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Introduction
• Flourishing of Complex Systems research in the recent years. 
‣ Machine-learning (ML) tools available for application. 
‣ Driving ML research from both research in Complex Systems and application needs. 

• Hadron collider detectors involve huge number of variables who’s information needs 
maximisation. 
‣ In many analyses complexity of degrees of freedom approaches that of complex systems. 
‣ ML is seen as a tool to maximise the information out of these degrees of freedom thus 

improving the capability of our detector. 

2

20

Simulation Machine Learning Inference

xz

<latexit sha1_base64="HjZ6RxRDdZu139wdkhmGLAXlGyY="></latexit><latexit sha1_base64="N0otbztN+sjGy9xqdVKMRIGUlNA="></latexit><latexit sha1_base64="N0otbztN+sjGy9xqdVKMRIGUlNA="></latexit><latexit sha1_base64="KGKYmyKWjUVupNzZY8DVUShrvqU="></latexit>

r(x, z|✓)
<latexit sha1_base64="n4ECwTYdCfuLwJXCZl6+ybiKm1E="></latexit><latexit sha1_base64="yfNfOs7ZyWqkNT8RpYmkj2bn/mA="></latexit><latexit sha1_base64="yfNfOs7ZyWqkNT8RpYmkj2bn/mA="></latexit><latexit sha1_base64="kQLQGJ4Xe+WRfsBc6Tu8qUqoqpg="></latexit>

t(x, z|✓)
<latexit sha1_base64="BMHppIHEY/0iNNG8Fhs+Hd4wokw="></latexit><latexit sha1_base64="WhfdL6HX9XmJ7WXSrLsNwv05onI="></latexit><latexit sha1_base64="WhfdL6HX9XmJ7WXSrLsNwv05onI="></latexit><latexit sha1_base64="GuTW9do3dzdd+I9ZbAmjhvNlqcg="></latexit>

✓
<latexit sha1_base64="uKih3q81UG5Y39UkSUDmaMgSwo0="></latexit><latexit sha1_base64="sg4BK8w5ytAcXmQyQ0tWWWn7/Y0="></latexit><latexit sha1_base64="sg4BK8w5ytAcXmQyQ0tWWWn7/Y0="></latexit><latexit sha1_base64="cLB/gHcLXKsvdN1Ss3kTuhimZm0="></latexit>

arg min
g

L[g]
<latexit sha1_base64="K5zdKfNQlfWV+Iu2lZ+kbdAR2qQ="></latexit><latexit sha1_base64="ApOBYqsfgOriMeFGC7CAo7I3urI="></latexit><latexit sha1_base64="ApOBYqsfgOriMeFGC7CAo7I3urI="></latexit><latexit sha1_base64="Y+642ZFyiyZWQmFYdFZi+qnOJts="></latexit>

r̂(x|✓)
<latexit sha1_base64="NPA37tSEX6NJZFS7lgnMywc24Uw="></latexit><latexit sha1_base64="OWtH3yFwQxlgBBM8LzzB+Kr7/wE="></latexit><latexit sha1_base64="OWtH3yFwQxlgBBM8LzzB+Kr7/wE="></latexit><latexit sha1_base64="8WBmztmqRcTSWIh+NwhKhjUiPqA="></latexit>

✓i
<latexit sha1_base64="l7N+1zwpgVSD9LHyu2N3Zdptxos="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="A0803SRxkfT9iDkUxwV/3t5Rbms="></latexit><latexit sha1_base64="wu6Hts1TOb3rsEaGlT7xgnbYqiA="></latexit>

✓j
<latexit sha1_base64="I43qAb/N9+gEleDQ88LUjU6gBUM="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="caXfti+QmnIlgO/vw7RCZ7mPWrs="></latexit><latexit sha1_base64="isTL59a2OifKddQT14KzRD58m1M="></latexit>

parameter

latent
observable

augmented data

approximate 
likelihood 

ratio

Figure 2 A schematic of machine learning based approaches to likelihood-free inference in which the simulation provides training
data for a neural network that is subsequently used as a surrogate for the intractable likelihood during inference. Reproduced
from (Brehmer et al., 2018b).

ber of events observed. While the term likelihood-free
inference is relatively new, it is core to the methodology
of experimental particle physics.

More recently, a suite of likelihood-free inference tech-
niques based on neural networks have been developed
and applied to models for physics beyond the stan-
dard model expressed in terms of effective field theory
(EFT) (Brehmer et al., 2018a,b). EFTs provide a sys-
tematic expansion of the theory around the standard
model that is parametrized by coefficients for quantum
mechanical operators, which play the role of y in this
setting. One interesting observation in this work is that
even though the likelihood and likelihood ratio are in-
tractable, the joint likelihood ratio r(x, z|y, y0) and the
joint score t(x, z|y) = ry log p(x, z|y) are tractable and
can be used to augment the training data (see Fig. 2)
and dramatically improve the sample efficiency of these
techniques (Brehmer et al., 2018c).

In addition, an inference compilation technique has
been applied to inference of a tau-lepton decay. This
proof-of-concept effort required developing probabilistic
programming protocol that can be integrated into exist-
ing domain-specific simulation codes such as SHERPA and
GEANT4 (Baydin et al., 2018; Casado et al., 2017). This
approach provides Bayesian inference on the latent vari-
ables p(Z|X = x) and deep interpretability as the pos-
terior corresponds to a distribution over complete stack-
traces of the simulation, allowing any aspect of the sim-
ulation to be inspected probabilistically.

Another technique for likelihood-free inference that
was motivated by the challenges of particle physics
is known as adversarial variational optimization
(AVO) (Louppe et al., 2017b). AVO parallels generative
adversarial networks, where the generative model is no
longer a neural network, but instead the domain-specific
simulation. Instead of optimizing the parameters of
the network, the goal is to optimize the parameters
of the simulation so that the generated data matches

the target data distribution. The main challenge is
that, unlike neural networks, most scientific simulators
are not differentiable. To get around this problem,
a variational optimization technique is used, which
provides a differentiable surrogate loss function. This
technique is being investigated for tuning the parameters
of the simulation, which is a computationally intensive
task in which Bayesian optimization has also recently
been used (Ilten et al., 2017).

