Searches of Higgs Boson decays into Dark
Matter particles in the ATLAS and CMS
experiments

@

Marina Pokidova, Yuri Naryshkin
NRC KI — PNPI




Introduction

* The search for new physics is one of the current tasks at the
LHC, for example, the search for Dark Matter (DM) particles

* The Higgs boson was discovered by ATLAS and CMS in 2012.

* In some of BSM models the 125 GeV Higgs boson can act as a
mediator between DM candidates (WIMP) and the SM particles.
These models are called "Higgs portal” models

* In SM, Higgs boson can decay to "invisible” 4-neutrino final
state with BR(H — ZZ* — 4v) ~ 0.1% SM DM

* Last H—inv decay searches that were performed at ATLAS and SM bM
CMS experiments using the full ATLAS Run-2 data sample are
based on ”Higgs portal” models



H — inv search in ATLAS experiment (Run2 summary)

In searches for invisible Higgs decay in Run2 multiple production modes of the Standard Model

Higgs boson were considered
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Results of H—inv search in ATLAS experiment for Run2
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Complementarity of direct and collider
experiments. Collider experiments have

higher sensitivity for smaller myyp (<
10 GeV).
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Results of H—inv search in CMS experiment for Run2
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The results are shown separately for each Higgs boson

production mode as tagged by the input analyses for
Run I and Run 2

BR(H—inv) < 15.0 (8.0) % @ 95% CL

I ATLAS result 1s more strict
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H — inv search in ATLAS and CMS experiment for Run2 + Run3

Shutdown/Technical stop

Protons physics

Ions

Commissioning with beam

Hardware commissioning/magnet training

In Run 3, the center-of-mass energy reached

13.6 TeV, leading to increased statistics.

Studies of statistically limited processes can
achieve greater sensitivity - H — inv search will

continue with the use of Run2-Run3 statistics



H — invin Vector boson fusion channel (VBF+MET)

* VBF+MET 1s the 2nd largest Higgs production rate
* In both ATLAS and CMS experiments the VBF+MET final state 1s the most sensitive channel

resulting i an upper limit of

ATLAS Run2: BR(H—inv) < 0.145 (0.103) @ 95% CL
CMS Run2: BR(H—inv) < 0.17 (0.11) @ 95% CL

JHEP 08 (2022) 104 , CMS-HIG-20-003
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H — invin Vector boson fusion channel (VBF+MET)

In the VBF production mode, the H — invisible signal is characterized by two jets with a large separation

in pseudorapidity and EX*SS arising from the invisible decays of the Higgs boson

® Zstrong @ ZEWK

VBF topology Ny o
("« Twojets with pr(j1/j2) > 80/50 GeV )
* Small add. jet activity: pr(j3) <25 GeV ...

3 or 4 jets, if compatible with FSR |
* Jets in opposite hemispheres \ e
+ An(jj)> 3.8
\_* m(jj)>0.8 TeV )
EWK suppression
C * Lepton (electron and muon) veto )

Multijet

Multijet suppression
 MET > 160 GeV

* A®(jj) < 2.0

JHEP 08 (2022) 104
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Results of VBF+MET H — inv search in ATLAS experiment for Run2

The observed numbers of events are found to be in agreement with the background expectation from

Standard Model processes

+ BR(H—inv) < 0.145 (0.103) @ 95% CL
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VBF+MET H — inv search in ATLAS experiment for Run2 + Run3

ATLAS

EXPERIMENT

Run: 279984
Event: 237776402
2016-09-21 20:21:60 CEST

Jet 2: p; =301 GeV

/’l' (" .
> J

X-y view

JHEP 08 (2022) 104

Data analysis using Run2 + Run3
Optimization of background process selection and
background process contribution estimation using
MVA/ML approaches (BDTG)
Comparison of experimental data with SM predictions
Setting strictest upper limit on BR(H — inv) in
VBF+MET channel (pyhf)
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Summary of new MVA/ML studies

Classifier based on TMVA ML framework for optimizing signal and backgrounds selection criteria

Dataset

® o o o 0 o ® o o © 0 o Signal (MC): VBF H — inv
Seog® "og e P Back d processes (MC):
e 00, OOOQO OOOSO ackground p ;
® i °o  Wstrong *  Multijet

®
® 0®
O O
Train @ Test 7 Train @ Test 7 Train @ Test * /strong *  Other (singletop,
Tree 1 Tree 2 Tree n WEWK ttba]’; etC)

O Correct Prediction Z E WK
Wrong Prediction

" i | * A Boosted decision tree with Gradient Boosting

l ' (BDTG) could be used for a straight classification
problem and the goal was to choose effective cut on
BDT score to separate the signal and backgrounds.

