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Introduction

ATLAS presented the first full NSBI analysis with the analysis of the off-
shell Higgs boson production in the H* - ZZ — 44 final state [Rep. Prog.

;EL 12; gjﬁ?’ev 1s0ft  — ObsNSBI -

Phys. 88 (2025) 057803]. <= ' -~~~ Exp NSBI ]
10— == Obs Histogram .

B 4¢ only --—- Exp Histogram ]

The paper presents a full SBI analysis, but several challenges were not
addressed in the timeline of the publication:

« The analysis was done with JAX and not implemented in RooFit, making
it a challenge to combine with other analyses in ATLAS.

« Since it is an unbinned analysis, it was challenging to define an Asimov
dataset. We used a MC sample with a very large number of events for
the paper. However, such large datasets are not practical in serialized
workspaces used in combinations.

M oft-shell

This presentation shows our

current efforts to address

» An explicit Neyman Construction was done, but it relied on these challenges.
computationally expensive bootstrapped samples. Not very practical.
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HIGP-2024-14/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HIGP-2024-14/

Implementation of NSBI in RooFit

The NSBI analysis of the off-shell Higgs boson production used a hybrid approach to estimate density ratios where:

« The dependency with respect to the POI, background normalization, and NP was parametrized
« The dependency with event kinematics is non-parametric.

The model used can be summarized as:
px(xlpa) 1 Dy (x)
Pref(x) B v(u, ) Z {fX(H)VX Dref(X) ll;[ GX,m(“m)] [U gX,m(xir am)]}

Two approaches have been attempted to introduce this formula in RooFit

1. Use the event kinematics x as observable. See example of implementation here.
« Memory efficient, but CPU-intensive since thousands of NN have to be evaluated at each point of the likelihood.

* It may be a good application for MPI| programming in large HPC systems.

2.  Use the non-parametric density ratios (py /pref(x) and gx . (x)) as observables
» CPU-efficient, but it can be memory demanding.

Since we don’t have many GPUs available for statistical inference (we are still using Ixplus for several of these fits), we decided to
take approach (2).
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https://indico.cern.ch/event/1484669/contributions/6456378/

Implementation of NSBI in RooFit

» The following classes were used to implement the model in (native) RooFit

* The advantage of using native RooFit classes is to benefit from recent improvements in the RooFit backend
which greatly improve fitting time

@ 1 [{EXCE
px(xlp, a) — Z fx(uvy 1_[ GX,m(“m) IpX_(x)li ngx,m(xi: Am) i
= | I

Pref(X) v(u a) : pref(x):.
m P LY 1 £ =
A A
EE— s —————— B
Per-process Shape uncertainties as
density Piecewiselnterpolartion
ratios as 4
RooRealVar
*
Normalization Non-parametric
uncertainties as components in a
FlexibleIlnterpVars RooWrapperPdf

Mixture model implemented as a RooAddPdf
(of several RooWrapperPdf instances)
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Validation

This is an example of the RooDataSet for the off-shell

production analysis using approach (2).

* NN-based observed are pre-calculated. Large number
of observables, but no need to perform NN inference

on the fly.

« Challenges with memory consumption and with
maximum size for serialization in workspaces
(improved a lot in recent versions of ROOT)

Extensively validated against published JAX version.

POl Scans Performed in JAX and RooFit, H->ZZ->4l

DataStore testSetSR (testSetSR)

