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Abstract

Simulation-based inference has been shown to outperform traditional, histogram-based
inference in numerous phenomenological and experimental studies. So far, these analy-
ses have focused on individual high-profile processes. We study the combination of four
different di-boson processes in terms of the Standard Model Effective Field Theory. Our
results demonstrate how simulation-based inference also wins over traditional methods
for global LHC analyses.
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1 Introduction

One of the biggest upcoming challenges in particle physics is to exploit the full potential of
the current and future LHC datasets. Since the Higgs discovery, the LHC has been turned into
the first precision-hadron collider in history, but extracting the full information from high-
dimensional event data is becoming an increasingly problematic bottleneck. Traditional in-
ference methods rely on, at most, few-dimensional histograms as summary statistics. This
reduction of dimensionality and the binning result in a loss of information. Modern machine
learning (ML) can overcome this bottleneck [1,2]. In particular, they can be used to extract
statistically optimal unbinned likelihood ratios [3].

Besides the ML-based matrix-element method [4, 5], simulation-based inference (SBI) [6—
15] is a proven method for likelihood ratio estimation. The advantages of SBI for high-profile
LHC processes have been demonstrated not only in a variety of phenomenological studies [ 10,
11, 13, 16-23], but recently also in the first experimental SBI analysis at the LHC [24, 25].
While SBI already improves the sensitivity to individual theory parameters, it has even greater
potential if multiple theory parameters are to be inferred. Since SBI does not rely on lower-
dimensional summary statistics, it is much more effective in disentangling different theory
parameters than binned histograms.

A key aspect of modern LHC physics is the combination of many processes into a global
analysis, to answer whether LHC data is explained by the Standard Model everywhere. The
standard framework for such global analyses is the Standard Model Effective Field Theory
(SMEFT) [26,27]. Using SMEFT, numerous global LHC analyses have demonstrated that much
stronger constraints on fundamental parameters can be obtained from the combination of
measurements and processes [28-36]. These analyses are currently based on total rate or
binned differential rate measurements. While it is methodologically clear how to integrate
SBI into a global SMEFT analysis [19], it is not clear to what level the advantages of SBI
persist for such global analyses.

We aim to quantify this effect for four different di-boson processes: WW, WZ, WH, and
ZH production. These processes are highly relevant in global SMEFT analyses of the com-
bined electroweak and Higgs sector [28,37]: WW and W Z production constrain the resulting
anomalous triple gauge couplings and purely electroweak operators, while WH and ZH are
sensitive to Higgs—gauge interactions and add fermionic contact terms. Focusing on a subset
of SMEFT operators, to which the di-boson processes are dominantly sensitive, we compare
the sensitivity of the SBI and histogram methods in detail.

The paper is structured as follows. In Sec. 2, we describe the SBI methods used. Section 3
provides an overview of the considered processes and SMEFT operators. We present results in
Sec. 4. Conclusions can be found in Sec. 5.

2 Methodology

We start by describing our methodology including learning the likelihood ratio using the
derivative-learning approach, backgrounds, fractional smearing, and limit setting.
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2.1 Learning the likelihood ratio

At parton level, the likelihood of the observables z, given a parameter value 6 is directly
related to the differential cross section,

1 do(z,|0)

P(Zp|9)=@T- (D

The differential cross-section can be computed via the matrix element M and the parton dis-
tribution functions f; 5,

f1(xq, Qz)fz(xz; Qz)

2Xx1X5S

do(z,10) = (271)4f dx,dx,d® |./\/l(zp|9)|2 . 2)

Assuming that the theory parameters 6 only affect the hard scattering element, the reconstruction-
level likelihood is given by [6]

p(x]0) = J dzqdz;dz,p(x|zq4)p(2412,)p(2512,)p(2,0)

= J dz,p(x|z,)p(z,10) . 3)

Here, p(z]z,) encodes the parton shower and hadronisation; p(z42,), the detector response;
and, p(x|x,), the reconstruction of the reconstruction-level observables x.

The integral in Eq.(3) is not tractable, implying that the p(x|6) cannot be directly com-
puted. We can, however, use neural networks to learn the likelihood ratio assuming the fac-
torized form,

p(x]0)
r(x|0,6,) = . 4
7 p(x160)
This can be achieved using the loss function
2
£= < (72,16, 06) — ,(x16, 60)] > , 5)

x,2p~p(x|2,)p(2,6);6~q(6)

where r, is the network output and r(z,|0,6,) is the tractable parton-level likelihood ra-
tio. The squared difference is averaged over combined parton-level and reconstruction-level
Monte-Carlo samples with the theory parameters sampled from a prior q(6).