3. Examples in Cosmology

Within Cosmology, early uses of ABC include con-
straining thick disk formation scenario of the Milky
Way (Robin et al., 2014) and inferences on rate of
morphological transformation of galaxies at high red-
shift (Cameron and Pettitt, 2012), which aimed to track
the Hubble parameter evolution from type Ia supernova
measurements. These experiences motivated the devel-
opment of tools such as CosmoABC to streamline the ap-
plication of the methodology in cosmological applica-
tions (Ishida et al., 2015).

More recently, likelihood-free inference methods based
on machine learning have also been developed motivated
by the experiences in cosmology. To confront the chal-
lenges of ABC for high-dimensional observations X, a
data compression strategy was developed that learns
summary statistics, that maximize the Fisher informa-
tion on the parameters (Alsing et al., 2018; Charnock
et al., 2018). The learned summary statistics approxi-
mate the sufficient statistics for the implicit likelihood in
a small neighborhood of some nominal or fiducial param-
eter value. This approach is closely connected to that
of (Brehmer et al., 2018c). Recently, these approaches
have been extended to learn summary statistics that are
robust to systematic uncertainties (Alsing and Wandelt,
2019).

G. Caleo et al, Phys. Rev. Mod. 91, 045002 
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Introduction
• Machine Learning (ML) used widely in the analyses within the Omega Group:
‣ Snowmass studies:

✦ VBS VLVL production, 
✦ Polarisation discrimination in offshell regime of ZZ and WW.

‣ Higgs physics: 

✦ HH→γγbb, 
✦ H→μμ, 
✦ Higgs tagging in H→ bb, 
✦ H→ invisible.
✦ H→ZZ*: couplings, offshell cross section measurement, mass measurement,
✦ H→WW*: couplings and differential cross section measurements,

3 Not an extensive list

‣ Searches: 

✦ H→ ZZd, 
✦ High mass ZZ search, 
✦ Low mass dijet resonances.
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Types of applications
• Mostly driven by discrete classification problems: 

‣ Typically, ML used in targeting more effective event 
selections. 

‣ Event classification according to d.o.f. of many input 
features. 

✦ Allows for enhancing s/b, thus improving on sensitivity. 
✦ Applications from Boosted Decision Trees to Deep Neural 

Networks. 

• Continuous and functional classification being 
evermore employed in our works.   

‣ Precise prediction of real-valued physics quantities 
depending on several detector characteristics at a time. 

• Will detail in the following the two different aspects, highlighting their different 
analysis requirements: 

1. Differential and fiducial cross section in H→WW* 

2. H→ZZ*→4ℓ mass measurement. 

4
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Figure 70: Asimov di�erential fit and comparison with theoretical expectations for mj j .
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Figure 71: Left: Stat and stat+sys uncertainty from the di�erential fit for mj j . Right: Correlation between
normalisation parameters (including the signal cross sections) in the the stat plus sys fit.
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Differential cross section
• Goal to measure VBF H→WW * →ℓνℓν fiducial and differential cross section. 

‣ Main backgrounds arising from multiple sources: 
✦ tt̅+Wt, WW, Z+jets, and misidentified leptons. 

‣ Goal is model-independence: as little as possible dependance 
on a priori knowledge of the signal. 

5

• Precision is challenged by small s/b of ~0.03. 

• Precise discrete classification, typically, solves this. 
✦ At a cost of increased model dependance. 
✦ Measured value depends on simulated finite training set. 

• Structure M.L. to maximize information while relying on minimally-biasing sets: 
(i) Multidimensional fit on multidimensional M.L. process classification. 
(ii) Boosted Decision Tree for exploiting only linear (smooth) correlations between input 

variables. 
(iii) Careful choice of variables the value of which minimises the bias of the measured quantity. 
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strategy). In order to quantify the discrimination we use the integrated-ROC calculated through TMVA1241

for normalized samples and find an optimal value of 0.960. Di�erences between testing and training1242

samples would imply overtraining, or that the BDT makes use of too many parameters on too few events.1243

Figure 53 shows the comparisons between the test and training samples, and given their good agrement,1244

no sign of BDT bias is observed. Additionally, a Kolmogorov-Smirnov (KS) test is performed to measure1245

if the the test and training BDT output distributions di�er significantly. If the two distributions are random1246

samples of the same parent distribution, the KS-test would give a uniformly distributed value between1247

zero and one (or an average value of 0.5). The closer to 0.5 the KS-test, the greater likelihood the curves1248

come from the same parent, however this calculation is heavily skewed toward lower values so any value1249

above zero (or not very close to zero, on the order of order 10�4) can be considered not indicative of1250

overtraining. For signal and background we find KS-test values of 0.107 and 0.154, and so no evidence1251

of over-training. We can visualize in Figure 53 the BDT output distribution both on normalized samples1252

and on samples with all event weights applied.
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Signal region discriminant 
• Two sets of independently-trained BDTs:
‣ Minimum-biasing n-trainings in differential fits, by excluding variables highly correlated 

with the to be unfolded observable. 

‣ DVBF : train vbf signal against tt̅+WW contributions.  

‣ DTopWW : train tt̅+WW against all other remaining backgrounds. 

6
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Parameter Value
Boosting algorithm Gradient
Maximum tree depth 22
Number of trees 400
Minimum number of events requires per mode 5%
Number of cuts 7

Table 34: BDT parameters used for the VBF vs. top + WW training in the SR.

This BDT utilizes a wide range of lepton and jet kinematic variables (12) to distinguish between signal1233

and background events. These include �yj j , �y`` , ��`` , mj j , m`` , mT , ⌘j0, ⌘j1, pj0
T

, pj1
T

, ��j j , and1234 Õ
centralities (L). While a larger variety of variables have been tested, these demonstrated the highest1235

discrimination between VBF and top and WW backgrounds. Figures 51 and 52 show the distributions1236

used as input to the training of the BDT and their correlations.
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Figure 51: Distributions of input variables to the VBF vs. top+WW BDT in the SR. Samples are weighted and
normalized to an equal number of background and signal events. Signal represents VBF events, while background
top+WW events.
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Figure 52: Correlations of input variables to the VBF vs. top +WW BDT in the SR. Signal represents VBF events,
and background top+WW events.

