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Unbinned inclusive cross-section
measurements with machine-learned
systematic uncertainties

(a.k.a. Gollum goes Higgs Uncertainty Challenge)

Claudius Krause



https://arxiv.org/abs/2505.05544
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It all started in November 2024 ...

We should use your
unbinned method
[2406.19076]
for that challenge ...

Tell me more!

Claﬁdiué Krause

g = 1 -
M ¥ X o
! v P = ¢ v 3
\ Sy \ L . o\ :
- ; _." )4 L . -
’fﬁ -* LY A
N e & - Wi - 44 |
Sl -
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Joint venture of the CMS Data Analysis group & Machine learning group @ HEPHY (Vienna) 2/30
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Gollum goes Higgs Uncertainty Challenge

1) FAIR Universe Higgs Uncertainty Challenge

2) “Guaranteed Optimal o Qe:
ys Log-Likelihood-based % },\.‘,
b Unbinned Method”
(GOLLUM) L\,

-.:
. .

3) Results
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The FAIR Universe Project https://fair-universe.lbl.gov/

« 3 year US Dept. of Energy, Al for HEP project. (U Berkeley, U Washington and Chalearn)

« Provide an open, large-compute-scale Al ecosystem for sharing datasets, training large
models, fine-tuning those models, and hosting challenges and benchmarks.

« Organize a challenge series, progressively rolling in tasks of increasing difficulty, based
on novel datasets.

« Tasks will focus on measuring and minimizing the effects of systematic uncertainties in
HEP (particle physics and cosmology).

 Broad team in HEP, ML and computing involved in several previous challenges and
benchmarks for HEP (e.g. HiggsML and TrackML, LHC Olympics, Fast Calorimeter
Simulation Challenge) and wider (e.g NeurIPS competition track, MLPerf HPC); as well as
Uncertainty aware learning in HEP

« Now: Fair Universe HiggsML Uncertainty Challenge, a NeurIPS 2024 competition 4130

Slide source


https://indico.cern.ch/event/1523250/contributions/6456338/attachments/3070068/5431108/Fair%20Universe%202025%20-%20IML%20workshop_first.pdf
https://fair-universe.lbl.gov/
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Fair Universe: HiggsML Uncertainty Challenge

Extension of previous HiggsML challenge from 2014 (a classification problem for Higgs
decaying to Tau leptons based on final state 3-momenta and derived quantities)

Missing ET

= new Fair Universe dataset, with following improvements Thad
> Use (much) faster simulation, less accurate (but does not matter)

> Numbers of events 800.000 = ~300 millions
» Parametrised systematics (Nuisance Parameters)

possible
sub-leading jet

Composed of Signal (H—=tt) and three backgrounds (Z—>tv, tt, VV)

possible leading jet

Task : given a pseudo-experiment with given amount of signal, provide a
Confidence Interval on signal strength.

2410.02867|

Run as an official NeurIPS 2024 competition till 14th March 2025 Slide source



https://indico.cern.ch/event/1523250/contributions/6456338/attachments/3070068/5431108/Fair%20Universe%202025%20-%20IML%20workshop_first.pdf
https://arxiv.org/abs/2410.02867
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Fair Universe: HiggsML Uncertainty Challenge

28 features:

Symbol Description Symbol Description

p}had Transverse momentum of the 7y,.q pf} Transverse momentum of the lepton

7 Thad Pseudorapidity of the Thaq n* Pseudorapidity of the lepton

@ Thad Azimuthal angle of the Thaq qb‘g Azimuthal angle of the lepton

s Missing transverse momentum P Azimuthal angle of missing transverse momentum
pé}l Transverse momentum of the leading jet p%z Transverse momentum of the subleading jet

fr;j L Pseudorapidity of the leading jet nh Pseudorapidity of the subleading jet

P Azimuthal angle of the leading jet @2 Azimuthal angle of the subleading jet

N, Number of reconstructed jets Zjets pt Sum of transverse momenta of all jets

mr (¢, pr°) Transverse mass of lepton and missing pr Moyis Visible invariant mass of 7,,q and ¢

pa Modulus of vector sum of Thaa, £, priss mJ172 Invariant mass of the two leading jets