Learning the likelihood ratio conditioned on the theory parameters is difficult and often
numerically unstable. This can be avoided by exploiting the known dependencies of the like-
lihood ratio on the theory parameters. It is particularly useful for SMEFT, whose Lagrangian
has the structure

C.
ZLsmerr = Zsu + Z A—lz 0; = Zsm +Z 6; 0; . (6)
i i

Expanding the squared matrix element to second order in the 8, the differential cross-section
ratio

do(x|0)/dx _ o(0)p(x|0)
do(x|6p)/dx o (66)p(x|6)

R(x|0,6y) = 7)
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can be expanded up to the same second order

R(x|60,60) =1+ (60 — 60;);R;(x) + (6 — 6,);(6 — 6y);R;;(x)

Ri(x) =~ R(x6, 6,)
20, oo,
2
R.:(x)= R(x|0,06 8
R ®

As in Eq.(5), we can learn these coefficients independently of each other using the parton-level
ratios [10,11]

R.(z.) _ 3 do(z,|0)/dz, B Egl,l/\/l(szQ)I2
) = 56, do(y 00/ dzy |y MGG |,
R.i(z) 32 do(z,|0)/dz, 0o, 06,1 M (2,|0)I? ©
(g = =
P 06,00, do(z,100)/dz, 6=6, |M(z,]0)2 6o
The neural network estimators R, approximate the true ratios R;(x) and R;;(x),
Ry i(x) ~Ri(x)
RgD,ij(x) 7 RU(X) . (10)
The likelihood ratio is then obtained via
0 0
r(x]0, 6p) = ZL00) doxl0)/dx _ alBo)p g g (an

o(0) do(x|6y)/dx  o(8)

We refer to this approach as derivative learning.

Alternatively, the likelihood ratio can be learned at specific benchmark points. The theory
parameter dependence is then recovered by morphing the likelihood between these benchmark
points [6,14]. In this work, we only use derivative learning as we previously found it to be more
stable if the phase-space regions populated by the SM and BSM hypotheses have significant
overlap [14].

2.2 Backgrounds

In the presence of background, we can further split up the squared matrix element into a
signal, a background, and an interference component,

Mz, |0)% = [ Mg (5, |0)I + 2Re [ My, |OIM (2) ] + [Minglz) . (12)

For the processes considered in this work, the interference contribution is negligible — either
due to different initial/final states or to the small Higgs width. In this case, the differential
cross section can be written as the sum

do(x]0) = doge(x|0) + dopig(x) - (13)



SciPost Physics

Correspondingly, the likelihood and likelihood ratio split into

Usig(e) Obkg
x|0) = ———p.(x|]0) + ———— x
p( | ) Usig(9)+0bkgp51g( | ) O-sig(e)‘i'o-bkgpbkg( )
Osig(60)
“E 2 (x| 6)R(x16, 6)
H(x10, 60) = Osig(00) + Opig Obkg
T Usig(9)+0bkg O-sig(GO)
1+ w(x|6y)
Obkg
Psig(x16p)

with w(x|6y) = (14)

Pokg(X)

The likelihood ratio can be extracted through a signal-background classifier, whose classifier
score D converges towards [21,38]

psig(xleo) _ co(x) PN w(x) _ Dopt(x)
psig(x|90) +pbkg(x)) a 1+ w(x) a 1 _Dopt(x) '

Dgpe(x) = (15)

The first derivative of the summed log-likelihood ratio is required to vanish at 6 = 6. This
can be derived analytically:

|:J dx p(x|6y)logr(x|6, 90)]

g Gi 91:90,1‘
R(X) O-sigj(QO)

= [ dxp(x]6y) - — = :

J 1 asigb(kego) oy Osis(P0) + Ooig
_ O-sig(eo) f dxp . (X|9 )i do-sig(xle) _ Osig,j(eo)

O-sig(GO) + Obkg e 0 d 9j dasig(x|90) Usig(eo) + Obkg
_ 1 i J dx dasig(xle) _ O-sig,j(eo)

Osig(00) + Opig 9 6; dx Osig(00) + Opig
o, (16)

where we introduced
d
Osig,j(eo) = %O-sig(e) 17)
] 9290

If the classifier and the differential cross-section ratios are not learned perfectly or if the data
samples are not large enough, the numerical cancellation between the first and second terms
above might not be perfect. The likelihood will then not have its minimum at 6, even using
a large dataset generated for 6 = 6. To avoid this numerical issue, we set

R, (x)
Osig,j = (Gsig(go) + O'bkg) < 1+ cr(f,k]g l 1 > 5 (18)

O'sig(QO) w(xi|90) x~p(x|90)

when evaluating the kinematic part of the likelihood. This extends the procedure proposed in
Ref. [14] for the background-free case.
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2.3 Fractional smearing