W1

Ensemble Prediction

The algorithm learns to distinguish between the distributions of signal and background events and assigns a value to each
event: =1 < BDT score < 1, where 1 corresponds to a higher degree of "signal-likeness," and -1 indicates an event
resembling background.

11



Summary of new MVA/ML studies

In this studies variables related to SR selections (leading and subleading jet pr, m;;, An;;, Ap;;) and
additional jets activity in final state were considered for better signal and background separation.

fﬂ _ (1 —n:) — (1 — 1m2) el — mjn{mjl,ismjz,i}.
1 =12 ‘ mj

 BDT score is then used in a dedicated limit setting study to compare with the cut-and-count method
as the benchmark. Using the BDTG classifier yields as an distribution can lead to higher sensitivity in
terms of separating signal and background events (the S/B ratio for each histogram bin)

In progress



Summary of new MVA/ML studies — Results for even/odd case

TMVA overtraining check for classifier: BDTG
Number of training and testing events

-é 16 :- élbnlall( s:t ;.alm Ile)I Al I-'Slig'nLII(t'ralirJing sa plel)I I IZ
e = Signal —— training events : 46859
% E@ Background (test sample) + Background (training sample): Signal __ testing events . 46405
:’: 1.4 :Kolmogorov-Smirnovtest: signal (background) probability = 0.367 (0.624) == Signal —— training and testing events 93264
= ij? 5 Background -- training events : 8778348
sl 10 / — Background —— testing events . 8787156
¥ = Background —— training and testing events: 17565504
1 £
418
Je -
0.8 _—g Rank : Variable : Variable Importance
& 1 : fetal2 : 1.319e-01
4 2 : m2_rel : 1.279e-01
de 3 : met_tst_nolep_et 1 1.220e-01
| &% 4 : fetal3 : 1.08%e-01
=1 5 : met_tst_nolep_jl_dphi_new : 1.085e-01
2 6 : met_tst_nolep_j2_dphi_new : 1.058e-01
= G 4 AL ST : 3 7 : jj_deta : 1.009e-01
0 AAAAAANN VNN, VAN AAANNAAAAAAAAANANS 15 8 : m3_rel : 9.940e-02
08 06 04 02 0 02 04 06 08 9 : jet_pt[l] 1 9.476e-02
BDTG response
ROC-integ
: 0.828

In progress



Conclusion

* Searches for invisible decays of the Higgs boson using LCH Run 2 pp collision data at in
several Higgs boson production topologies were preformed in ATLAS and CMS

experiments.
* ATLAS statistical combination of Run2+Runl resulted the most stringent limit on the

B(H—inv) to date BR(H—inv) < 10.7 (7.7) % @ 95% CL

* The search for Higgs invisible decays 1s continued with Run2+Run3 data.
 Run3 VBF+MET results will be included 1n the future article «Search for invisibly
decaying Higgs bosons with the Vector-Boson Fusion plus missing transverse

momentum signature with Run 2 and Run 3 data from the ATLAS detector»
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Thank you for your attention



Backup slides



Why VBF+MET the most sensetive?

e Z->vv (strong production) is large compared to ggF:

O'ggF(H —I—jet) 1

o(Z +jet) - Br(Z — vv) ~ 300

over(H + qq)

4
« VBF: signal and bg are comparable over(Z + qq) - Br(Z — vv) ~3

17



36 fb-1 result: only three m(jj) bins (1-1.5, 1.5-2, >2 TeV); MET > 180 GeV (no bins with 3 or 4 jet)
New binning:

160

Additional bins at low MET
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Shading indicates S/B, assuming BR of Higgs boson to invisible particles of 0.15

Percentage gives approximate contribution of signal from invisibly decaying Higgs bosons relative
to total signal yield in inclusive SR

JHEP 08 (2022) 104

More bins in m(jj)

Splitting of A®(jj)
in two ranges

Allow for 3 or 4
jets if compatible
with FSR
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V+jets proceses estimation

» Constrain V+4ets backgrounds with single- or di-lepton CRs
* One normalisation factor for each of 16 bins to account for mismodelling of current generators

Events / 500 GeV
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Multijet bkg process estimation

Truth
* General problem: MC has large HS HS+PU

.. . G » Hard scatter
uncertainties and in-sufficient A A

- 7 N
statistics I /
— Combination of two independent Reco
data-driven bg estimation techniques y

* Multiple application of detector ‘ pile-up
response for (simulated truth or X

3

xL" T T T T | A B IR BT T T e o B e G e B T
“rebalanced”) seed events (pile-up & ™aras | mwe Cegw, 1§ Chamas | mwe em,
P 1()00—‘r§ 13TeV, 130 MJHS+PU 7 Syst. unc = Vs =13 TeV, 139 fb MJHS+PU 7 Syst.unc -
and hard scatter component s [ S ony g o 5oy !
.g 800: 7 Lﬁ 10°
separately) and subsequent a
. . . 600—
emulation of pile-up tagging w0l 10°
— Large statistics pseudo-data 200 N
sample g 2 1 2 25 5
sati AL e
— Normalisation of MJ components & . gt ] 8 iy . T ————

ot or at lower T R YR R BRI R B 1850 3000" 28055300
(HS+PU or HS) at lower MET b » S %30
JHEP 08 (2022) 104

