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WHO WE ARE & WHERE WE COME FROM

Joint venture of theCMS Data Analysjgroup & Machine learninggroup @ HEPHY (Vienna)

6971 O OET Ol 2
unbinnedmnethod for
this new challeng8 6

Two open
Postdoc positions:
[link1] [link2]



https://www.oeaw.ac.at/en/hephy/research/cms-experiment-at-the-lhc/data-analysis-group
https://www.oeaw.ac.at/en/hephy/research/machine-learning
https://inspirehep.net/jobs/2911525
https://inspirehep.net/jobs/2911526

STARTING POINT

“Refinable modeling founbinnedSMEFT analyses

[RS,MLST 6 015007 (2035)

- 30AOEOOEAAT &£ 1TOETC 1T £
* Recepiedor stagewiseunbinnedmodel building
* Dissect the effect of (groups ofystematics& POls

* Machinelearn the components

e (Not used for the challenge): SMEFT specification;

Parametric Tree Algorithm

* Our strategy for FAIRHUC
» Divide & Conquer: go piece by piece

. 5T

* Build all known dependencies into the profiled test statis

 Arbitrarily accurate models for systematics

| AET A@GDPAOOOO
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Refinable modeling for unbinned SMEFT analyses

Robert Schofbeck

Institute for High Energy Physics, Austrian Academy of Sciences,
Georg-Coch-Platz 2, 1010 Vienna, Austria

Abstract

We present techniques for estimating the effects of systematic uncertainties in unbinned
data analyses at the LHC. Our primary focus is constraining the Wilson coefficients in the
standard model effective field theory (SMEFT), but the methodology applies to broader
parametric models of phenomena beyond the standard model (BSM). We elevate the well-
established procedures for binned Poisson counting experiments to the unbinned case by
utilizing machine-learned surrogates of the likelihood ratio. This approach can be applied
to various theoretical, modeling, and experimental uncertainties. By establishing a common
statistical framework for BSM and systematic effects, we lay the groundwork for future
unbinned analyses at the LHC. Additionally, we introduce a novel tree-boosting algorithm
capable of learning highly accurate parameterizations of systematic effects. This algorithm
extends the existing toolkit with a wversatile and robust alternative. We demonstrate our
approach using the example of an SMEFT interpretation of highly energetic top quark pair
production in proton-proton collisions.
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« HEPHY was strongly involved inHWbbservation in CMS
* Preprint on Challenge:4505.05544



https://arxiv.org/abs/2406.19076
https://arxiv.org/pdf/2505.05544
https://arxiv.org/abs/2406.19076

TEST STATISTIC

( )

* Profile loglikelihood test statistic

max, L(Dl,v)
q.(D) = —2log
«(P) wasx,., L(Dlu, )

» Extended likelihoodfor one selection)

Nobs
L(D“'La ) - P(N0b5|£'o-(u7 )) H p($z|/,b, )
1=1
8 Aits flog-) ratio
L(D|u, ) & (7 do (@, )
lo " — —o(1 ] ’
 Need to evaluate the differentia and the inclusiveross section

for new doserved datg ¥ ) and as a function of the model parameters.
i, qQ B j Xhoeq EO OEA OTTiET AT 6 PAOAI AOGAO PI ET O



MODELING ACROSS THE FIELDS

What iSdU(:L" I, ) 2 avcs s 3. Mathematical statistics: dA(x|{ , )
A measureon aprobability space

Mark J. Schervish

1. Physics dA(x[t, )/dx - Random variable takes values
Unbinned differential cross section ET A OOADG i AT1T OE

(detector-level, fiducial, total) . . .
« dA maps unions and intersactions of

2e POl = & e subsets of this spacé (field) tos
Xé observation (1 event) * Here: Continous variables + overflows
Accesgo dA(x|{, ) viaexpensive sampling * DCR = Radoflikodym derivative
* Technically relevant for overflow bins,
2. Machine-learning: dA(x|{, ) defines a pdf Fisher information, etc.

do(z|p, ) = o (p, V)p(|p, v)de ! TA xEAT UT O AOE UI

* The inclusive model 3ot particularly useful.