Another numerical problem arises from outlier events associated with significantly larger deriva-
tives R; or R;; than the bulk of the distribution. These events are passed through the parton
shower and detector simulation only once, and the learned estimators can be biased. As pro-
posed in Ref. [14], we use fractional smearing to avoid this issue. We pass each event with a
large derivative through the parton shower and detector simulation n times and assign each
resulting event a weight 1/n, where n is chosen based on the size of the derivatives. These
weights are then incorporated into the MSE loss. For the example of likelihood ratio regression
for a fixed 6, this reads

L= < [r(zple, 6p) — r(p(x|9):|2 >

x,2,~p(x12,)p(2,16)

N
= > wi [z, 00) — 1, (x,|0)] . (19)

2.4 Limit setting and empirical coverage
The full likelihood for a set of events {x} is given by

Lk

o (20)

prn({x}16) = Pois(nlLa(0))] [p(xil6)  with  Pois(k|2) =

Given the luminosity L, Pois(n|Lo(0)) is the total rate likelihood. The unbinned kinematic
likelihood for each event is p(x;|0) [39]. The corresponding likelihood ratio reads

Pois(n|Lo(0))

log rpu({x}16, 6p) = log Pois(n|Lo(6,))

+ > logr(x;16,6,) . (21)
i
To derive expected limits, we replace the sum by

xi€{x}mc ’ (22)

Nexp
ZIOS r(x;0,6y) — —< logr(x;]0, 90)>
i NMC

to exploit the full Monte-Carlo sample of size Nyc. In the presence of background, we can
split this into

Nexp kag,exp
MC < logr(x;[6, 00)>xi€{x}MC m< logr(xl6. 90)>xi€{x}Mc,bkg
Nsig exp
+ —— (1 16,6 23
Nsig’MC< ogr(xll s 0)>xi€{x}MC,sig ( )

using separate samples {x},, and {x}, for background and signal, respectively. This is valid
since background and signal samples are statistically independent. For multiple independent
background processes, further splits are possible.

After deriving the full likelihood, the test statistic is given by

q(0) = —2log rgy({x}16, )
= —2(log ru({x}10, 66) — log rau({x}16, 65)) , (24)
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where 0 is the minimum of the likelihood. We approximate it by using

A

6 = argmaxlog re ({x}|6, 6,);. (25)
9

Based on Wilk’s theorem, the distribution p(q(0)|0) converges towards a chi-squared distri-
bution for sufficiently many events. Based on this, we calculate the p-value for a parameter
point 0 via

po = J dqp(q(0)10) =1—F ,2(qobs(0)1K) . (26)
qobs(e)

It gives the confidence with which one can reject the parameter point 8, where q,,(0) is the
observed value of q(0) for the sample {x}. F,2(yl|k) is the cumulative chi-squared distribution
function with k degrees of freedom. The y confidence region is defined by all 6 values for
which pgy <.

As a cross-check for the learned likelihood ratio r,(x|0, 6,), we take n samples for a given
0 and evaluate for what fraction of samples the true 8 lies within a given y confidence region,
defining the coverage

¢, =(1(pg,({xH>1-7))

Here, we use the indicator function 1 which is equal to one if the expression in the brackets is
fulfilled and zero otherwise. If the fraction is higher than the nominal confidence level, ¢, > v,
our learned likelihood is conservative or underconfident. Inversely, if it is lower the learned
likelihood is overconfident.

(27)

{x}l,u.,n ’

3 Processes, operators, and training setup

In our analysis we focus on four di-boson processes — WZ, WW, ZH, and WH production —
and a selected subset of SMEFT operators.

3.1 SMEFT operators

Throughout our analysis, we neglect flavor- or CP-violating operators. We, moreover, restrict
ourselves to dimension-six operators. A list of all operators considered is given in Table 1.
In this analysis we ignore the fact that they are also constrained by electroweak precision
observables [30,31,36]. We list the relevant SMEFT Feynman rules in App. A.

Table 2 details which operators affect which process. While WH production is only affected
by three of the considered operators, five operators contribute to ZH production. At first
sight, this larger set of relevant operators significantly increases the complexity of inferring
the likelihood ratio. In practice, however, the expansion performed in Eq.(8) allows for a
straightforward inclusion of more operators.

operator definition | operator definition

Osp (#'D"#)"(#'D,®)| 05 >i12(811D°,@)(3:0""q,)
Osp $'®B,,B"" Osw eTOWI WH

Osw o'o'eWi BY | Oy DWW PO WS

Table 1: Dimension-6 SMEFT operators considered in our analysis.



SciPost Physics

3
process|Ogp Osw Osp Opws Oqu) Owww

wz | vV v v v
ww | v v v v
ZH | v v v v
WH | v v

Table 2: Operators contributing to the different di-boson processes.