] I
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Multijet bkg process estimation

L LI L L L L L B B LB

T

TTTTrTT U T T T
. 212000 -ATLAS @ Data A Uncertainty]
M]J - Pileup CR method e o By S
— - Low MET VR B Z strong ZEWK
510000 :_ Multijet [ Other _:
* Selecting events in pile-up enriched CR £ go00[- B .
* Normalise yields in CR by transfer factor obtained at low 6000 |- -
MET 4000 E
* Consistent results for Njet = 2 signal region from both 2000 _
methods OO R o
T T T T e e e
epending on selection use o1 erther one (Or bo methods S W\\\;\\\\&\\\N\\\\\\\\\\\\\\\\
(”Rebalance and Smear” or PU CR) to reduce uncertainties g O T
500 600 700 800 900 10001100 120013001400 1500
m; [GeV]
Rebalance and Smear Pile-up-CR method
Multijet pred. (SR incl.) 840 + 367 761 + 186
Uncertainties [ %]
Source inclusive  per bin ‘ Source inclusive per bin
Statistical 9 646 Stat. 8.6 1649 (bins 1-5 only)
Non-closure 40 3743 Syst. 20 20-27

Jet energy response (core) 4.8 141

Jet energy response (tail) 5.7 1-53

JHEP 08 (2022) 104 Data vs simulation 49 2-30
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Boosted Decision tree

Root : C. : :
node * Sequential application of cuts splits the data into
x>l 4_1\ nodes, where the final nodes (leafs) classify an event

B

\ as signal or background

xj > c2) (xj <c2) ]x1>c3| xj < c3

s S » Start with Root node
\\‘// \\ \ . o

*  Split training sample according to cut on best variable at this node

° 5 ) * Splitting criterion: e.g., maximum “Gini-index”’: purity % (1— purity)
—— * Continue splitting until min. number of events or max. purity reached
o:ta:set... ° o0 LA Z L AEE * Classify leaf node according to majority of events, or give weight; unknown
[ ]
¢ o * Pp% » o -] p° 02 ™ Oc? " test events are classified accordingly
/ / Boosted decision trees: combine forest of decision trees,
] with differently
" | v " | weighted events in each tree (trees can also be weighted),
v by majority vote

Ensemble Prediction
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Adaptive Boosting aka Adaboost

Gradient Boosting

* Both Adaboost (the first boosting algorithm) and Gradient Boosting are boosting algorithms, which
combines predictions from multiple weak learners, usually decision stumps to form a strong learner

* In AdaBoost, the weights of the samples are
adjusted at each iteration.

* No reweighting of the samples take place in
GBM

* Algorithm: Training process starts with a decision
stump (usually). At every step, the weights of the
training samples which are misclassified are
increased for the next iteration. The next tree is
built sequentially on the same training data but
using the newly weighted training samples. This
process is repeated until a desired performance is
achieved.

* Algorithm: GBM uses gradient descent to
iteratively fit new weak learners to the
residuals of the previous ones, minimizing a
loss function. There are several loss functions
to choose from, Mean Squared Error being
most common for Regression and Cross
Entropy for Classification. GBM uses Decision
Trees as the weak learners.

* Both Adaboost and GBM are stage-wise additive models (greedy algorithm), meaning new trees in the

model are built without changing the previous existing trees

© AIML.com Research

* The final model is formed by combining the
predictions from individual trees through a
weighted sum. For a classification problem,
prediction is given by:

M
Prediction = sign( ) a,,* F,,(x))

m=1
where, F, (x) is the output of each model and a,, are the weights

computed by the boosting algorithm, m is the number of iterations

* The final model is an equal-weighted sum of
all of the individual trees. Prediction for a
regression problem in GBM is given by:

M
Prediction =y +n* Z Prn—i
m=2
where, ¥ is the prediction from the first tree, 1 is the learning
rate, 7; is the prediction of residuals, m is the no. of iterations

* Both Adaboost and Gradient boosting can be used for both Classification and Regression problem
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Input variables for BDT

Input variables used in Run2:
o, Ay, Ad Ranking input variables (method unspecific)...
i A7 APy Ranking result (top variable is best ranked)
* met_tst, met tst et, met tst nolep et === 00 040—m—mo—1rv -