WHAT TO DO WITKo (x|, /)

1. dA(X|t, )encodeshe L
EFEAI AGO ETT xi AACA AAL.
phenomena depend on model
parameters.

 Extract from the bottom of a riviaf wikis)

2. Wield its powetto our advantage:
ExpanddA(x|{, )into subprocesses

andencodeanalytic dependencies
as if you had the power to evaluate

- #A1 60 EAAD EOh OEI C

3. Getrid ofdA(X|1, )
by forming ratios, which weloevaluate
with ML surrogates



ANALYSIS REGIONS

* FAIRHUC ChallengeH- W\inclusive cross section measurement\, W, channel

« Overwhelming backgrounds:

* We split into five regiongwo signal regionand

 lowMT-VBFJet

* lowMT-noVBFJeptH100

, [no fakes, nofprompt]

vector boson fusiorfVBF) with about 90% of sensitivity

ggH (no label for production mode)

Region

Requirements

Type

H—7rr

Poisson yield Lo

Z =TT

tt

VA%

S/B

lowMT-VBFJet

p} > 50 GeV
PR > 30 GeV
mrt < 70 GeV

UB,|SR

225.8

41280.4

15425.9

313.4

3.96 -

103

highMT-VBFJet

pt > 50 GeV
P2 > 30 GeV
mt > 70 GeV

UB,|CR

14.7

721.7

16 768.6

193.2

8.30 -

1074

lowMT-noVBFJet-ptH100

P > 100 GeV
mt < 70 GeV
veto on VBFJet

UB,|SR

a7.0

17379.8

674.6

79.0

3.14 -

1073

lowMT-noVBFJet-ptHOto100

p <100 GeV
mt < 70 GeV
veto on VBFJet

CR

642.5

837 928.7

3360.1

1438.5

7.62 -

104

highMT-noVBFJet

mr > 70 GeV
veto on VBFJet

CR

26.0

3826.9

5054.3

1409.4

2.53 -

1073

Main SR forVBF (90% sensitivity)

UnbinnedCR
SR forggH

90% of data~ One bin forbkgnorm

Split offtt andVV CR (2 bins)

Iy




CHALLENGE DATA SET

» 28 features but no silver bullet

4 )
lowMT-VBFJet lowMT-VBFJet 1owMT-VBF Jet
ﬂ v d v v T v v T v T v v v T T b T T o ﬂ 106 ad Al T g v A T T A g v T Q 05 v L 1 TYr Tl vy T v v v’ | A l
S 10° Wi m - & mH | VA s 1 [ 3! BZ - rr
@ W [ A% @ 10° W [ A% @ W By
10¢ ] Systematic £J Systematic 10° £] Systematic
uncertainty 10 uncertainty uncertainty
10°
102 o 107
10 10 10
1 1 1
0.1 H 0.06 ' 0.08 H t,
D Rel. uncertainty . 0.04 I o . D Rel. uncertainty 0.06 D Rel. uncertainty =TT
0.05 ____\,,‘,“,._rﬁjrjj*ﬁw‘"‘“‘l 0.02 s 3 "**‘“"‘""‘"—_\"""""w L 88; st —I R AR
0 R IR A SO DRV RURY A0\ RRPEAY MR NN ob e s by ] SR R S AN TPRUTESIRMAY HINAPRUMIENY SRR
0 500 1000 1500 2000 2500 50 100 150 200 250 0 100 200 300 400 500
a J172 } 1 4 H r
L m?192(GeV) Myis(7,€)(GeV) p7(GeV) )
« NB: We rereconstructed a variant of g MCA OO EO AEAT 60 EAI D