3.2 Di-boson processes

In our analysis we focus on four di-boson production processes: qq — WZ, q@ — WW,
qgq — WH, and qq — ZH production. We neglect the subleading loop-induced gg — ZH
contribution to ZH production. Regarding the boson decay channels, we consider the leptonic
decay channels of the W and Z boson and the H — bb decay channel. The resulting signatures
are
qq > W*Z - 0500 + ET miss
qq - WiW:F - £+€_ + ET,miss
q3q — ZH — {0~ +bb
qq¢ = W*H — {* + bb + ET miss -

(28)

Pre-selection cuts and backgrounds

We impose a series of pre-selection cuts, inspired by experimental analyses [40-44]. These cuts
are chosen to suppress backgrounds. All cuts are listed in Tab. 3, where the object definition
cuts for leptons £ and jets j are universal. The employed high-level observables are

. pZTW: reconstructed transverse momentum of the lepton originating from the W boson decay,
. m‘?’: transverse mass of the W boson,

. meZZ : invariant mass of the lepton pair originating from the Z boson decay,

* my,: di-lepton invariant mass,

* myp: invariant mass of the bottom pair.

For W Z production, the main relevant backgrounds originate from Z + jets, Zy, tt, and WW
production with a fake lepton in the final state or — without a fake lepton — from ZZ, ttV,
or VVV production, where V is either a W or Z boson. In the signal region, the contribution
of these backgrounds is about 20% [41]. Since we expect the histogram-based and SBI ap-

proaches to be affected in a similar manner, we do not consider the WZ backgrounds for our
analysis.

processes | pre-selection cuts

jet/lepton | pl >15GeV, pl > 20 GeV, |ni| <2.5 withie {¢,j}

wz Efmiss > 45 GeV, pi" > 20 Gev, m! > 30 GeV, 81.2<m! <101.2GeV, N, =3
ww Epmiss > 45 GeV, my, > 15 GeV, |my,—my|> 15 GeV, N, =2, N;=0

WH and ZH|  pb > 35 GeV, p) <30 GeV, 80 < my, <160 GeV, Ry, Ry, Ryj, Ry; > 0.4
WH only Eqmiss > 25GeV, Ny=1, N, =2

ZH only Ny=Ny,=2

Table 3: Summary of analysis selection cuts.
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Similarly, we also do not take the backgrounds for WW production into account. Here, the
main background would be di-top production, which is, however, heavily suppressed by the
applied jet veto. Further subleading backgrounds are Drell-Yan, W +jets, and W Z production.
In the signal region, the signal contribution is dominant with the background constituting
about 35% of the total yield [40].

For ZH production, the dominant background is Zbb production. In the pre-selection re-
gion, the Zbb contribution is larger than the ZH contribution. Therefore, we include this back-
ground in our analysis following the procedure outlined in Sec. 2.2. However, we neglect the
SMEFT corrections to the background process, assuming that the trained signal-background
classifier will favor the Higgs signal. The presence of additional Wilson coefficients like four-
fermion operators could compensate for the impact of the considered operators. We do not
include them since they do not affect the target di-boson processes. The cancellation for the
Zbb process can, however, still be present in particular given that Zbb production is precisely
measured with the measurements following the SM expectations.

For WH _production, we include the three most relevant backgrounds, t£, ttbb, and Wbb.
For the Wbb background, we again neglect the dependence on the considered Wilson coeffi-
cients based on the same considerations as for the Zbb background.

Histogram observables

For the histogram limit setting, we have to choose specific observables and binning. Our se-
lection shown in Tab. 4 is based on existing experimental analysis for WW and WZ produc-
tion [41,42], as well as the simplified template cross-section (STXS) stage 1.2 [45-48] for WH
and ZH production. For the WW and WZ binning, peTl is the pr of the leading lepton and
mgvz , the transverse mass of the WZ system. The choice of observables and binnings can be
improved to provide better sensitivity to our SMEFT operators [ 16]. We deliberately adopt the
standard STXS binning, to get an indication of how much sensitivity can be gained by adopting

an SBI approach in comparison to existing experimental analyses.

For the histogram limits, we derive the respective histograms for the parameter 6 and 6,
and use them as input for a log-likelihood test. In the presence of background, we weight the
histogram entries by the classifier output. This gives better sensitivity than placing a selection
cut based on the classifier score.