The BDT training successfully separates VBF signal and top+WW background. These backgrounds are1238

considered together because they have very similar signatures and because the fit uses one single free1239

parameter for the sum of WW and top backgrounds (see Sec. 12 for details of the statistical analysis1240
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the discrimination, an integrated-ROC is calculated through TMVA for weighted normalized samples and1090

an optimal value of 0.920 is found. Comparisons between the test and training, as seen for instace in1091

Fig. 41 (left), show that the BDT is un-biased: di�erences between testing and training distributions of1092

the BDT would imply overtraining, or that the BDT uses too many parameters on too few events. For1093

signal and background KS-test values of 0.107 and 0.154 are found, and such values show no evidence of1094

over-training. The plot in Fig. 41 (right) shows BDT output distribution for all processes in the SR.1095
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Figure 41: Left: BDT output distributions of weighted, normalized training and testing samples of top+WW (signal)
and other samples (background). Right: BDT output distribution after signal region selection for weighted samples
of signal and background events. Data is not shown as blinded.

This BDT output distribution is used in the signal region to take advantage of high significance for1096

top+WW events in the uppermost bins of the distribution. Since this BDT is trained and applied in the1097

signal region, the modelling of input variables is not directly tested, however, modelling at the pre-selection1098

level for each of these variables as well as in the top validation region show no evidence of any significant1099

mis-modelling.1100
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This BDT utilizes a range of lepton and jet kinematic variables (8) to distinguish between signal and1083

background events. These include �yj j , the combination of lepton/jet masses Ml0j0 for leading and1084

subleading leptons and jets, ��`` , mT , ⌘j0, ⌘j1, �� j j , and
Õ

centralities (L). While a larger variety of1085

variables have been tested, the chosen set of variables demonstrated the highest discrimination between1086

top+WW events and other processes (ggF, VBF, Z+jets, and V�). Plots shown in Figs.39 and 40 show1087

the distributions used as input to the BDT and their correlations.
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Figure 39: Distributions of input variables to BDT top+WW vs. other samples. Samples are weighted and normalized
to even numbers of background and signal events. Signal represents top+WW and background is all other samples
(ggF, VBF, Z+jets, and V�).
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Figure 40: Correlations of input variables to the BDT top +WW vs other samples. Signal represents top+WW and
the background is all other samples (ggF, VBF, Z+jets, and V�).
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The BDT training successfully separates top+WW processes from other processes. In order to quantify1089
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This BDT utilizes a range of lepton and jet kinematic variables (8) to distinguish between signal and1083

background events. These include �yj j , the combination of lepton/jet masses Ml0j0 for leading and1084

subleading leptons and jets, ��`` , mT , ⌘j0, ⌘j1, �� j j , and
Õ

centralities (L). While a larger variety of1085

variables have been tested, the chosen set of variables demonstrated the highest discrimination between1086

top+WW events and other processes (ggF, VBF, Z+jets, and V�). Plots shown in Figs.39 and 40 show1087

the distributions used as input to the BDT and their correlations.
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Figure 39: Distributions of input variables to BDT top+WW vs. other samples. Samples are weighted and normalized
to even numbers of background and signal events. Signal represents top+WW and background is all other samples
(ggF, VBF, Z+jets, and V�).
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Figure 40: Correlations of input variables to the BDT top +WW vs other samples. Signal represents top+WW and
the background is all other samples (ggF, VBF, Z+jets, and V�).
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The BDT training successfully separates top+WW processes from other processes. In order to quantify1089

2nd December 2020 – 12:31 82



G. Barone April-21

• BDT may induce model dependency. 
‣ Keep variables characterising the background, by dropping variables that sculpt significantly 

the signal. 

• Further discriminant bias reduction: 
‣ Smart-binning:  most of the DVBF dependency concentrated > 0.9. 

Discriminant bias
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Figure 54: Distributions of the observables that are used as input to the DVBF training as well as those to be unfolded
as a function of the DVBF. The events are from VBF signal process only. Fine binning (Part I).

cross section measurement. Therefore the coarse binning, as shown in the plots above (0.5-0.7, 0.7-0.86,1268

0.86-0.94, 0.94-1.00) was chosen to minimise e�ects of possible mismodeling of the VBF signal template1269

shape, since the majority of VBF signal events are concentrated in very few bins of the DVBF.1270

The dependence of detector-level and truth-level observables as a function of the DTop+WW output distribution1271

for the VBF signal is presented in Appendix. A.1272

10.1.2 BSM impact on BDT1273

To verify our signal optimization using BDT does not bias the measurement towards SM, we study the impact1274

of BSM on the BDT output distribution using an EFT formalism (see Sec. 17) to be as model-independent1275

as possible in capturing new physics e�ects. For such a study, we reweight the fully-simulated events1276

from SM to SM plus BSM, based on distributions at truth level. The weights are calculated from the1277

ratio SM+BSM to SM from several truth-level distributions independently. Such a reweighting scheme is1278

considered conservative, as the impact of a given Wilson coe�cient on the BDT output distribution is1279

studied based on a single observable at a time, thus kinematic correlations between observables, which1280
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Figure 55: Distributions of the observables that are used as input to the DVBF training as well as those to be unfolded
as a function of the DVBF. The events are from VBF signal process only. Fine binning (Part II).

tend to wash out the e�ect from a single observables, are ingored. We report the e�ect of BSM reweighting1281

on DVBF, for each variable used as input to the DVBF training, we take the ratio of SM+BSM and SM, use1282

such ratio to reweight the reco-level sample on an event-by-event basis, and compare DVBF before and after1283

reweighting.1284

Here, BSM samples are the leading order corrections to SM from some dimension-6 EFT operators.1285

The generation of the BSM samples will be discussed in Sec. 17.2. We choose a few EFT operators,1286

each representing a group of EFT operators that a�ect the distribution shape of the variables to a similar1287
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• Multi-prong approach to reduce uncertainty at analysis level:

(i) ~15% from constraint of mass of two leading leptons, which form a well known resonance.
(ii) ~2% from kinematic discriminant between signal and background events.

(iii) Precise knowledge of the detector’s resolution curial for ultimate precision 

• In the H→ZZ→ 4ℓ the signal is a narrow resonant peak above a background continuum. 

