= Muon identification eff. (syst.)

200 JER
E b-prod. frac. (baryons)

150 — tF ISR (sMT from W)
E trnsFSR

100:_ \ tf PDF 2

50— e Iy .
E . -2 -15 -1 -05 0 05 1 15 2
Brrllnmnllanallnnnlinenilaenllngnlinonilonellon (6-6,)/A0

03 32 34 3.6 3.8 4 4.2 4.4 46 438 5 AI | to d O Wlth ’

background estimation
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The ¢(8.3)

EVENTS/ (2 5%|

EVENTE/(2.0%)
o 2 8 § %

“Discovered” in 1984 by the Crystal Ball experiment at
DESY.

Measure energy of photons

Single energy peak seen!!

Signals ete— —» Y — (y

4.2 sigma effect

Plots show (a) raw data , (b) fit, and

(c) background-subtracted fit

When more data was taken (in 1985) the peak went -0
away. W is iz 4

Y ENERQY {Gov)

R
sa:m:uo;l & 8 12
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When things go wrong...

“It was easy - | just got a block of marble and chipped away anything
that didn’t look like David.” - Michaelangelo Buonarotti(attrib.)

—=> Maybe good way of creating sculpture - but very bad way of doing
physics

-> To resist temptation: For searches, devise cuts before looking at the
data. Use Monte Carlo simulations, and/or data in ‘sidebands’. Only
when cuts are optimised do you ‘open the box'.

=> For measurements, apply secret offset until selection frozen.
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Partial summary

Not too bad...

CONFIDENCE  »
INTERVAL

- o s = am e T
-

Pre-fit impact on m:
10=0+A0 | 06=0-A0
Post-fit impact on m,:
mo=0+A0 © 0=0-40
—e— Nuis. Param. Pull

BR b—=T—u

BR b—u

tt ISR-h,,.. (SMT from b/c)
ttr,

Z +jets norm. (bb/cFt)
SMT-fake norm.

BR b—c—u

ET' soft track resolution (para.)
JES (modelling 1)

b-tag (b 0)

tt |SR11R (smT from b/c)
JES (pile-up, p topology)
ET* soft track scale

Muon identification eff. (syst.)
JER

b-prod. frac. (baryons)

tf ISR (SMT from W)

ft o

tf PDF 2

Pile-up

Am, [GeV]
-03-02-01 0 0.1 02 03

Vs =13 TeV, 36.1 fb"'

AT FRTTY FUTTE FUETY P Loveadanaalin

-2 -15 -1-05 0 05 1 15 2
(0-6,)/A0

“LISTEN, SCENCE 1S HARD,
BUT IM A SERIOUS
PERSON DOING MY BEST" ¢
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Stats Meets ML?

r

statistics




What changes for ML?

Ask yourself: Why is my ML doing better?

e Multidimensional
o Does it have to do with correlated parameters?
o Event-by-event
e [aster
o Does it parallelise?
o Simplify
e \Wrong assumptions
o |s there something we assume to be true that it doesn’t learn?
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General types of ML used in physics

e Supervised Learning
o Classification
o Regression
e Unsupervised Learning
o Clustering
o Dimensionality reduction and compression
o Qutlier detection
e Weak and Semi-supervised Learning
o Weak: Label smoothing or correction, Loss reweighting or
Multiple-instance learning (MIL)
o Semi: e.g. Pseudo-labeling with confidence thresholds
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What could go wrong?

e Learning MC issues

e Finding the right
answer, but no
uncertainties

nA&A ~~ S~ IIIA‘:IAH
o

Y. | ‘.Pmrsmu]

1 I
0 20 40 60 80 100 12 -

@
=)
1

INVARIANT MASS OF LEPTON, TWO JETS,
MISSING TRANSVERSE ENERGY (GeV/c?)
s
I

3

INVARIANT MASS OF LEPTON, JET 2,
MISSING TRANSVERSE ENERGY (GeV/c?)




General types of ML used in physics: special cases

e Physics-informed ML

o Grounding data-driven models in domain ﬁ%gggﬁa *
knowledge e
o Goal: accurate, robust, and interpretable __°./...°
outcomes g e
e Uncertainty aware ML /___}1,,_“
o Helps look at intervals rather than best fit values .
“LISTEN, SCIENCE 1S HARD,
BUT IM A SERIOUS
Interpretability: A warm fuzzy feeling.... Or more than that PERSON DOING MY BEST"
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When things go wrong... ML edition

“It was easy - | just got a block of marble and chipped away anything
that didn’t look like David.” - Michaelangelo Buonarotti(attrib.)

-> Often the way ML works! You just want to make sure you find a
David not Goliath

-> To resist temptation: For searches, devise cuts before looking at the
data. Use Monte Carlo simulations, and/or data in ‘sidebands’. Only

when cuts are optimised do you ‘open the box'.
€ Much harder to do for ML!!