Event generation and dataset preparation

For event generation, we employ MADGRAPH5 AMC@NLO 3.5.0 [49]. Generation is done at
leading order, employing the SMEFTATNLO [50] UFO model. We approximate the effect of
next-to-leading order corrections by applying a flat K-factor [45,51-55]. The boson decays
are simulated with MADSPIN [56]. For the parton shower, we use PYTHIA8 8.306 [57]; for the
detector simulation, DELPHES 3.5.0 [58]; and, for the jet algorithm, FASTJET 3.3.4 [59]. We
use the parton distribution function set PDFALHC15_nlo_30 [60] accessed via LHAPDF6 [61].

process | observable binning

ww pgl [0, 40, 50, 60, 70, 80, 90, 120, 140, 160, 180, 200, 300, 500]
wz |mW? [0, 200, 400, 600, 800, 1000, 1500, 2500]

WH  |py [0, 75, 150, 250, co]

ZH pZ [0, 75, 150, 250, co]

Table 4: Observables and bins used for the histogram limit setting.
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All events are generated for a center-of-mass energy of 13.6 TeV. Using this setup, we generate
~ 10° events for each signal and background process after applying the preselection cuts. For
the signal channels, we further generate separate fractionally smeared datasets of size ~ 2-10°.

Although the considered operators can modify the decays of the Z, W, and Higgs bosons,
we neglect their effect, which is limited by the low momentum transfer in the decays. Most of
the branching ratios are already known to agree with the SM prediction with high precision.
The impact of large Wilson coefficients on these decays can, moreover, be compensated for by
other Wilson coefficients, which we do not include in our analysis.

Finally, we neglect systematic uncertainties. These typically affect mostly the non-kinematic
part of the likelihood in the presence of large backgrounds. The total rate contribution to the
likelihood is the same for the SBI and histogram approaches. Given that SBI extracts more
kinematic information, we expect systematics to degrade the histogram limits more than the
SBI limits. We refer to Refs. [13,23] for a detailed treatment of systematic uncertainties in the
SBI approach.

3.3 Neural network setup and training
Learning differential cross-section ratios

For learning the differential cross-section ratios R; and R;;, we use a multi-layer perceptron
(MLP) with five hidden layers, each consisting of 128 nodes. As activation function, we use
the cumulative distribution function of the Gaussian distribution (GELU). As inputs, we use
the four-vectors of all final-state particles, complemented by a selection of high-level features
like the VV-invariant mass. Training is done for each process separately using 80% of the
fractionally smeared dataset for training and 20% for validation. After training for 100-200
epochs using a cosine annealing scheduler with an initial learning rate of 10™*, we select the
best model based on the validation loss.

By default, we regress all non-zero R; and R;; simultaneously, summing the corresponding
losses. Only for the ZH and WW processes, we learn R, and Rciu separately, to improve
the numerical stability. For the WH process, we also exploit that ¢y only rescales the SM
amplitude, as can be seen via the Feynman rules listed in App. A. Consequently, R, and RC§,D

are constants, and R. ) ~R 3 as well asR ~R
CeDCoq q

As discussed in Sec. 2.4, we checked the coverage of the learned likelihoods finding good
agreement with the nominal confidence level. More detailed results are collected in App. B.

CopCow Cow *

Signal-background classifiers

For the signal-background classification, we use a simple MLP with five layers, each containing
256 nodes. The output of each layer is passed through a leaky ReLU activation function. As
inputs, we use four-vector entries of the involved particles as well as a selection of high-level
observables like the WH or ZH invariant mass. The networks are trained on balanced signal
and background datasets, to which no fractional smearing is applied.

For WH production, the background sample is obtained by mixing the samples of the dif-
ferent background processes according to their relative contribution to the phase-space region
defined by the pre-selection cuts. 70% of these datasets are used for training, while the re-
maining 30% are used for the actual limit setting. For training, we use a scheduler which
reduces the learning rate if the training loss has reached a plateau with an initial learning
rate of 1072, a decay factor of 0.1, and a patience of 10 epochs. We find very good perfor-
mance after approximately 50 epochs. The achieved area-under-the-curve (AUC) values for

10
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the receiver-operating characteristic (ROC) curve are 0.81 and 0.84 for WH and ZH produc-
tion, respectively.

4 Results

In this Section, we present the confidence limits for the di-boson processes introduced in Sec. 3
using the methods of Sec. 2. We assume an integrated luminosity of 300fb~!, deriving ex-
pected limits based on the SM assumption. Throughout this section, we compare

1. limits based on the known parton-level likelihood ratio for reference;
2. limits based solely on the total rate as a lower sensitivity bound;

3. limits derived from reconstruction-level histograms; and

4. limits from the reconstruction-level SBI.

4.1 Single-process limits

We first discuss the limits for each individual process. We show two-dimensional limits, setting
the Wilson coefficients not shown to zero, as well as one-dimensional profiled limits. The
corresponding one-dimensional constraints, where we set all other Wilson coefficients to zero,
are collected in App. C.