(I) Statistical precision precision depends upon:
‣ resolution of the reconstructed final state and number of signal events.

(II) Systematic uncertainty from understanding of detector performance:

Ingredients for precision

8
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Improvements with ML
• In a per-event error method detector’s resolution response 

crucial: 

‣ events with smaller uncertainty than others;
‣ hidden correlations in detector quantities;

✦ track fitting precision: magnetic filed, detector inefficiencies, material upstream of 
calorimeters, interlayer movements,…

• Constraint to mZ pair induces non trivial energy correlation:
‣ Analytical model would correspond to ~243 d.o.f per event. 
‣ Gaussian Sum Filter reduces d.o.f, at a cost of information loss. 

• Parametric ML event classification as solution for targeting each event’s uncertainty: 
(i) Identifying patterns of variable track quality in the detector. 
(ii) Solve complex energy correlation problem from mZ constraint. 

9

ATLAS DRAFT

5.3.1 4- Channel532

Figure 22: Summaries comparing the target quantile (blue) and QRNN score (red) in di�erent phase spaces using all
ggH mass points. The left plot compares resolution for each ggH mass point. The middle plot compares resolution
in each ⌫⇡)// bin. The right plot compares resolution based on the locations of the four leptons in the ATLAS
detector. Each x-axis position corresponds to a summary extracted from a Figure 21-like plot.

Figure 23: Summaries comparing the target quantile (blue) and QRNN score (red) in slices of several variables used
in the training. The left plot considers the resolution along ?

constrained
) ,4✓ . The middle plot gives resolution along lepton

pseudorapidity, [. It is broken into four subplots, one for each lepton. The right plot provides the resolution along
f

constrained
<4✓ . Note that some disagreement is expected along f

constrained
<4✓ since the error from the ZMC is not calibrated.
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Figure 24: Summaries comparing the target quantile (blue) and QRNN score (red) in di�erent phase spaces using all
ggH mass points. The left plot compares resolution for each ggH mass point. The middle plot compares resolution
in each ⌫⇡)// bin. The right plot compares resolution based on the locations of the four leptons in the ATLAS
detector. Each x-axis position corresponds to a summary extracted from a Figure 21-like plot.

Figure 25: Summaries comparing the target quantile (blue) and QRNN score (red) in slices of several variables used
in the training. The left plot considers the resolution along ?

constrained
) ,4✓ . The middle plot gives resolution along lepton

pseudorapidity, [. It is broken into four subplots, one for each lepton. The right plot provides the resolution along
f

constrained
<4✓ . Note that some disagreement is expected along f

constrained
<4✓ since the error from the ZMC is not calibrated.
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Figure 8: (a) Example of Gaussian collapsing procedure for a ggF signal MC-simulated event. The continuous
blue line is for the gaussian sum after the collapsing procedure, while the dashed black shows the full model of 81
gaussians for comparison. The actual collapsing procedure used in the analysis stops at NG = 4, which preserves
most of the shape detail. The axes are unlabelled for tidiness. The x-axis on all plots is identical: it is (mreco

4` �m
truth
4` )

in GeV, while the y-axis is the probability density (arbitrary units, log scale). The level of preservation of the shape
of the full model is demonstrated in (b) with the ratio of the gaussian sum before and after the collapsing procedure
is shown.

from theory, we can write down the final Per-Event Response PDF as:533

P
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Where the weighted sum in square brackets and all the Gaussians parameters incorporate the invariant534

mass factors implicitly (the same ones explicitly shown in Eq. (12)).535
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Figure 6: The distributions of the total mH uncertainty from pseudo-experiments assuming mH = 125 GeV are
shown, for both when the fit does (black) and does not (blue) account for the per-event resolution. The solid lines
correspond to the expected uncertainty distribution from the pseudo-experiments while the vertical dashed lines
indicate the observed values of the uncertainties.

7 Summary

The mass of the Higgs boson has been measured from a fit to the invariant mass and the predicted invariant
mass resolution of the H ! Z Z

⇤ ! 4` decay channel. The results are obtained from the full Run 2
pp collision data sample recorded by the ATLAS experiment at the CERN Large Hadron Collider at a
centre-of-mass energy of 13 TeV, corresponding to an integrated luminosity of 139 fb�1. The measurement
is based on the latest calibrations of muons and electrons, and on improvements to the analysis techniques
used to obtain the previous result using data collected by ATLAS in 2015 and 2016 .

The measured value of the Higgs boson mass for the H ! Z Z
⇤ ! 4` channel is

mH = 124.92+0.21
�0.20 GeV.

This result is in good agreement with previous measurements performed by the ATLAS and CMS
collaborations.

13

• Preliminary uncertainty of 0.16%

‣ 61% improvement w.r.t mHH→ZZ,Run1

‣ Working on further improvements in the network’s prediction. 

• Output used in multidimensional fit, improving with respect to average detector response.
‣ Tailored to each event’s characteristics. 

• Smaller bias towards training assumptions, compared to previous example:
‣ ML dependent on detector’s response rather properties of different physics models. 
‣ ML parametrisation as a function of event’s properties that define any underling physics. 

https://arxiv.org/abs/1806.00242
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The mass of the Higgs boson has been measured from a fit to the invariant mass and the predicted invariant
mass resolution of the H ! Z Z

⇤ ! 4` decay channel. The results are obtained from the full Run 2
pp collision data sample recorded by the ATLAS experiment at the CERN Large Hadron Collider at a
centre-of-mass energy of 13 TeV, corresponding to an integrated luminosity of 139 fb�1. The measurement
is based on the latest calibrations of muons and electrons, and on improvements to the analysis techniques
used to obtain the previous result using data collected by ATLAS in 2015 and 2016 .

The measured value of the Higgs boson mass for the H ! Z Z
⇤ ! 4` channel is

mH = 124.92+0.21
�0.20 GeV.

This result is in good agreement with previous measurements performed by the ATLAS and CMS
collaborations.
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• Smaller bias towards training assumptions, compared to previous example:
‣ ML dependent on detector’s response rather properties of different physics models. 
‣ ML parametrisation as a function of event’s properties that define any underling physics. 