=> For measurements, apply secret offset until selection frozen.
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Overfitting and techniques to prevent it

Regularization: Adds a penalty term to the loss function to
discourage large parameter values.

Dropout: During training, randomly sets a fraction of neurons to zero
at each iteration, which prevents co-adaptation of neurons and acts
as an ensemble method.

Early Stopping: Monitors performance on a validation set and halts
training when the validation loss stops improving, reducing the risk
of overfitting to training data.

Data Augmentation: Increases the effective size of the training set
by applying physically valid transformations
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The difficult part

-> To resist temptation: For searches, devise cuts before looking at the
data. Use Monte Carlo simulations, and/or data in ‘sidebands’. Only
when cuts are optimised do you ‘open the box'.

Possible checks:

e |[njection test

e Smeared or adjusted input data

e Testing on MC from a different generator
e Stay blind
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Summary

v

Using a high level of significance (506)
€ History tells us this is necessary

€ High output of results
CONFIDENCE

W -> Us bI|r-1d. analysis
. .+, => Focusinintervals
A € Rather than best estimated (fitted) values
"+ " = Independent validations
.’_:;._—_.i-r"’"'_“ € Rumours are hard to get rid off...
T HARD -> Use common sense and healthy scepticism
BUT TM A\ SERIOLS -> To learn more:

PERSON DOING MY BEST® https://indico.cern.ch/event/1407421
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https://indico.cern.ch/event/1407421

If it looks like a duck, swims like a duck, and quacks like a duck, then it probably is a duck.

Thanks!



Back up
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Thumbnail of the LHC statistical procedures
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Parameter dependence

0
Say we want to model either p(x|6) or r(x|60) = w
pref(x)

A few approaches that change structure of the model

o

e Point-by-Point: model p(x| 6, for a set of points {6} <~
e Not explicitly parametrized in 8, no structure

e Parametrized Network: NN models both x-dependence

and #-dependence
* Most flexible, but doesn’t exploit any physics knowledge

e Fixed Interpolation: multiple NNs model x-dependence,
but form of 8-dependence is fixed & defined by physicist

e e.g. this is possible for EFT coefficients (exact)

e This is what HistFactory etc. do for nuisance parameters
but this makes assumptions

4
N
>
g
H.r'/ for each Oy
v,,f’s =
>
[
,,,«r«‘""'"%’f
- i~
g
o ol -
SR

=

Figure 8: Schematic neural network architectures for point-by-point (top), agnostic parameterized
(middle), and morphing-aware parameterized (bottom) estimators. Solid lines denote dependencies
with learnable weights, dashed lines show fixed functional dependencies.

Fig from: https://arxiv.org/abs/1805.00020




GAN: Adversarial / _|Bisetilnasos - Generator | | |
. X . E Z X
training D(x) G(z)

VAE: maximize X .| Encoder > Decoder B
variational lower bound q4(2(x) - po(x|2)
Flow-based models: x| Flow .z N Inllfrse o x!
Invertible transform of f(x) [ (2)

distributions
Diffusion models: X0 " - Xo .-  z

Gradually add Gaussian s == MR e
noise and then reverse




Look elsewhere effect: Option 1 Fixed Mass

Scan mass range in predefined steps. L(b)
Perform a fixed mass analysis at each point Zwes =~ nL(ﬂs(m =30)+b)
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Perform a fixed mass analysis at each point Zswos =~
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Look elsewhere effect: Option 1 Fixed Mass

Scan mass range in predefined steps. L(b)
Perform a fixed mass analysis at each point Zswos =~

Y L(fis(m=30)+b)




Is there a signal?

70 T T T T

1

60+
50+ P 4
—
":! “l!) P
a0k ' DO ‘.‘-15!"

b / .
30+ - ‘!l “ﬂ i ouasopee

q ‘!" o o*
20+ [ TAT %
VWl

% t

~ﬂ-|' I

I

« |'~ :;

g .aaualn'; -

. Pl
LA d

10+ .E ».I. P 4 ;lﬂ j "1!" .
| /! d O ﬁi}:q.

4 L L] afll

¥ P P
0 £ 1 1 L 1 | |
0 10 20 30 40 50 60 70 80 90 100

q fix,obs

L(b)

Y L(fis(m=30)+ b)

Nik]hef




Is there a signal?

For GOF tests with binned data:
-> compare observed event numbers n. with expectation values f.