e Tight constraints on systematics are needed

« 4 EOAANG 0
« 4 EO0AN:D 0

e /paramaters 1 POI ,

and a subset

A E£EA AlQOevedyBiXgy 2%tbar, and 25%libosor(VV)
A mashids meér.qrhose modifyx

that refers tojes, tes, met

Good design!
Doable but challengingg3



4(%2% ! . $ "l#E+ 1), 8

1. Additive expansion with analytic dependence foormalization uncertainties
do(x|p, v) =pdou(x|vcan) + (1 + apg) e dog(®|vcan)
+ (1 + i) ™= (1 + 0yp) e dog (| cann)
+ (1 4+ abkg)mjkg(l + aV\a’)UV\IdO'V\[(iﬂ )
2. Relate to reference model and factorize the
_ doy(z| ) _ doy(x| ) doy(z|0) iz -
doy (x| )= do(z[1,0) do(x|1,0) = dJH(:f\K)/dJ(a:LO)dJ(mll’o) ~ Sy (x| )gu(x)do(z|1,0)
~/ T 1
3. Repeat for Ztt, VV & put it together:

_ do(z|p,v)
DCR = do(z|1,0)

(@) S (@) (1 + ) (d2(2) Sl

+ (14 o) g () S (| ) 4+ (1 + avv)™Y gvv(z)Svv (x| )) = R(z|p, ) = surrogate




REFINING THE MODEL

«-7EU AOEI A OEA 11 AAlI OEEO dodeUe

"AAAOOA xA

0

~

7

Add a new backgroundlo’ (z|u, ) = do (x|, v) + dopew ()

do'(x|p, ) _ do(z|p, ) + donew(z|V)

do’(x|1,0)  do(x|1,0) + dopew (x|0)

do(x|u, )_|_ donew(®|) donew (2|0)
__ do(=[1,0) donew (®|0) do(x|1,0)

= domew (@]0)
1+ 45 @I1.0)

_ B@lu, ) + Snew(@]1) new ()
B 1+ Gnew()

N\

_ dogew(]0)
~ do(x|1,0)

Gnew ()

J

X A0 e (2]1)
Snew (@) = A0 new (2]0)

* These steps can be iterated and combinétbelement of the partial modak invalidated

N
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MULTICLASSIFIERRAINING

lowMT-VBF Jet
U e

Multiclassifieroutput is proportional to the class probability

Lzl = —ipj [ % tog( 7, (2)

- (AOAh xA OO6A ODPOiI AAAEI EOU
crosssection weighting as
- ()0 do (210 50 100 150 200 250 séo;l:aggo}oo
G () = ZPA* s Cf; (|$|)0) , s PO
qfq(w)aq g1 ‘5105— —H-—o>7mr — E
1] B ]
» TensorflowNN with 28/128/128/4 E
» Softmaxoutput; Adam opt., moderate L1/L2 reg.
« Each bin compares / dog(1,0)  with / don(1,0) do(1,0)
bin bin dO’(l, 0) §
~gu () g . -
or, empirically, ) o cpinqp, Wi With 2z, cbin Wi Ip(Ti) e R

Myis (T, 0) (G(‘,V)ll



LEARNING PARAMETERIZATIONS (GENERIC)

Ve ~ [ -

+ O, EEAI EET T A OAOET OOE A —(logf(x))y.sisu— (log(1— F () »

1
fee¥) = —T5GT
* 3o (x[SM)
: A 1
¢ Parametric ansatz: f.(x)= k
1+S,(x)

10g§ (x;Al,Az,...)z AI(X)‘I' Az(X) +...
— VAAA(CL‘)

) I D1 AT AT O AT AEAEAEAT O A] A&PE) B,@)Anp2q AO .. O

J€J

do (x| )
do (x|SM)

- Sum over more data sets than independ At. : L[A]= Z L,lf,] — S*(x)=~

12



EXAMPLE SYSTEMATICS

_ _ lowMT-VBFJet  7Z — 7T  lowMI-VBFJet Z— 71T

e Per region, train up to g P Thommal i =187 R ol e = 43
. o 1045_ """ t tl' — Vtes — +2 E """ — Vjes — 2
(log-) quadratic order a O ruth 5 g T Yies =

— Vjes = +1

Vtes

A A A 2 B — Vs = —1 1035— |
VAAA(T) = Vies Dtes(T) + Vies Djes(T) + Vinet Amet () ¢ . Vt:: = —2 g — Vj:: = —2
+ Vtzes Ates,tes(m) + ijes Ajes,jes(m) + Vglet Amet,met (33) — Vtes = —3 102 == Vjcs — 9