• Preliminary uncertainty of 0.16%

‣ 61% improvement w.r.t mHH→ZZ,Run1

‣ Working on further improvements in the network’s prediction. 

https://arxiv.org/abs/1806.00242
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Conclusions
• Machine learning techniques widely used in our current and planned analyses: 

✦ VBS VLVL production,  HH→γγbb, H→μμ, Higgs tagging in H→ bb, H→ invisible. H→ZZ*, 

H→WW*,…  
‣ Increase of luminosity (Run-3 and HL-LHC) will allow to explore evermore complex datasets: 

✦ ML key in widening the scope in complexity of our analyses. 

12

• Complex Systems knowledge application to our research: 

‣ we benefit from the recent advances in the field, 
✦ both from application tools: Keras, TMVA, xGboost, .. and in fundamental research. 

‣ Our complex analyses are often well suited to the these applications: 
‣ Multitude of (correlated) degrees of freedom detector response and physics properties.

• There is no unique application to our analyses

‣ Shown two distinct examples of applications with different needs. 
‣ ML applications in analyses correlate with lower level software / reconstruction quantities. 

• Intra-BNL collaborations in ML to strengthen the software to analysis bond. 



Additional material

13
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• Multidimensional split of the two classifiers: 
‣ Perform bi-dimensional fit on the DVBF vs DTopWW plane.
‣ Independent d.o.f for sets of differential bins in each distribution. 

Signal region discriminant 
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Figure 65: Binned distributions for each signal and control region shown after Asimov fit where ratio between
Asimov data and MC predictions is one by design. Red points in the bottom insert show VBF signal significance
per bin.

Figure 66: Correlations between fit after a stat-only fit
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Figure 65: Binned distributions for each signal and control region shown after Asimov fit where ratio between
Asimov data and MC predictions is one by design. Red points in the bottom insert show VBF signal significance
per bin.
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• Multi-prong approach to reduce uncertainty at analysis level:

Increase the signal to background separation:

(i) ~15% from constraint of mass of two leading leptons, which form a well known resonance.

(ii) ~2% from kinematic discriminant between signal and background events.

Higher level improvements 

15
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• Categorize events into four further exclusive regions.
‣ Based on the output of a Machine Learning Algorithm (Boosted Decision Tree / Neural Network),
‣ Using kinematic properties of the event.

ATLAS DRAFT

Figure 1: These histograms show the impact of adding FSR and the ZMC on the reconstructed <4✓ shape
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advantage, producing an expected improvement of 4 MeV (2.3%) on <
measured
�

, assuming <
true
�

= 125203

GeV. Table 1 summarises the complete model’s layered composition. The template method serves as a204

cross check. It uses a technique similar to the Run 1 measurement and mid-Run 2 cross check. Section 3205

describes the fixed analytic parameterization and per-event resolution approaches in detail.206

Table 1: Summary of the three layers for the fit model. Note that for the 2D and 3D layers, the ⌫⇡)// categorisation
approximates one of the dimensions. The new element in each layer is in bold.

Strategy Approach Analysis Categories Advantage
1D Analytic model for <

constrained
4✓

lineshape
4 decay channels Baseline

2D Analytic model for <
constrained
4✓

lineshape
4 decay channels ⇥ 4 HJZ``

bins
Greater S/B

3D Analytic model for <
constrained
4✓

distribution conditional on
event resolution for signal

4 decay channels ⇥ 4 ⌫⇡)//

bins
Leverage event-level
resolution variation

6th March 2020 – 19:49 8

Invariant mass distribution
ML output for signal and background 

https://arxiv.org/abs/1806.00242
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Introduction
• Importance of mH in several aspects of our understanding of fundamental physics.

‣ Understanding the perturbative expansion of its 
potential (λv2h2). 

‣ Precise higher order corrections to the theory 
predictions of the Higgs interactions depend on the 
value of mH.

‣ Input to precision global fit of the Standard Model.
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Mass measurement
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Figure 2: a) Potential V (S) as a function of the average value of the field S.
b) Higgs potential as a function of the Higgs field average value H for µ2 =
�(90 GeV)2, � = 0.13, c0 = µ4/(4�) (solid red line). Experiments probe the
minimum of the potential and its curvature at the minimum (dashed blue line).

the Big Bang from a high temperature phase with the symmetric vacuum (zero
average Higgs field) to a low temperature phase6 when it fell into one of the
two minima, e.g. Hvac = v/

p
2 > 0, which became our current vacuum. This

phase transition, known as the electroweak phase transition, will be discussed
in Section 6.

The Higgs particle (Higgs boson or Higgs in short) is the quantum of the
Higgs field. Its mass is defined by the Higgs potential but while the mass of the
S particle is clearly visible in Eq.2 as the positive coe�cient of the S2 term,
the same is not true for the Higgs since the coe�cient µ2 of the H2 term has
the wrong sign, it is negative. In order to expose the mass of the corresponding
Higgs, we have to separate the field H into two parts: a part h corresponding
to the Higgs particle, which fluctuates about Hvac = v/

p
2, and the constant

part v/
p
2 itself,

H = (h+ v)/
p
2. (4)

Plugging the separated field H into Eq.3, we get for c0 = µ4/(4�)

V (h) =
1

4
�h4 + �vh3 + �v2h2 (5)

We will focus on the last term, �v2h2, which has the form of a mass term,
M2

h h2/2, with the correct sign. It corresponds to the Higgs boson with the
mass

M2
h = 2�v2 = �2µ2 (6)

The most important fact that the Higgs field must be nonzero in the vacuum
(including the value of v) has been known for decades, but we had to wait for

6
The temperature of the current Universe is e↵ectively zero.
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Prediction and uncertainties of Higgs production 
processes as a function of the mH

Power law expansion of the potential 

Latest prediction from LHC Higgs 
Working group 

    Aim at improving significantly on the 
experimental precision on mH

https://twiki.cern.ch/twiki/bin/view/LHCPhysics/LHCHWG?redirectedfrom=LHCPhysics.LHCHXSWG
https://twiki.cern.ch/twiki/bin/view/LHCPhysics/LHCHWG?redirectedfrom=LHCPhysics.LHCHXSWG
https://twiki.cern.ch/twiki/bin/view/LHCPhysics/LHCHWG?redirectedfrom=LHCPhysics.LHCHXSWG
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Projections
• Expected projections for mH at High Luminosity LHC

‣ With the abundance of data, it is expected that systematics will be reduced further. 