’ Val _JLi_IJVLLIILLACHLY_1aliu_o_uuwii —

var_JET_fJvtEfficiency ratio_qqZZ 0 _up
var_JET_fJvtEfficiency ratio_qqZZ_@_down
var_JET_fJvtEfficiency ratio_qqZZ 1 _up
var_JET_fJvtEfficiency_ratio_qqZZ_1_down
var_JET_fJvtEfficiency_ratio_qqZZ_2_up
var_JET_fJvtEfficiency_ratio_qqZZ_2_down
var_JET_fJlvtEfficiency_ratio_ttV_up
var_JET_fJvtEfficiency_ratio_ttV_down
var_JET_fJvtEfficiency ratio EWB_up
var_JET_fJvtEfficiency_ratio_EWB_down
var_JET_fJlvtEfficiency_ratio_EWSBI_up
var_JET_fJvtEfficiency_ratio_EWSBI_down
var_JET_fJvtEfficiency_ratio_EWSBI10_up
var_JET_fJvtEfficiency ratio EWSBI10_down
var_PRW_DATASF_ratio_SBI_up
var_PRW_DATASF_ratio_SBI_down
var_PRW_DATASF_ratio_B_up
var_PRW_DATASF_ratio_B_down
var_PRW_DATASF_ratio_S_up
var_PRW_DATASF_ratio_S
var_PRW_DATASF_ratio_qqZZ_0_up
var_PRW_DATASF_ratio_qqZZ_@_down
var_PRW_DATASF_ratio_qqZZ_1_up
var_PRW_DATASF_ratio_qqZZ_1_down
var_PRW_DATASF_ratio_qqZZ_2_up

Per-event, per
process, per-
uncertainty

fi e
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF
Y(-INF

ra )
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)
+INF)

ar_JET_fIvtEffi
“var_JET_fJIvtEffi
"var_JET_fIvtEffi
“var_JET_fJIvtEffi
“var_JET_fJIvtEffi

"y

“var_JET_fJIvtEffi
“var_JET_fJIvtEffi
- JET_fIVtEffi
JET_fIvtEffi
JET_fIvtEffi
"var_PRW_DATASF_r
"var_PRW_DATASF_r
PRW_DATASF_r:
ar_PRW_DATASF_r4
ar_PRW_DATASF_r
“var_| |_DATASF_r
"var_PRW_DATASF_r4
"var_PRW_DATASF_r
"var_PRW_DATASF_r
“var_PRW_DATASF_r
"var_PRW_DATASF_r

e ROOFit Systematlc Varlatlons var_PRw_DATASF_ratio_qqZZ_Z_down U(-INF +INF) PR‘V:LD)“XTASiJi'
5 — var_PRW_DATASF_ratio_ttV_up U(-INF - +INF) PRW_DATASF _r
= BE_ 3 var_PRW_DATASF_ratio_ttV_down U(-INF - +INF) ar_PRW_DATASF_r
E B |—=JAX var_PRW_DATASF_ratio_EWB_u U(-INF - +INF) “var_PRW_DATASF_r
i 757 var_PRW_DATASF_ratio_EWB_down Y(-INF - +INF) ‘"var_PRW_DATASF_r
é; - var_PRW_DATASF_ratio_EWSBI_up U(-INF +INF) “var_PRW_DATASF_r
E 61— var_PRW_DATASF_ratio_EWSBI_down U(-INF +INF) ar_PRW_DATASF_r
4 F var_PRW_DATASF_ratio_EWSBI10_up U(-INF - +INF) ar_PRW_DATASF_r{
= 527 varaPannATAGF_rafin FWSRT1A down A (-INF - +INF) "var_PRW_DATASF_r
- r_SBI .1843299865722 L(-INF 4 +INF) "“r_SBI"
a4 r_B 51758 L(-INF - +INF) “r_B"
- Per-event, per- S 8842 L(-INF - (INF) "r_s"
3 process denSIty r_qqzzZ_e = 19.536570646 L(-INF - +INF) -_qqZZ_0"
= . r_qqzz_1 ). O 0 )00 L(-INF - HINF) "r_gqZZ 1"
= ratios r_qqzz_2 = 0.000000 00 L(-INF - FINF) “r_qqzz 2"
— r_ttv .49580 6635132 L(-INF HINF) “r_ttv"
W r_EWB = 0.491356581449509 L(-INF - kINF) “r_EWB"
- r_EWSBI 2 2531738 L(-INF H+INF)
ol | - N IR R RS S r_EWSBI10 = 0.888289511203766 L(-INF - kINF) "r_EWSBI10"
0 0.5 1 1.5 2 25 Dataset variable "total_weight" is interpreted as the event weight

mu
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The Asimov problem

The approach used to implement NSBI in RooFit significantly worsens the L 8 —
challenges with the Asimov dataset - ATLAS Simulation /
- Vs=13TeV,140 fb
« Large MC samples RooDataSet with a very large number of observables 6 — unbinned nsBI /
. —== Binned log [ps/p(y=1.0)] 15 bins
have a large memory footprint. +  Binned p( = Hscan)/p(k = 1.0) 15 bins i