T T IITIIW

+ VtesVjes Ates,jes(m) + ViesVmet Ajes,rmet (m)

+ VtesVmet Ates,met (:E)

10

T IIIHI]

g : 1: (e
 The CE loss can be written as € 115} {115F
n n Af 1 1.1
L[AA] = Z [/da(:cm) SOft+(VAAA($)) - . C
=y, E E 1.05:—
. l— 5 1F -
+ [ do(aly) Soft* (~vaba(a) - F
0.9} 0.95— £
 Tensorflow 28/256/256/9; Adam - Josst
» Training data: All systematic 08155406 180 500 250 300 380 400 C® 100 200 300 400 500 600

o . piet(GeV) P (GeV)
samples With’ljed+ [ jed* [ e | ¥



CALIBRATION

 And then, it fails! ProblemMulticlassifens not well calibrated

* Events in the bin 0.1%%(x)<0.21 need to ~20% fraction of Z
e gylis off by ~7%g, is off by a2% (x16x100!)- drastic impact

« Staged isotonic regression provides excellent calibration

IREG (g (x)), if p= H
9p(®) = § 1REG(0? (2))(1-TREC (g («))) therwise
Zqzz,tf,vv IREG(Q; (x)) ’ .
lowMT-VBFJet lowMT VBFJet
~ IR B ELELAL B BRI BN LRI = A SRRRERARRERARAE RERRE BN R R |""\|""|'l';;:;
gu(z) b g gvv(x ):_ P
0125,—*—7vnhbrnrvd E 0.08F —* calibrated y*i*‘ ’:
. ] 0.07F =
0.1 ] g A 3
g ] 0.06] A ]
0.08[ ] - -
- ] 0.05 ‘X* -
0.06— = 0.04 ; ¥ -
0_04; 5 0.03;— _;
1 0.02- E
002 ftﬁ 'LLUM 0.01 R JLLUM -
% 002 004 006 008 01 012 014 O "0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.05 0.1
don(x|0) dovv (z|0)
do(x|1.0) do(x|1,0)

119gMT—VBFJet

I TTT ‘ TTTT | TTr 1T | LI TrirorT TTrTT I TTTT I TTrTT ‘ TT ‘j:

Gz () E s
0.85 «— calibrated r///’ _?

TE 4 —

s R CLLUM =

O- 111 I L1l ‘ 1111 | 1111 I 1111 | 1111 I 111 1 I 111 I 1111 ‘ 11 1 |:

0O 01 02 03 04 05 06 07 08 09 1
do;(x|0)

do(x|1,0)

08F
0.7E
0.6F
0.5F
0.4F
0.3F
0.2F
0.1F

00102030405060708091

lowMT VBFJet

—e— calibrated

[TTTTTTTT]
\\
Frrelbe

[
llll lll 1

I
\\
|

doz(x|0)
do(x|1.0)



ASIMOV RESULTS

* Add likelihood from:

« unbinned(UB, 3 regions), control regions (CR), penalties (P)

Define a binned reference

* Bin in signal node of
I T e I s o o . ..
B, i multiclassifier
s %om ) 50 -
5: N . » Results rather stablavrt
et Binned - the details of the binning

lowMT-VBFJet

n T T T T T T

gt LBOLLUM Wi BZoor

2 Wt mvv

W1o [[] Systematic =

uncertainty 3

10°

E
10?