Anitiz Pseudorapidity separation of leading jets n’t -1’2 Product of leading jet pseudorapidities

pet Modulus of vector sum of s, prad, pf, pf_'[?} p“;_’? > pr Scalar sum of pPs*, pad pl, and all jets
o Azimuthal centrality of pi*™* w.r.t. Thaa,? Cy Pseudorapidity centrality of lepton w.r.t. jets
AR(Thaa, ) Angular separation between mhaq and ¢ Pgr/ Prrhad Ratio of transverse momenta of lepton and mhaq

6/30
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Systematic Uncertainties: parameterized by nuisance parameters v

Three primary Feature distortions (and correlated impact on derived features):

« Tau Energy Scale (and correlated MET) MET
o Jet Energy Scale (and correlated MET) had
o Additional randomized Soft MET

Three Event category normalizations

 Overall background normalization

e Di-boson background normalization

possible
Sub-leading jet

e ttbar background normalization _
possible 7130
Leading jet

Slide source


https://indico.cern.ch/event/1523250/contributions/6456338/attachments/3070068/5431108/Fair%20Universe%202025%20-%20IML%20workshop_first.pdf
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The Signal is buried in the systematics!
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B

|
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10* Systematic —=
uncertainty 3
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10? *;
10 .
1
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0 05 . Rel. uncertainty r—«%
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0 500 1000 1500 ZQOQ 2500
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- N Systematic 3
10° uncertainty E
103% é
102 -
10
1
0.06 F — H — 77 fraction
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Gollum goes Higgs Uncertainty Challenge

1) FAIR Universe Higgs Uncertainty Challenge

2) “Guaranteed Optimal o Qe:
ys Log-Likelihood-based % },\.‘,
b Unbinned Method”
(GOLLUM) L\,

-.:
. .

3) Results
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How can we extract the signal from this dataset?

We divide and conquer!

10/ 30
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How can we extract the signal from this dataset?

We divide and conquer!

-—

« Apply physics domain knowledge
 Break it down to smaller pieces

 Use analytic formulas when possible

10/ 30
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How can we extract the signal from this dataset?

We divide and conquer!

-— T~

« Apply physics domain knowledge « Base everything on likelihood test statistic
« Break it down to smaller pieces « Use Machine Learning in remaining parts
e Use analytic formulas when possible e Use many small instead of one blg network

10/ 30
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First, we divide phase space in signal and control regions

Poisson yield Lo

Region Requirements Type _
H— 71 L —TT tt \AY%

S/B

pit > 50 GeV
lowMT-VBFJet P2 > 30 GeV UB, SR 225.8 41280.4  15425.9 3134 3.96-10° — VBF SR
mt <70 GeV

Pl > 50 GeV
highMT-VBFJet P2 > 30 GeV UB, CR 14.7 721.7  16768.6 1932  830-107*
mr > 70 GeV

pE > 100 GeV
LowMT-noVBFJet-ptH100 mt < 70 GeV UB, SR 57.0 17379.8 674.6 79.0 3.14-107% —> ggH SR
veto on VBFJet

H
pt <100 GeV
1owMT-noVBFJet-ptHOto100  mr < 70 GeV CR 642.5  837928.7 3360.1 14385  7.62-107° = 90% of data, bkg CR
veto on VBFJet

highMT-noVBF Jet mr > 70 Gev CR 26.0 3826.9 5054.3 14094  2.53-107°
veto on VBFJet

11/30
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Then, we define our test statistic

Profile log-likelihood test statistic

max, L(D|u,v
4u(D) = —2log (Dl )

max#su L(Dlﬂﬁ l/)

12/30
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Then, we define our test statistic

Profile log-likelihood test statistic

max, L(D|u,v
9,(D) = —2log (Dlp, )

max#’su L(D“"L? V)

Extended likelihood (for each selection)

obs

L(D|u,v) = P(Nobs| Lo (1, v Hp(wzlu,V)

Ay, \’/

//l HEPHY

12/30
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Then, we define our test statistic

Profile log-likelihood test statistic

Extended likelihood (for each selection)

max, L(D|u,v)

IIla,X“,u L(D“"L? V)

obs

L(D|u,v) = P(Nobs| Lo (1, v Hp(wzlu,V)