Since no H1 specified there are many different GOF tests possible
x° =2 (f-n)*lo*

—> Basically does what you do by eye; Minimise distance from
hypothesis to the data points
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Look elsewhere effect: Option 2 Floating mass

Leave the mass floating L( b)
Use a modified test statistic qﬂoat,obs( u,m)=-2In

L(fis(#1) + b)

50 T
451 3.1062¢ |




Look elsewhere effect: Option 3 Trials factor

Define your significance of a local excess of events by taking into
account the probability of observing an excess anywhere in the range.
Quantify in terms of a trial factor
- Ratio between the probability of observing the excess at some fixed
mass point to the probability of observing it anywhere in the range.
- The trial factor grows linearly with the (fixed mass) significance

I i f(qﬂoat | Ho)dtﬂoar _ pﬂoar 5, 1 ((\e(\ded
o

trial # = =2
L fQq, |H)dt, — Pg




How many parameters do | need? — Example

test
Entries 101000 i i .
: anes 1010921 Fit function:
4000~ RMS 0.5691 ga LSS+ pO
35005— e input data
o *|
= -
3000 — fit e ¢
E A‘o—&ﬂ“““
2500F < , -
- oo g ® _ " = -
2000::’*”*‘*," - Ns = 827.87 + 103.47 X Zi (fl ni) /G
1500 ;_ po = 2502.20 + 8.29
1000 L(n 5
= i) S 4 __
soof. Y2 =—2In (nlf) X =2 E fi = ni + niIn(n;/ f;)
£ L(n|n) i
1 1 l 1 1 L l 1 L L I 1 1 1 l 1 1 1 l 1 1 1 l 1 L 1 l L 1 1 I 1 1 1 I 1

~2
X~ = 2880

wo
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How many parameters do | need? — Example

test
Entries 101000

Mean  4.095 Fit function:
RMS 0.5691

4000F gauss+p1
3500— ¢ input data

E .- ~2
30001 —fit X =347
2500

e =emsrimss | Should we stop here?

2000
= ) =-360.43 + 53.28
1500—
- p1 =715.79 + 13.53
1000—
C 2/ndof = 34.7/37 = 0.94
500 .

11|1||1|||l||111|1|
42 44 46 438 5
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How many parameters do | need? — Example

test
Entries 101000

Mean  4.095 Fit function:
RMS 0.5691

v -mese:ioass | Should we stop here?

40002— gauss+p1
3500— ¢ input data

: . ~2
3000 —fit X =347
2500

2000

15005— R L(H1)>
- Av? = —2In

10002— X ( HO)

500;—

03




How many parameters do | need? — Example

test
Entries 101000 . .

- Mean  4.095 Fit function:
4000 ;_ RMS 0.5691 gauss " p2
3500— ¢ input data
3000— — fit

- ~2
2500 X =260

- Ns =933.43+ 108.37
2000(—

- po = 896.96 + 378.08 ~ 2
1500;— p1 = 66.31+ 193.98 AX = -8.7
1000 p2 =82.01+ 24.43

500 indot = 26.0/36 = 0.72 Should we stop here?
0 a 1 1 l 1 1 L I L 1 1 l 1 1 1 I 1 1 1 I 1 1 1 I 1 1 1 I 1 1 1 l L 1 L l 1 1 1 I
3 32 34 36 38 4 42 44 46 438 5




How many parameters do | need? — Example

test
Entries 101000 . .
Mean  4.095 Fit function:

E RMS 0.5691
40001- gauss+p3
3500(— ¢ input data
3000~ —fit
. ~
2500 X =240
- Ns = 925.54 + 109.97
2000(— po =5392.16 + 610.64 ~9
1500 = pi = -3416.69 + 448.41 AX =-20
£ p2 =969.95 + 115.23
1000—
= p3 =-74.50 + 10.30 Please Stopl
500 x2/ndof = 24.0/35 = 0.69
: L 1 l 1 1 L l L 1 1 I 1 L 1 I

wo

44 46 438 5




How many parameters do | need? — Example

If HO correct then according to Wilks’ theorem: —Ay? should follow a y?
function with ndf=1 (in asymptotic regime of large n)

g+p0 )22 _ 2880 Not: pvaluss for 2 THath:Problx obs.nc)
gepl X =347 AX” = 2845.3 3

g+p2 )22 = 26.0 A)ZQ = -8.7 "“a\ueﬂ(lﬁ;voured over g+p1
g+p3 )22 = 24.0 A)ZZ =-2.0 Mueﬁﬁl)t favoured over g+p2
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What does a x? distribution look like for n=17?

X2 * Note that it for n=1, it does not peak at 1, but rather at O...

Remember: fil=), Xi
0.51

O D= W N =

0.4 -

0.3t

0.2t

0.1

0.0

October 1st 2025 Wouter Verkerke, NKHEF



Improving on 2

Likelihood ratio is an improved %% — S. Baker & R.D. Cousins, NIM 221
(1984) 437

Still a single number

“Optimal estimator” e.g. parameter estimation

Requires a second hypothesis

Allows taking uncertainties into account systematically!!
€ \What if there’s a correlation?
€ \What if there’s a systematic uncertainty

XA
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Alternatives to Likelihoods and y?

KolgomorOV- F_: Cumulative distribution function
Smirnov test F.: Empirical distribution function

qcoF,KS:Sl'lp |FC(X)_Fe(X)|

Anderson-
Darling test

CIcoP,AD:n'f dFe(X)
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