WZ production

We start with the W Z process for which we consider the effect of four SMEFT operators. The
associated two-dimensional limits, setting the third and fourth Wilson coefficient to zero, are
shown in Fig. 1. For each type of limit, two contours indicate the one-sigma and two-sigma
regions.

The results agree with Ref. [14], modulo the additional Ogp operator. The total rate limits
shown as grey lines are least constraining, featuring flat directions for all 2D combinations.
These flat directions are mostly lifted by kinematic information in the histogram approach
(orange dashed). In the ¢4y 5—Cop plane, the histogram approach still struggles to disentangle
the two operators. Using SBI tightens the limits in comparison to the histogram approach,
with the largest improvements in the cgy5—Cap, C@WB—CS])’ and cgl)—c(p p planes. The SBI limits
are, as expected, weaker than the parton-level limits (blue lines), which we show as a check

of the SBI results.

Moreover, in Fig. 2 we show the single parameter constraints profiled over all Wilson coef-
ficients not shown. We compare parton-level constraints (blue), SBI constraints (green), and
histogram-based constraints (orange). We do not show the rate-only results, where the profil-
ing wipes out all constraints. Again, the SBI result is, as expected, weaker than the parton-level
constraint. It, however, consistently outperforms the histogram-based limits in particular for
cewp and cgp. Looking at Fig. 1, we can trace this back to the partial degeneracy between
cewp and cgp. The SBI approach breaks this degeneracy more effectively than the histogram-
based approach, since it exploits the full dimensionality of the phase space and not only one
lower-dimensional summary statistic.

WW production

Next, we discuss the WW process, for which we also consider four SMEFT operators. The re-
sulting two-dimensional limits, setting the remaining Wilson coefficients to zero, are shown in

11
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0.1f
WZ, L=300fb"
B lo 20
E 0 0.0f — --- parton level
s T 777 Otot
miVZ
—0.1t — --- SBI
a5 0.0
QUG
701 L
Q
5

1 =01 0.0 01-01 0.0
cwww Cg’q)

Figure 1: Expected two-dimensional constraints from WZ production setting the not-shown
Wilson coefficient to zero.

Fig. 3. As for WZ, including kinematic information via histograms or SBI drastically improves
the constraints, in particular in the ¢y and cgyy 5 directions. Moreover, SBI outperforms the
histogram approach with the largest improvements being present in the ¢y 5—Csp, the coyp—
cwww, and the cé?—cq,D planes. Here, SBI again profits from exploiting the full phase space

and not only one particular low-dimensional summary statistic.
This is also reflected in the one-dimensional limits profiled over the full three-dimensional

parameter space shown in Fig. 4. Using SBI leads to significantly stronger results for all four
Wilson coefficients.

—— parton level — SBI myZ
51 T W Z profiled
= ol-EFE T T =T
= = J 1 { = i
—5F T
015;1 Sy c(3) >
) oy 2, 079
0 0 %/ 0), 05

Figure 2: Expected profiled one-parameter confidence intervals for WZ production. The small
horizontal lines indicate the one- and two-sigma confidence intervals.

12
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WW, L=300fb""

— --- parton level

CWww

Otot
i
— --- SBI

0.0 2005 0.00 005
Cow B cwww cg;

Figure 3: Expected two-dimensional constraints from W W production setting the not-varied
Wilson coefficients to zero.

WH production

Now, we turn to the first Higgs-production process. WH production is only affected by three
of our selected SMEFT operators. The corresponding two-dimensional limits, setting the third
relevant Wilson coefficient to zero, are shown in Fig. 5. Here, we do not show parton-level
bounds due to the presence of background and the corresponding need to construct the signal—
background likelihood ratio. We again observe that the SBI constraints are stronger than the
histogram limits. This is particularly evident for the cgp and cgy, directions in which the p?’
histogram is not able to extract significant information beyond the total rate.

—— parton level —— SBI p.[;%

WW profiled
1 }
T f a2 f

(3 S
C;ﬁ ) 125}
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c, e
@i .
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Figure 4: Expected profiled one-parameter confidence intervals for WW production. The small
horizontal lines indicate the one- and two-sigma confidence intervals.
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Figure 5: Expected two-dimensional constraints from WH production setting the not-varied
Wilson coefficient to zero.

Looking at the one-dimensional limits when profiling over the other parameters, as shown
in Fig. 6, we also clearly see the advantage of the SBI approach. The additional kinematic
information extracted using the SBI approach significantly improves the limit on the three
relevant Wilson coefficients. Our findings are in good agreement with Ref. [16]. In there, an
alternative binning scheme is proposed to bring the histogram results closer to the SBI results.

ZH production

As the final process, we investigate ZH production, which is affected by five of the considered
SMEFT operators. The 2D limits, setting the Wilson coefficients not shown to zero, are shown
in Fig. 7.