12/30



—~ AUSTRIAN ||||||| "/
QAW e B — },, HEPHY

Then, we define our test statistic

Profile log-likelihood test statistic

9,(D) = —2log

p(e|p,v) =
1 do(x|p,v)
o(p,v)  dx

max, L(D|p,v)

maxp'ay L(D“"L? V)

Extended likelihood (for each selection)

obs

L(D|u, v) = P(Nops|Lo (p, v Hp(wzlu,V)

... and its (log-) ratio

L(Dl|p, v Rl do (3|, v
log L((D||!LO)) = £l ) = o(1,0) + ) log (da((mli 0))

1=1

)

12/30
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Then, we define our test statistic

Profile log-likelihood test statistic

9,(D) = —2log

p(e|p,v) =
1 do(x|p,v)
o(p, ) dx

max, L(D|p,v)

maxp'ay L(D“"L? V)

Extended likelihood (for each selection)

obs

L(D|u, v) = P(Nops|Lo (p, v Hp(wzlu,V)

... and its (log-) ratio

L(Dl|p, v Rl do (3|, v
log L((D||Il,,0)) = —L(o(p, ) —0o(1,0)) + ; log ([da((%ﬁa 0))})

Differential Cross section Ratio: DCR

12/30
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And we re-write it in terms of known quantities

The DCR splits into signal and background components

do(x|p,v)  dou(x|v..m) doz(x|vc.n)

do(z[1,0) ~ " do(z|1,0) do(z|1,0)
Y dgt?(mhj';-m‘) Y ZATaT, d{'}'\,ﬁ..,a'(m|]!r.“:g|,)
e ooy T do(z[1,0)

with analytic dependence on the normalization-type nuisances and signal strength p.

13/30
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And we re-write it in terms of known quantities

The DCR splits into signal and background components

do(x|p,v)  dou(x|v..m) doz(z|v..in)

do(z[1,0) ~ " do(z|1,0) do(z|1,0)
Y dﬂ't¥(m|]?;;_|i|,) BRY ZLVaY, dffﬂ,-’ﬁ,.-'(:[:“!,._.,:ql)
U ed T To@re) UV do(x|1,0)

with analytic dependence on the normalization-type nuisances and signal strength p.

The calibration-type nuisances are tackled by inserting a “factor 1”:

doy,(x|V canin) _ do, (x| carn) do,(z|0)
do(x|1,0) do,(x|0) do(x|1,0)

~ S, (2|Vcalib) p ()

13/30



.||
OAW s = HEPHY
INSTITUTE OF HIGH ENERGY PHYSICS
|

And we re-write it in terms of known quantities

The DCR splits into signal and background components

do(x|p,v)  dou(x|v..m) dogz(x|v..)

do(xz|1,0) H do(z|1,0) do(z|1,0)
Y dgt?(mh)‘ ;-lil') Y ZLYaT dg‘\-nb"'(m“”rn':l:”-)
+ (1 +ag) do(x|1,0) + {1 +avy) do(z|1,0)

with analytic dependence on the normalization-type nuisances and signal strength p.

The calibration-type nuisances are tackled by inserting a “factor 1”:

doy,(x|V canin) _ do, (x| carn) do,(z|0)
do(x|1,0) do,(x|0) do(x|1,0)

Effect of systematics A X Share of process
per process ~ Sp(x|Vcatib ) gp () p on total xsec
— — S~ . 4 13/30
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The first ingredient to the DCR: the multi classifier g ,(x)

> Tensorflow NN with 28/128/128 /4, ADAM, moderate L1/L2 regularization, CE loss
> Data highly imbalanced — needed class weights (based on 0)

lowMT-VBFJet lowMT-VBFJet
N AL A N Eama

= — H > 7 — tt é

Probability
© o o

1 | 1 1 1 1 I 1 1 L 1 | L 1 L 1 ]
0 1 2 3 4 5 . .6
An3132

14 /30
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The first ingredient to the DCR: the multi classifier g ,(x)

Calibration is important!