Binned p(u = Uscan)/p(t = 1.0) 20 bins ’
*  Binned p(u = piscan)/p(u =1.0) 30 bins
Binned p(L = Uscan)/p(K = 1.0) 90 bins ’

I T T T |

Together with the off-shell analysis paper, the ATLAS collaboration published 4
another paper describing several of the NSBI methods we developed for the
results [Rep. Prog. Phys. 88 (2025) 067801].

1 Il | I Il | | I 1 | |

J

In this paper we showed that the unbinned NSBI analysis can be well
approximated by a binned hypothesis u’-dependent observable

Il | 1

2.5
p 1 p px(x) H
00w = v(u') zx: SilJvx Pref(X) A (much) better “optimal” observable is
obtained by using a different observable
Traditionally, several ATLAS and CMS analysis call a fixed observable for each hypothesis.
“optimal”. However, these observables are only “optimal” around some
hypothesis u'. Which provides a simple binned

Asimov approximation to the full
unbinned NSBI analysis.
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/SOFT-2023-01/

The Parametrized OO approach

Implementing hypothesis-dependent observables in RooFit is challenging (this is not a concept envisioned by
the authors).

A practical implementation changing our point of view (the parametrized OO approach):

Instead of thinking about a hypothesis-dependent observable, think about a single
binned observable where the yields depend on both hypothesis ¢’ and POI u

One problem is that distributions 00(x|u") can be very different for different values of u'.

Using a “score” variable which has a compact image 0 < s(x|u’) < 1, greatly improves the situation:

00(x|u")
00(x|u") + 00(x|SM)

s(xlu") =
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The (binned) score distributions

Binned NSBI Asimov, = 0.35 Binned NSBI Asimov, =230 Binned NSBI Asimov, p'=1.05

T T T v
HE
.ﬂ%ZZ
~Asimov DS

2 =2

TTITI II|'|T|_|_|—|T|T|,_
=5,
'| 1

3
(=]
o
w
([ | IIII‘ W NHVTT N 1T ] IIIII|

After the score transformation, the different optimal Near the SM value, the
observables for different hypotheses can be binned observable becomes degenerate
with the same bins without losing statistical power. (cut-and-count at s = 0.5).

Once the binning is uniform, we can stop thinking about hypothesis-dependent observables and think about hypothesis-
dependent yield (do not confuse with POI!) in each bin. And this is easy to implement in RooFit.
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A change in perspective

. . . ) ) Parameterized NSBI MC Yields vs mu'
The yield in each bin can then be parametrized as a function of

the hypothesis u’ using analytical functions. fi_ - ]
2 O .
Special care is needed to avoid negative yields, but other than B i
that, several different methods can be used: -10:— —:
* Polynomial functions (possibly a set, in different domains) E E
«  Bernstein functions —20— ~
«  Spline interpolation - -
« etc... 30— -
A parametrized description of the yield as a function of the 40— —
hypothesis u' in each bin can be achieved with very high E E
precision. ‘500_‘ - ‘0}5' o ‘1 o '1ﬁ5‘ . é - '2?5‘ . :L. =
mu'

The dependency with the POI y is still implemented via a mixture Note that this is only feasible in low-dimensions. For

high-dimensional models (STXS, several floating
background normalizations, ...) some power will be lost.
You cannot beat true NSBI.

model (as in any other analysis).
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The problem with the RooDataSet

While parameterizing the yields of a binned PDF as a function of the hypothesis i’ is not a problem in RooFit (details in the
next few slides), RooFit does not have the concept of a parametrized RooDataSet.