First, the total rate constraints are relatively insensitive, making the kinematic informa-
tion of the histogram and SBI approaches more relevant. This is a consequence of the large
background contribution to the signal region. A harder cut on the signal-background classi-

—— SBI W

W H profiled

—50F 4

a®)

Cbo

a

%/()_0]

Figure 6: Expected profiled one-parameter confidence intervals for WH production, including
backgrounds. The small horizontal lines indicate the one- and two-sigma confidence intervals.
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Figure 7: Expected two-dimensional constraints from ZH production setting the not-varied
Wilson coefficient to zero. The SM point does not lie in the center of the parameter planes.
For some of the shown constraints, in particular the total rates, the center of the parameter
planes are expected to be excluded at the 1 o level resulting in the small central ellipsis.

fier score could enhance the rate constraints, but would reduce the kinematic constraints if
combined with the kinematic SBI or histogram information.

For the histogram approach, the constraints get significantly tighter. They become even

— SBI pZ
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Ll& ®7z/0] 0/10 Iy g3

Figure 8: Expected profiled one-parameter confidence intervals for ZH production, including
backgrounds. The small horizontal lines indicate the one- and two-sigma confidence intervals.
If no confidence interval is shown, the corresponding parameter is not constrained.
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tighter once the full kinematic information is extracted using the SBI approach. The effect is
particularly strong for the cgy, Cap, Cown, and cgp directions and the two-dimensional combi-
nations thereof. This improvement is due to the SBI approach being sensitive to the Z boson
polarization, disentangling the left-handed and right-handed Z coupling to quarks, see App. A.
In contrast, the p% histogram is not sensitive to the Z boson polarization.

In the upper half of the ng)—Cq,D plane, we observe for cgp ~ 5 and ¢ —0.2 a small

region in which the histogram-based approach is slightly stronger than the SBI limits. This is
likely due to imperfect training of the Rc(s)%D differential cross-section ratio.
®q

(3) o
oo

The advantages of the SBI approach are even more visible in the one-dimensional profiled
limits in Fig. 8. Since the p% histogram is not sensitive to the Z polarization, the cgyw g, Caop,
cew»> and cgp Wilson coefficients form a degenerate set resulting in no one-dimensional pro-
filed constraint for any of these coefficients. The SBI approach breaks this degeneracy and
is able to constraint each of these coefficients even if profiling over the others. Only for CS),
the histogram-based approach yields a profiled one-dimensional limit, whose lower bound is
weaker than the corresponding SBI constraint.

4.2 Combined limits

Until now, we have shown that SBI leads to significantly stronger constraints on the Wilson
coefficients for each of the considered processes in comparison to the histogram approach. It
remains to clarify whether this advantage persists when combining all four processes.

As mentioned above, we neglect systematic uncertainties. Moreover, the individual signal
and background processes do not overlap within the regions defined by the pre-selection cuts
introduced in Sec. 3.2. Therefore, we assume the different processes to be uncorrelated. The
combined test statistic is then

Qeomb(0) = qww(0) + qwz(0) + qwu(0) + qzu(0) . (29)

Based on this combined test statistic, we derive the combined confidence regions.

Before showing the combined limits, we investigate in Fig. 9 the contribution of each
process. Here, we focus only on the SBI approach (solid lines) and the histogram approach
(dashed lines). The different colors indicate the processes. Each process is important to con-
strain at least one of the directions. For example, the cg, 5 direction is mostly constrained by
W Z production; the cgy, direction, mostly by WH production; the cgp direction, mostly by ZH
production; and, the cg;) direction, mostly by WW production. This clearly shows the benefit
of a combined analysis of all four di-boson processes. We also observe that SBI is more effec-
tive than the histogram approach in constraining most of the directions. This then translates
into more stringent combined constraints.

We show the combined 2D limits, setting all other Wilson coefficients to zero, in Fig. 10.
As before, the SBI approach consistently outperforms the histogram-based limits. In some
parameter planes, e.g. the C<I>WB_C<(131) plane, the differences are relatively small, because these
directions are well constrained by the histograms for at least one of the considered processes.
In other parameter planes, e.g. the ¢y —Cep plane, we find larger improvements with the SBI
approach clearly outperforming the histogram limits. This is in particular true if the histogram
approach is not able to extract information beyond the total rate, as seen e.g. in the cgy, Ca5,
and cgp directions.