- Events in the bin 0.19 < ¢,(x) < 0.21 need to have ~20% fraction of p
- But: gy is off by ~7%, g;is off by -2% (gets amplified x10-x100!)

lowMT-VBF Jet : lowMT-VBF Jet

- L EW I R T g WS b gghiY pr i B o= 5 L S e e [ g UatABIe] T a3 [ Gl 6 Tt W] i
QH(m)E- «—uncalibrated [ = gz () F —«—uncalibrated =
0.12f —— calibrated A 08E —— calibrated 3

- : - =

0.1:— ) I - 07? =

z . . 0.6F E

0.08- ; g 0.5F E
0.06 ] 04F =
0.04| - 03 e

£ ] 0.2 -

0.02— - Y — E - E

: i OLLUM - 0.1F BiDLLUM -

oSN W NN W A VRN VA S AU TR SN N AT N RETENrEN REENE B v b e by o by by s by o by s by by g byl

00 002 004 006 008 041 0.12 0.14 00 01 02 03 04 05 06 07 08 09 1
doy(x]0) doz(x|0)
do(x|1,0) do(x|1,0)

15/30
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The first ingredient to the DCR: the multi classifier g ,(x)

Calibration is important!

- Events in the bin 0.19 < ¢,(x) < 0.21 need to have ~20% fraction of p
- But: gy is off by ~7%, g;is off by -2% (gets amplified x10-x100!)

N e aaneanaa s a0 [sotonic Regression saves us
98\ - ——uncalibrated [ = gz\® F —«—uncalibrated =
0.12f —— calibrated ] 08E —— calibrated 3
- ) ] E =
¥ | * 0.7 - :
o1 T e 3 3 {IREG(gi‘fI (x)), if p=H
0.08F ‘ - E 3 9(®) = { REG( N .
- . ] 0.5F E 9, (2))(1-IREG(gg()))
0.06 :_ : _: 0.4 i_ _; Eq=Z,tf,VV IREG(g; (x)) , otherwise.
0.04[- . 03¢ E
E 8 0.2 =
o02r i OLLUM - 0.1 BiOLLUM -
O 002 004 006 008 01 012 014 0001702 03 04 05 06 07 08 08 1
doy (]0) doz(z|0)
do(x|1,0) do(x|1,0)

15/30
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The second ingredient to the DCR: the parametric NN S (x|v)

- A network trained with cross entropy loss learns the density ratio: [2406.19076]
1
X
f CE( ) do(x]1)

L 3o (x[0)

16/ 30
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The second ingredient to the DCR: the parametric NN S (x|v)

- A network trained with cross entropy loss learns the density ratio: [2406.19076]
1
fee(x) =
CE(X) |+ do(x|v)
do(x|0)
- We make a specific Ansatz, up to log-quadratic order:
f (X) o 1 log SP(X’V) = Vtes AAteS(X)_FVj(‘,S(AjeAS(X)+7/111(‘t Amet(AX>
g 1+ Sp (X| V) _|_Vt20s AtesiteS(X)WLijos Ajes,jes(x>+7/12not Amet,met (X)

TVtesVies Ates,jes(X)+Vj(>sV111(,‘t Ajes,met (X)‘i‘l/tosl/mot Ates,met (X>

16/ 30
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The second ingredient to the DCR: the parametric NN S (x|v)

- A network trained with cross entropy loss learns the density ratio: [2406.19076]
1
fop(x) =
CE(X) |+ do(x|)
do(x|0)
- We make a specific Ansatz, up to log-quadratic order:
f (X) . 1 log Sp(X’V> = Vtes AteS(X)"H/j(‘s Ajes(x>‘|'7/mot Amet(X>
— 5 o g
g 1 + Sp (X| V) _|_Z/t2(‘,s AteszteS(X)WLij(\s Aies jes(X)+ 10t Amet,met (X)

TVtesVies Ates,jes(X)"H/j(\s’/mvt Ajes,met (X)+VtesVmet Ates,met (x)

> Tensorflow NN with 28 / 256 / 256 / 9, ADAM, CE loss

> Training data:

All mixed samples with |v_ [+ |v_[|+]|v_ | < 2 andsingle |v | <3 1630
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The second mgred1ent to the DCR: the parametric NN S (x|v)

o lowMT-VBFJet Z =TT LowMT~ VBFJet 2 —TT
— T T T | T T T T I.I T T | T T T T I T T T T ‘ T T T \7
S 10tk " nominal — Vjes = +3 2 - —nominal — Ve = +3
g F o — truth — Vjes = +2 3 Ij>j 10— - truth —ves = +23
i —yjes = —|—]_ i [~ — Veg — —|—]_ ]
N | - 1
10 — Vjes = —1 73 10°F —Vees = —1
E — Vjes = —2 E ; — Vtes = —2 ;
10? E_ s — Ujes = —3 _E 102 ;_ — Vies =
102_ ______________ _E 10 =
- ®%owem 2002020 == - B OLLUM
o = ————— = ° 1;-:}::::}::::}::::}::::}::::I::::}::::—_
© - - '-'g - ; ]
o - — o 1 15:* —
— 1.1
= 1.05F
1F : lI: .
- E 0950 =
- 0.9f ]
- oss| T E
08:‘ 1 1 L 1 L 1 | L 1 L L | 1 L 1 1 i —_ 1 |:\ \- 08:| 1 | T T 1 | I | | [ | | [ | | [ | | :
' 100 200 300 400 500 600 ’ 50 100 150 200 250 300 350 400

) 17/30
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Added bonus: this setup is refinable!

If we need to add a new background component, the existing terms remain valid.

do’ (z|p, v) = do(x|u, v) + donew (x|2)

18/30
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Added bonus: this setup is refinable!

If we need to add a new background component, the existing terms remain valid.

vdo’(z|p,v)  do(z|p,v) + danew(m|u)§
do’(z]|1,0)  do(x|1,0) 4+ dopew(x]0)

do(x|p,v) + donew (®|) donew (€]0)
do(x|1,0) dopew (]|0) do(x|1,0)

domew (@]0)
1+ 45 @I1,0)

R(mlﬂa V) i gneW(m|V)§neW(m)
1 + Gnew(T)

12

18/30
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Added bonus: this setup is retinable!

If we need to add a new background component, the existing terms remain valid.
do’(x|u, ) = do(z|p, ) + dopew(x|2)
vdo’ (x|p,v)  do(x|p,v) + danew(m|u)§
do’(z|1,0)  do(z[1,0) + dopes(x|0)

do(x|p,v) + donew (®|) donew (€]0)

do(x|1,0) dopew (]|0) do(x|1,0)
donew (x|0)

1+ do(x|1,0)

—> no need for retraining everything, only 2 new pieces are needed!
18 /30
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1) FAIR Universe Higgs Uncertainty Challenge
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3) Results
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Results I: Asimov Dataset
”E : Binned reference:
£ . - In output node of multiclassifier
3] i
oA . : > Stable w.r.t. bin choices
& — Unbinned . ,  LowMI-VBFJet
i —] c D! II > T“ll —%TT 4
320 Binned . e PBOLLUM B W7o
] W1 £ Systematic =
uncertainty J
10° E
102 a
10
;
06; —H — 771 fraction =
0.4; Rel. uncertainty E
o.ﬁ; V 7 E

Bin1 Bin2 Bin3 Bin4 Bin5 Bin6 Bin7

20/30
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Results II: Impacts

o Post-fit |:|Pre—ﬁt

] | T 1T | T T T | [
Binned
po= 1.00 £ 0.21

* Post-fit I:lPre—ﬁt

I | T T | ' T T | |
Unbinned
p=1.00=+£0.17

voks i zon | kg i cor |

Vg | e 14031 n Ve f e 4027 N |
v -+ 14020 1 Vv % i+0.20 1

Vies 140005 | NI | || e ¢ ixooss| (I
Vtes ¢ ixo0s3 N Vies ¢ ixoor2| 1IN
Vmet | ¢——i10.94 o Vet #4046 i

| ! ] ! i ) ; ) | | || |1 |i L1l || | ] i . | ] || | | |i L1l ||
-2 -1 0 1 2 -0.1 0 0.1 -2 1 0 2 -01 0 0.1

2 Ap v Ap

> Dominated by statistics

- Impacts below 5%

IMM‘L,
7 HEPHY

INSTITUTE OF HIGH ENERGY PHYSICS

Vmet

Vijes

Vies
v

Vit

Vbkg

K Vbkg Vit VVV Vies Vjes Vmet
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Results III: Postfit Distributions