• Lepton colliders 

‣ In FCC-ee total uncertainty at MeV level 

✦ ~5.4 MeV 

‣ ILC about 14 MeV to 30 MeV 

✦ With a recoil mass of 250 GeV. 

17

�tot (MeV) �stat (MeV) �syst (MeV)

Current Detector 52 39 35

µ momentum resolution improvement by 30% or similar 47 30 37

µ momentum resolution/scale improvement of 30% / 50% 38 30 24

µ momentum resolution/scale improvement 30% / 80% 33 30 14



G. Barone April-21

H→ZZ→4ℓ results

18

ATLAS-CONF-2020-005
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Introduction
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Mass measurement
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• Importance of mH in several aspects of our understanding of fundamental physics.

‣ Understanding the perturbative expansion of its 
potential (λv2h2). 

‣ Precise higher order corrections to the theory 
predictions of the Higgs interactions depend on the 
value of mH.

‣ Input to precision global fit of the Standard Model.
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Figure 2: a) Potential V (S) as a function of the average value of the field S.
b) Higgs potential as a function of the Higgs field average value H for µ2 =
�(90 GeV)2, � = 0.13, c0 = µ4/(4�) (solid red line). Experiments probe the
minimum of the potential and its curvature at the minimum (dashed blue line).

the Big Bang from a high temperature phase with the symmetric vacuum (zero
average Higgs field) to a low temperature phase6 when it fell into one of the
two minima, e.g. Hvac = v/

p
2 > 0, which became our current vacuum. This

phase transition, known as the electroweak phase transition, will be discussed
in Section 6.

The Higgs particle (Higgs boson or Higgs in short) is the quantum of the
Higgs field. Its mass is defined by the Higgs potential but while the mass of the
S particle is clearly visible in Eq.2 as the positive coe�cient of the S2 term,
the same is not true for the Higgs since the coe�cient µ2 of the H2 term has
the wrong sign, it is negative. In order to expose the mass of the corresponding
Higgs, we have to separate the field H into two parts: a part h corresponding
to the Higgs particle, which fluctuates about Hvac = v/

p
2, and the constant

part v/
p
2 itself,

H = (h+ v)/
p
2. (4)

Plugging the separated field H into Eq.3, we get for c0 = µ4/(4�)

V (h) =
1

4
�h4 + �vh3 + �v2h2 (5)

We will focus on the last term, �v2h2, which has the form of a mass term,
M2

h h2/2, with the correct sign. It corresponds to the Higgs boson with the
mass

M2
h = 2�v2 = �2µ2 (6)

The most important fact that the Higgs field must be nonzero in the vacuum
(including the value of v) has been known for decades, but we had to wait for

6
The temperature of the current Universe is e↵ectively zero.

5

Power law expansion of the potential 

    Aim at improving significantly on the 
experimental precision on mH

http://project-gfitter.web.cern.ch/p
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• Resolution in electron and muon reconstruction crucial for mH uncertainty.

• We used well known processes to calibrate the detector response.
‣ Resonant process of J/ψ, ϒ and Z,
‣ for modelling of calorimeters deposits, alignment precision, etc.

Energy resolution 
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175-9/December/2016 ATLAS: Inner Detector alignment

Tackling weak modesTackling weak modes
● Momentum biases can be monitored using Z→ μ+μ- and electrons E/p

– Charge symmetric and charge antisymmetric detector distortions

● E/p offers a direct measurement
– But electron's tracking has its own issues 

● Z→ μ+μ- (or J/ψ) 
– Better tracking using μ's → δsagitta accuracy 

– If bias is present: which track is to blame?
● Iterative procedure

– This channel can monitor d0 & z0 biases

● Parametrize the biases → apply constraints and realign

pT
reco= pT

true(1+q pT
true δsagitta)

−1

Charge antisymmetric
deformation

Charge symmetric
deformation

δd0 = d0
μ+ - d0

μ-

Second order effects
• High precision mandates for studying second order effects:

‣ charge-dependent bias because of detector movements.

‣ I created an innovative ad-hoc correction based on Z→μμ, recovering up 
to 5% in precision. 

‣ Allows for per-mille level understating of detector’s systematic uncertainties. 
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• Total uncertainty of 0.16%

• Systematic uncertainty of 0.06%

‣ 61% improvement w.r.t mHH→ZZ,Run1

‣ 15% improved precision w.r.t mHATLAS+CMS,Run1

‣ Most precise measurement by ATLAS, so far. 

H→ZZ→4ℓ results

22

of pseudo-experiments performed assuming mH = 125 GeV. The 1-sided p-value of the compatibility
between the observed and expected uncertainties is found to be 0.17.
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Figure 6: The distributions of the total mH uncertainty from pseudo-experiments assuming mH = 125 GeV are
shown, for both when the fit does (black) and does not (blue) account for the per-event resolution. The solid lines
correspond to the expected uncertainty distribution from the pseudo-experiments while the vertical dashed lines
indicate the observed values of the uncertainties.

7 Summary

The mass of the Higgs boson has been measured from a fit to the invariant mass and the predicted invariant
mass resolution of the H ! Z Z

⇤ ! 4` decay channel. The results are obtained from the full Run 2
pp collision data sample recorded by the ATLAS experiment at the CERN Large Hadron Collider at a
centre-of-mass energy of 13 TeV, corresponding to an integrated luminosity of 139 fb�1. The measurement
is based on the latest calibrations of muons and electrons, and on improvements to the analysis techniques
used to obtain the previous result using data collected by ATLAS in 2015 and 2016 .

The measured value of the Higgs boson mass for the H ! Z Z
⇤ ! 4` channel is

mH = 124.92+0.21
�0.20 GeV.

This result is in good agreement with previous measurements performed by the ATLAS and CMS
collaborations.