Finally, in Fig. 11 we show the one-dimensional limits profiling over all other Wilson coef-
ficients using the combination of all four considered processes. For all six considered Wilson
coefficients, we see significant improvements of the SBI limits over the histogram-based lim-
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Figure 9: Expected two-dimensional 95% C.L. constraints setting the not-varied Wilson coef-
ficient to zero. We compare the limits of the four single processes using either the histogram
approach (dashed lines) or SBI (solid lines).

its. While the combination of the different processes avoids flat directions in the histogram
limits, as observed for WH production in Fig. 6, combining different channels does not bring
the sensitivity of the histogram approach to the same level as the SBI approach. Differences
are particularly striking for csp, Cow, Cowp, and cpg. As discussed for ZH production, these
Wilson coefficients are strongly correlated if the analysis is not sensitive to the polarization
of the Z boson. The SBI limits on these coefficients are a factor of ~ 2 stronger than the
histogram-based limits. To reach the same sensitivity in the histogram approach, a factor ~ 4
more data would be needed if we assume a naive scaling of the limits with the inverse square
root of the luminosity. But even for the ¢y, and cé? Wilson coefficients, to which the chosen
histogram observables are more directly sensitive, the SBI approach is ~ 30% more sensitive,

corresponding to a factor of ~ 1.8 more data.
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Figure 10: Expected two-dimensional constraints from the combined di-boson processes set-
ting the not-varied Wilson coefficient to zero. We compare the parton-level limits with results
based on SBI, histogram-based inference, and only the total rate information.

5 Conclusions

Simulation-based inference (SBI) is a key methodology if we want to unleash the full poten-
tial of the current and future LHC runs. In comparison to traditional approaches like his-
togramming, it does not rely on binned low-dimensional summary statistics. Exploiting the
full high-dimensional event information not only leads to an improved sensitivity to single
theory parameters but is also more effective in disentangling different parameters.

This is particularly evident in the SMEFT context. Often, a single process is affected by
many different operators, each of which changes the kinematic distributions in a slightly dif-
ferent manner. We have shown in this paper that SBI clearly outperforms histogram-based
methods in such scenarios, focusing on four different di-boson production channels, WW, W Z,
WH, and ZH production, and six SMEFT operators. For each process, the SBI limits are signif-
icantly tighter than the histogram-based limits. In particular, SBI excels at lifting degeneracies
between two or more Wilson coefficients, resulting in significantly stronger one-dimensional
profiled limits.
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Figure 11: Expected profiled one-parameter confidence intervals combining all four di-boson
processes, including backgrounds. The small horizontal lines indicate the one- and two-sigma
confidence intervals.

Apart from showing that SBI outperforms the histogram approach for single-process lim-
its, which has been shown before, we took a further step to demonstrate the potential of SBI.
In particular, it has so far been unclear if the superior sensitivity of SBI persists when mul-
tiple processes are combined in a global analysis, as it is common practice for constraining
SMEFT parameters. To answer this question, we have combined the limits of the four di-
boson processes. In this global analysis context, the SBI shows persistent advantages over the
histogram-based limits. It is significantly more sensitive, even for Wilson coefficients which
strongly alter the distributions of the chosen histogram observables. Assuming a naive scaling
of the constraints with the inverse square root of the luminosity, the SBI improvements over
histogram-based inference corresponds to a factor two or more in luminosity.
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A Relevant SMEFT Feynman rules

Following Ref. [50, 62], we list here all relevant SMEFT Feynman rules neglecting CP and
flavour violation:
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As electroweak input parameters, we use My, M, and Gr. The parameters v, e, ¢y, and sy,
are then fixed via

1 2My s M
V=———, e=—"2W =" sw=+41—¢c . (31
/ZGF v MZ

B Likelihood coverages

For computing the coverage of the learned likelihoods, we restrict us for computational ef-
ficiency to two-dimensional parameter scans. Since the likelihood is a second-order polyno-
mial in the Wilson coefficients, two-dimensional parameter planes are sufficient to test all
directions and correlations of the overall likelihood. Analogously, testing the coverage of the
single-process likelihoods is also sufficient to test the coverage of the combined likelihood.
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Figure 12: Two-dimensional coverage curves for all pairs of Wilson coefficients for the WZ
dataset.
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Figure 13: Two-dimensional coverage curves for all pairs of Wilson coefficients for the WW

dataset.

The resulting coverage plots showing the emperical coverage against the expected cover-
age are shown in Figs. 12-15. For most of the parameter planes, the coverage curves lie, as
expected, on the diagonal. Only for a few directions — e.g., ¢y in WW production —, we
observe that the learned likelihood is slighlty underconfident resulting in more conservative
limits. In these case, an improved extraction of the likelihood would help to further tighten
the expected constraints.
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C Single parameter results

We show the one-dimensional limits for single Wilson coefficients setting all other Wilson
coefficients to zero Fig. 16. Compared to the profiled limits, the difference between the SBI and
histogram-based limits is smaller, since only a single Wilson coefficient needs to be constrained.
SBI, however, still provides better or on-par sensitivity.
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