1owlT-VBF Jet

loyMT-VBFJet 1owMT-VBFJet
BH - 77BRZ— 77

Bt - A%

Post-fit [ Sys. unc.

i OLLUM

" HBH—rr W27
B BVvV
Post-fit[] Sys. unc

i LL\/M

|_|_| IIIIIIII| I-

|.l| 111 ||||.|.| [
FEvents
2

Post-fit [ Sys. unc.
R OLLUM

LLLi
3

| IIIII|_|_|

10?
10

|ﬁﬁ" | IIIIIII|

-
o

200 =
o N . N vy =
%ﬂ g% s = ggo Pre-fit Sys. unc. H— 77 En? 103 \‘\g‘?\;:’::-:--- & :
& 10(0) . g-gé— =
P E = -1 - = =
a _;% a §§§ i - =
600 & 500 4 3 E
= 400 2 %00 T JooE =
L 300 = 500 g
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500 1000 1500 2000 2500 200 300 400 500
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Results IV: Toy Studies

Study of 50k toys,
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Results V: Interval Size & Coverage
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Official Results: pseudo experiments (p-e)

The official evaluation is done using pseudo-experiments: p-e

“A dataset representative of what would be measured from 10fb* ~800 billion LHC pp
collisions for a given value of p and v.”
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Slide source


https://indico.cern.ch/event/1523250/contributions/6456338/attachments/3070068/5431108/Fair%20Universe%202025%20-%20IML%20workshop_first.pdf
https://arxiv.org/abs/2410.02867
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Official Results: Scoring

pseudo-experiments
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Online leader board:
10 trials x 100 p-e

Final leader board:
1000 trails x 100 p-e
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|
Results
Task: Fact Sheet Answers Higgs NeurlPS T
# Participant Entries Date ID Method Name Quantile Score  Interval Coverage RMSE
0 HEPHY 1 ?2_225;03'1 - 244525  GOLLUM_calib-v5_v2-8 0.878 0.415 0.693 0.2
@ HEPHY 1 33_225603'1 9 243324 GOLLUM_v10-3 0.833 0.434 0.673 0.22
ibrahime 1 %3357'03_1 2 244411  AdvnF-2j-4nf-edge 0.823 0.438 0.672 0.191
HEPHY 1 38_215;03'1 D 243323 GOLLUM_v10-2 0.803 0.447 0.651 0.213
=] 2025-03-11
@ HEPHY 1 1593 243664  GOLLUM_calib-v5_v2-6 0.797 0.449 0.65 0.238
6 HEPHY 1 ?8_2151'03'06 241784  GOLLUM_v7 0.776 0.459 0.681 0.207
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Official Results: Final Evaluation

Coverage vs Mu
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Quantile Score vs Mu
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Official Results: Final Leader Board

WINNERS

NeurlPS 2024 Higgs Uncertainty Challenge has come to an end. We have announced the winners of the competition. After extensive studies
on a new hold-out data set, HEPHY and IBRAHIME cannot be separated in a significant way and are declared joint first. HZUME has secured
third position.

Rank Team Avg Coverage Avg Interval Avg Quantile Score
1 (Tie) HEPHY 0.6683 0.4599 -0.5823
1 (Tie) IBRAHIME 0.6698 0.4974 -0.5761

3 HZUME 0.6659 0.8134 -2.1650

« HEPHY (Lisa Benato, Cristina Giordano, Claudius Krause, Ang Li, Robert Schofbeck, Dennis Schwarz, Maryam Shooshtari, Daohan Wang)
from Vienna's Institute of High Energy Physics (HEPHY) in Austria will win $2000.

« |IBRAHIME (Ibrahim Elsharkawy) from University of lllinois at Urbana-Champaign will win $2000.

« HZUME (Hashizume Yota) from Kyoto University Japan will win $500.
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Gollum goes Higgs Uncertainty Challenge
2505.05544

- We maximized physics input and used analytic functions wherever
possible.

> We developed an unbinned likelihood surrogate in p and v.

> Method is refinable, making it well-suited for experimental collaborations.

- The challenge was well designed and
fairly realistic (missing fakes, non-prompts).
—> challenging, but doable

> Our performance is state-of-the-art,
winning the challenge ex aequo.


https://arxiv.org/abs/2505.05544
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