10

0.6 H — 77 fraction —;
Uunbinned = UYUB + UCR T+ Up 04f [] Rel. uncertainty E
0.2;— 7 %—;

0 |7

Bin1 Bin2 Bin3 Bin4 Bin5 Bin6 Bin7

Ubinned — UB + UCR + Up



IMPACTS

T T T T T T T T I T I T T ‘ T T I | | | | I | T T I T T I T )
« Post-fit | | Pre-fit Binned o Post-fit | |Prefit | Unbinned
p=1.00 4 0.21 = 1.00+0.17
Vokg == £0.72 - Voke =i £0.72 '
Vi | ede 11031 N | M | e 0,27 1
vyv i e 140.20 1 VvV & 14020 1
Vies ¢ & i+0.005| [ INNEENEEEE Vies ¢ iz00s5  [HE
Vies + ¢ i+00s3) [ Vies ¢ ixoor2| NN
Vmet | ¢—— +0.94 o Vmet #— +0.46 ;
I.;.ilé.l Illlllillllll | i.i;l Illlllillllll
=) -1 0 1 2 -0.1 0 0.1 -2 0 1 2 -0.1 0 0.1
v Ap v Ap
J

Vmet
Vies

Vtes

K Vpkg Vit VvV Vies Vijes Vmet

Postfit, the measurement is statistically dominated.
Postfit impacts are below ~5%!

16



POSTFIDISTRIBUTIONS

" }OWMT VBFJet””“””I” _
;Qj u B H TT .Z —> TT E
e W | NAVA
u Post-fit B Sys. unc. ]
10° =
- R JLLUM:
10° E
10 ]
= 4
=
Z 108
= 2388
k0 500
2300
' 200
2 100
s 0
2 -100
0 100 200 300 400 500
Myis(T, £)(GeV)

10°

10

88,388

Data - Bkg Data - Bkg

lowMT-VBFJet -
BH - 7 . L —> TT _:
Wt mvv
Post-fit [ ]Sys. unc._]
R OLLUMS

Pre-fit [JSys. unc. —— 1]

1500 2000 2500

500 1000

> true = 3 SMLE= 3 24

lowMT-VBFJet
I "B BZ=
Bt BVV

Post-fit[ | Sys. unc:

2 LL M

Events

m] | |||||u_|_|:

10

IIIII| 1 1 IIII|,|,|

Data - Bkg Data - Bkg

500
ph(GeV)

600
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TOY STUDIES

| % MRCIE STV
E T 1 2:_ 10°
| u:
:_ 10 _al 10
: .
. B 4!;&:;;01 4 2 0 3 J;;Tr,,e‘
| I I 't_"jt‘-“ I | I 1 I |
4 10
10" D
|
: 10° 107
ﬂ:— o:
« 50k toys, sampling the ; _
distribution from the iy o 10
challenge paper A o
2 a 1 5 1
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INTERVAL SIZE AND COVERAGE

£ GUJ) - | I [T | |
5 @
3 o
S :‘5 08_ ]
- o L N
"‘2 () T
= -
% 0.6 -
Q B d
=
0.4 -
- 1o interval - - - lo interval -
i a 0.2 —
0.2 c — i : =il
s .20 interval .20 interval
ROLLUM : (% JLLUM
0 [ I 111 | L1101 I 111 | | I 111 ) 0 1 1 ) | | 1111 I | - I | T | I I I 1111
0 05 1 1.5 2 25 . 3 0 0.5 1 1.5 2 2.5 A 3
rue rue
p T

* Interval size grows with . Coverage is excellent.

* Note to the organizers: Our submitted model fits the ML&olestnot reminimize the nuisances when scanning to find
the interval boundaries This solves the timing problem that appears only at the remote cluster [see email]. The simplifica
causes a flat deficiency of 4.5% in the interval width which we calibrated by inflating the interval. Apparentlyjahis inflat
factor is slightly imperfect, hence our imperfect coverage in the last submitted model. Results in the plots aredtully profil

19



WHAT DID WE LEARN?

« This was a great challenge! lg;ﬁé;n.t.

]’-‘nobo's Jounrney

» Doable but challenging & realistic

* Lessons learned:

« Calibratecclassifiers are key; otherwise,
ML part was straightforward

« NumerictlInstead of multiplying exp,
must accumulate logs

e NumerictkLikeihoodratios have dramatic
cancellations away from the minimum;
6-7 digits must be accurately modeled

« NumerickThe constant piece in the extended likelihodid, (f ° ), is CPU intensive and demanding

« 7AG0A T1 x 11T OA OAAAUNkOE/ANefrtd x AOA AAAI OA