13

ATLAS-CONF-2020-005

 [GeV]Hm
124 125 126 127

Combined

4e

2eµ2

µ2e2

µ4

ATLAS Preliminary
 4l→ ZZ* →H 

-1 = 13 TeV, 139 fbs
 [GeV] Hm

 (Sys.)
-0.06
+0.09 (Stat.) -0.19

+0.19124.92 

 (Sys.)
-0.09
+0.10 (Stat.) -0.74

+0.74124.59 

 (Sys.)
-0.10
+0.07 (Stat.) -0.47

+0.46125.34 

 (Sys.)
-0.04
+0.06 (Stat.) -0.29

+0.29124.95 

 (Sys.)
-0.09
+0.13 (Stat.) -0.28

+0.29124.80 

 [GeV] Hm

 (Sys.)
-0.06
+0.09 (Stat.) -0.19

+0.19124.92 

 (Sys.)
-0.09
+0.10 (Stat.) -0.74

+0.74124.59 

 (Sys.)
-0.10
+0.07 (Stat.) -0.47

+0.46125.34 

 (Sys.)
-0.04
+0.06 (Stat.) -0.29

+0.29124.95 

 (Sys.)
-0.09
+0.13 (Stat.) -0.28

+0.29124.80 

Observed: Stat+Sys
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Measured mH for all channels and 
combined.

• ML outputs used in multidimensional fit, improving with respect to average detector 
response.

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2020-005/
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Run I status
• ATLAS run I precision on mH of 0.33%

‣ combined measurement from H→γγ and H→ZZ*→4ℓ.  

‣ For both channels dominated by statistical uncertainty 

• Aim in improving significantly on δmH

‣ Expect 1.7 times more candidates, with 

36 fb-1 at √s=13 TeV 

23

Table 4: Principal systematic uncertainties on the combined mass. Each uncertainty is determined from the change in the 68% CL range for mH
when the corresponding nuisance parameter is removed (fixed to its best fit value), and is calculated by subtracting this reduced uncertainty from
the original uncertainty in quadrature.

Systematic Uncertainty on mH [MeV]
LAr syst on material before presampler (barrel) 70
LAr syst on material after presampler (barrel) 20
LAr cell non-linearity (layer 2) 60
LAr cell non-linearity (layer 1) 30
LAr layer calibration (barrel) 50
Lateral shower shape (conv) 50
Lateral shower shape (unconv) 40
Presampler energy scale (barrel) 20
ID material model (|⌘| < 1.1) 50
H ! �� background model (unconv rest low pTt) 40
Z ! ee calibration 50
Primary vertex e↵ect on mass scale 20
Muon momentum scale 10
Remaining systematic uncertainties 70
Total 180

In order to assess the compatibility of the mass measurements from the two channels a dedicated test statistic that
takes into account correlations between the two measurements is used, as described in Sec. 6. A value of

�mH = 1.47 ± 0.67 (stat) ± 0.28 (syst) GeV
= 1.47 ± 0.72 GeV

(8)

is derived. From the value of �2 ln⇤ at �mH = 0, a compatibility of 4.8%, equivalent to 1.98�, is estimated under the
asymptotic assumption. This probability was cross-checked using Monte Carlo ensemble tests. With this approach a
compatibility of 4.9% is obtained, corresponding to 1.97�.

As an additional cross-check, some of the systematic uncertainties related to the photon energy scale, namely the
inner detector material uncertainty and the uncertainty in the modeling of the photon lateral leakage, were modeled
using a “box-like” PDF defined as a double Fermi–Dirac function. This choice is compatible with the fact that for
these uncertainties the data does not suggest a preferred value within the systematic error range. In this case the
compatibility between the two masses increases to 7.5%, equivalent to 1.8�. The compatibility between the two
measurements increases to 11% (1.6�) if the two signal strengths are set to the SM value of one, instead of being
treated as free parameters.

With respect to the value published in Ref. [15], the compatibility between the measurements from the individual
channels has changed from 2.5� to 2.0�.

8. Conclusions

An improved measurement of the mass of the Higgs boson has been derived from a combined fit to the invariant
mass spectra of the decay channels H ! �� and H!ZZ⇤! 4`. These measurements are based on the pp collision
data sample recorded by the ATLAS experiment at the CERN Large Hadron Collider at center-of-mass energies ofp

s=7 TeV and
p

s=8 TeV, corresponding to an integrated luminosity of 25 fb�1. As shown in Table 5, the measured
values of the Higgs boson mass for the H ! �� and H!ZZ⇤! 4` channels are 125.98± 0.42 (stat)± 0.28 (syst) GeV
and 124.51 ± 0.52 (stat) ± 0.06 (syst) GeV respectively. The compatibility between the mass measurements from the
two individual channels is at the level of 2.0� corresponding to a probability of 4.8%.

From the combination of these two channels, the value of mH = 125.36 ± 0.37 (stat) ± 0.18 (syst) GeV is ob-
tained. These results are based on improved calibrations for photons, electrons and muons and on improved analysis
techniques with respect to Ref. [15], and supersede the previous results.

Table 5: Summary of Higgs boson mass measurements.

Channel Mass measurement [GeV]

H ! �� 125.98 ± 0.42 (stat) ± 0.28 (syst) = 125.98 ± 0.50

H!ZZ⇤! 4` 124.51 ± 0.52 (stat) ± 0.06 (syst) = 124.51 ± 0.52

Combined 125.36 ± 0.37 (stat) ± 0.18 (syst) = 125.36 ± 0.41
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H!ZZ⇤! 4` channel, this is indistinguishable from the solid line that includes the systematic uncertainties.

 [GeV]Hm
123 123.5 124 124.5 125 125.5 126 126.5 127 127.5

)
=1

25
.3

6 
G

eV
)

H
(m

SM
σ/

σ
Si

gn
al

 y
ie

ld
 (

0

0.5

1

1.5

2

2.5

3

3.5

4
ATLAS

-1Ldt = 4.5 fb∫ = 7 TeV s
-1Ldt = 20.3 fb∫ = 8 TeV s

+ZZ*γγCombined 
γγ →H 

l 4→ ZZ* →H 

Best fit
68% CL
95% CL

Figure 9: Likelihood contours �2 ln⇤(S ,mH) as a function of the normalized signal yield S = �/�SM(mH=125.36 GeV) and mH for the H ! ��
and H!ZZ⇤! 4` channels and their combination, including all systematic uncertainties. For the combined contour, a common normalised signal
yield S is used. The markers indicate the maximum likelihood estimates in the corresponding channels.