In order to implement the Parametrized OO approach, a workaround is needed.

In a traditional binned PDF, all bins are equal. We break this hypothesis to encode the dependency of the data with the
hypothesis. Yes, we know this is ugly (it is a workaround!). The PDF should know nothing about the data.

We define a parametrized “bin probability” p(u, u') so that the extended PDF reproduces We would love
to have a

better solution

~Nmc(r') Ny (p, u') Naata(w')

e —Npc(u) NMC(MI) Ngata(u)

p(,u,,u,)Ndata(HI"ef) e—NMC(Ii»HI) NMC('u“u’)Ndata(lil"ef) = €

The presence of the MLE N,-(u") and of the data Nga,(') shows that p(u, u") can only be defined a-posteriori.

For (true, not data-like) Asimov datasets, that is not a limitation, since Ny (1) = Ngaea(tt') = Nyc(u = SM, 1’) and it can be
defined a-priori. One can also take Nyata(iref) = const for an even simpler construction.
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A short comment on systematic uncertainties and

Parametrized OO

In principle, the up- and down-variations used to model systematic uncertainties would also need
to be parametrized as a function of the hypothesis u'.

In practice we observe that, while the yields can vary widely, the relative variations are largely
independent of '’

We found that using a constant relative systematic variation taken as the envelope (in u', for a
reasonable range of interest of the analysis) of the relative variations reproduce the pulls and
constraints of the full NSBI result (at least for the off-shell analysis).

If a fully automated framework for interpolation is developed, using parametrized systematics is
not a problem, but we believe that choosing the envelope may be good compromise for most
analysis without loss of sensitivity.
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1. Each bin of score histogram is described as a mixture model
(RooAddPdf) of uniform PDFs (RooUniform).

2*A NLL

N WA~ 010 N o ©

» Histograms models are formed by using RooSimultaneous

'iJ_‘_._'il‘_H_r—I_r_rlll[”wH

2. The probability of the RooUniform (data) is parametrized as a

function of the hypothesis u' and of the POl u using RooFormulaVar.

» The probability of the RooUniform is set by the range of the

associated bin observable.

HIIIIII|IIII TTT1]

—

o

3. The coefficients of the RooAddPdf (MC yields) are parametrized as a
function of the hypothesis ' and of the POl u using RooFormulaVar.

Comparison between full NSBI Asimov
(from the off-shell Higgs production
analysis) and the parametrized OO
Asimov construction presented here
for the Higgs total width measurement.

4. Afixed (reference) RooDataSet is used for all hypotheses u’

5. Systematic variations are implemented as FlexiblelnterpVars
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Advantages and Limitations

The method presented here has several advantages:
« Extremely lightweight binned approximation to full NSBI model with minimal loss of accuracy
» Construction of Asimov dataset without relying on large MC datasets. Memory usage under control.

« Neyman Construction can be performed without bootstrapping, using standard tools implemented in RooFit /
RooStats.

But some caution is also needed:

« Parametrization only feasible in models with few POls and background normalizations. Unbinned NSBI will be
more powerful in high-dimensional models.

« Data and data-like Asimov workspaces must be generated a posteriori

« Combination with other models must be done with care, since the observables of the RooDataSet depend on
non-fundamental RooFit objects
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Conclusion and Outlook

* We have presented a new parameterized optimal observable method which is a binned approximation to a full

NSBI analysis.

|t addresses several challenges encountered in the ATLAS NSBI measurements of the off-shell Higgs

production in the H - ZZ — 4¢ decay channel.

* |t provides a practical, lightweight, and fast RooWorkspace implementation that can be used to perform large
combinations (in our case, global Higgs coupling combinations), efficient Asimov construction, and practical

Neyman Construction.

« The method is mature and we are considering an automatic workflow so that future analyses can benefit from

the NSBI power without dealing with the challenges of an unbinned statistical inference.

« The method does not replace the full NSBI in all applications, but it has the potential of significantly simplify its

usage in most cases.
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Questions?
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