22



G. Barone April-21

 [GeV]Hm
124 125 126

)
Λ

-2
ln

(

0

2

4

6

8

10

12

14 Combined
Run 1
Run 2
Stat. only

ATLAS
 Combinationγγ → ZZ*+H →H 
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-1 = 7-8 TeV, 25 fbsRun 1: 

σ1

σ2

123 124 125 126 127 128
 [GeV]Hm

Total Stat. onlyATLAS
        Total      (Stat. only)

 Run 1ATLAS + CMS  0.21) GeV± 0.24 ( ±125.09 

 CombinedRun 1+2  0.16) GeV± 0.24 ( ±124.97 

 CombinedRun 2  0.18) GeV± 0.27 ( ±124.86 

 CombinedRun 1  0.37) GeV± 0.41 ( ±125.38 

γγ→H Run 1+2  0.19) GeV± 0.35 ( ±125.32 

l4→H Run 1+2  0.30) GeV± 0.30 ( ±124.71 

γγ→H Run 2  0.21) GeV± 0.40 ( ±124.93 

l4→H Run 2  0.36) GeV± 0.37 ( ±124.79 

γγ→H Run 1  0.43) GeV± 0.51 ( ±126.02 

l4→H Run 1  0.52) GeV± 0.52 ( ±124.51 

-1 = 13 TeV, 36.1 fbs: Run 2, -1 = 7-8 TeV, 25 fbs: Run 1

Combination
• 4ℓ and γγ measurements are combined with ATLAS Run 1 result
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• Run 2 precision improved w.r.t Run 1. 

• ATLAS Run 1 + 2 comparable precision to LHC Run 1 combination.

arXiv:1806.00242

Mass measurement

mH = 124.86 ± 0.27(±0.18 stat only) GeV
<latexit sha1_base64="6M6PUN16TdjSSAK5okU196yuGWg="></latexit>

mH = 124.97 ± 0.24(±0.16 stat only) GeV
<latexit sha1_base64="j8OL4CkV/pp2lAZbKeWR0VVILq0="></latexit>

https://arxiv.org/abs/1806.00242
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Muon resolution 
• Correction for local misalignments 

‣ Charge dependent bias, with net effect of worsening resolution 

‣ In-situ correction based on Z→μμ data, recovers up to 5% in resolution.
‣ Iteratively removing the bias δs:
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for the modelling of the �� background processes is obtained through a fast parametric simulation of the
ATLAS detector response [15].

4 Muon reconstruction and calibration

Muon track reconstruction is first performed independently in the ID and in the MS. Hit information
from the individual sub-detectors is then used in a combined muon reconstruction, which is performed
according to various algorithms based on the information provided by the ID, the MS and the calorimeters.
The muon reconstruction and identification performance is described in detail in Ref. [84].

Although the simulation accurately describes the ATLAS detector, additional corrections to the simulated
momentum are needed in order to match the simulation to data precisely. The muon momentum resolution
and momentum scale are parametrised as a power expansion in the muon pT, with each extracted term
measured separately for the ID and MS, as a function of ⌘ and �, from large samples of J/ ! µ+µ� and
Z ! µ+µ� decays [84].

The momentum scale calibration constants account for the inaccurate measurement of the energy loss
in the traversed material, for any deficiency in the description of the magnetic field integral, and for the
inaccurate description of the dimension of the detector in the direction perpendicular to the magnetic
field. The momentum resolution calibration constants account for local magnetic field inhomogeneities
and multiple scattering as well as for intrinsic resolution e�ects and local radial distortions. The main
sources of uncertainties on these calibration constants arise from non-Gaussian resolution tails, background
modelling and alignment uncertainties studied using data taken without the toroidal magnetic field [84].
Such uncertainties are conservatively assumed to be fully correlated across ⌘ and �. In the muon
momentum range used for the mH measurement, the momentum scale is known to a precision of one to
two per mille for central muons, and to a precision of two to five per mille for forward muons [84]. The
resolution is known with a precision ranging from one to two percent for central muons and around ten
percent for forward muons.

The data taken in 2016 were a�ected by significant local misalignments of the ID. These misalignments
bias the muon track sagitta, leaving the track �2 invariant [85, 86]. The bias on the track sagitta, �s (⌘, �),
is of the order of 1 TeV�1 depending on ⌘ and �, and result in a charge-dependent bias of the reconstructed
muon momentum. Since the sagitta bias a�ects positive and negative muons in opposite directions, for
neutral objects the e�ect at first order of these biases is a worsening of the resolution and no impact on
their average reconstructed mass. Denoting pbias

T and pcorr
T the initial and corrected muon momentum

respectively, the e�ect is parametrised as:

pcorr
T (µ) =

pbias
T (µ)

1 � q(µ)�s (⌘, �)pbias
T (µ)

(1)

where q is the muon charge. These biases are studied and corrected in data by comparing the local
inhomogeneities of the charge dependent dimuon mass to the mass of well-known neutral resonances. An
iterative correction on each muon momentum is derived by subtracting the bias of Eq. (1) at each iteration.
Starting from percent-level sagitta biases, the residual e�ect after correction is reduced to the per-mille
level at the scale of the Z-boson mass. The correction improves the resolution of the dimuon invariant
mass in Z-boson decays by 1% to 5%, depending on ⌘ and �. The systematic uncertainty associated to
this correction is estimated for each muon using simulation. The total uncertainty varies as a function
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Tackling weak modesTackling weak modes
● Momentum biases can be monitored using Z→ μ+μ- and electrons E/p

– Charge symmetric and charge antisymmetric detector distortions

● E/p offers a direct measurement
– But electron's tracking has its own issues 

● Z→ μ+μ- (or J/ψ) 
– Better tracking using μ's → δsagitta accuracy 

– If bias is present: which track is to blame?
● Iterative procedure

– This channel can monitor d0 & z0 biases

● Parametrize the biases → apply constraints and realign

pT
reco= pT

true(1+q pT
true δsagitta)

−1

Charge antisymmetric
deformation

Charge symmetric
deformation

δd0 = d0
μ+ - d0

μ-