* jetl pr, jet2 pr Rank : Variable : Separation
* A¢(jet], MET), Ad(jetl MET) 9 :m2rel . 1.700e01
* maxCentrality 2 : fetal2 : 1.402e-01
3 m3_rel : 1.243e-01
4 : fetal3 : 1.165e-01
Input variables which can be used in Run3: > ! rT'F_‘.t—t st_nolep_et t 5.779e-02
Fori=3.4.5 6 : jj_deta : 5.241e-02
ortT S , (m—m) = (= 1) 7 : jet_ptl[1] : 1.204e-02
.« fetali= fi = " — 1 8 : met_tst_nolep_j2_dphi_new : 7.588e-03
9 : met_tst_nolep_jl_dphi_new : 6.200e-03
o = Apri —Agin e
» fphiOli=Ji A1z Train method: BDTG for Classification
. fomi= fP— P
© PTtPI2 * In TMVA for BDT, variable importance 1s based on how much the use of
s emtOli = - exp (_ 4 (U,- ! +:;J2)2) a given variable contributes to improving the separation in tree nodes.
(it = a2)” 2 Then the contribution is summed over the trees and normalized. As a

result, relative importance values are obtained.
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Input variables for BDT

Correlation Matrix (background) Correlation Matrix (signal)

» ‘ Linear correlatlon coefficients in %1 00 » Llnear correlatlon coefficients in %1 00
m3_rel |58 I .4 .3 .3 : m3_rel J
PECR 7 1 17 35 5 1 )7 23 27 23 m2_rel
Gk 3 6 -3 2 7 6 - [ ool ipT013
LAEY 312 -3 1 511411 30 2¢ i -8 pT012
fphi13 ] 33 : : 44 23 fphi13
fohit2 | 4 5 19100 19180 j fphi12
fetat3 [ 1332 31001810 feta13
feta12 3 4 1001910019388 16 27 feta12
maxCentrality 12 7 -8 12 7 : : N 5N maxCentrality |
3t_tst_j2_dphi [ 2 10 89 -2 i » 3t_tst_j2_dphi |
st_tst_j1_dphi | : : st_tst_j1_dphi |
tst_nolep_et | 11 _tst nolep_et |
met_tst_et [— L 7 .4 met_tst_et
ii_dphi [ ¢ : > ii_dphi
ji_deta ji_deta
jet_pt[1] jet_pt[1] 19 17100-15 15
jet_pt[0] @1 jet_pifo] | { 0 17015

100 - 100
LWW%”&?WSL?W/?@'@W!@&“&@ MW&W&M%@%@@&%
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ROC-curve and ROC-int values

ROC (Receiver Operating Characteristic)
Curves are a good way to 1llustrate the
performance of given classifier

* Shows the background rejection over the signal
efficiency of the remaining sample

* Best classifier can be identified by the largest
AUC (Area under curve)

Background rejection
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K-S test

TMVA overtraining check for classifier: BDTG

22 ] Background (test sample)

| Signal (festsample) ' ' ' | | « 'Sighal (tralning sample)

= Background (lriining samr)la) 3

I]][III—

1.8

:_I(olmogorov-Smirnov test: signal (background) probability = 0.229 (0.765)

(1/N) dN/ dx
[\

16
14

126

08 06 04 02 0

0.8
0.6
04
0.2

0.2

04 06 08
BDTG response

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

TMVA overtraining check for classifier: BDTG

(1/N) dN/ dx

2
1.8
1.6
1.4
1.2

1
0.8
0.6
0.4
0.2

0

07 Signai (fest santple) ' |

H ] Background (test sample)

1T

. Sigl'lall '(t;aini'niq Isérl';prlel}t

* Background (lr)

|I1f—

Kolmogorov-Smirnov test: signal (background) probability = 0.012 (0.118)

. za

08 06 04 02 0 02

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

04 06 08

BDTG response

Var 1 : with old variables

Var 2: old+ new variables

A Kolmogorov Smirnov test is applied between the training and the test output distribution.
In case the two distributions are compatible a random value between 0 and 1 should be obtained, if they are not you
will observe a difference and this might be an indication of overtraining.

So a very small value is not good.

A value which is not small is good, while a value too close to 1 is also no so good, because indicates that the statistical
fluctuations are too small, and this can be also an indication of some potential problems.




Summary of new TMVA/ML studies — Results for odd/even case

TMVA overtraining check for classifier: BDTG Number of training and testing events

x 1 zleed | SR | 5 ) I LB I I I. | = I_ B | | | . . .

= 1.6 ‘ glgnal( est sample) U SlgnLI (tralerg sa ple) ] Signal —-— training events 1 46405

= [77/] Background (test sample) * Background (training sample) | Signal ~- testing events + 46859

o 7 Signal —— training and testing events: 93264
~ 1.4 Kolmogorov-Smirnov test: signal (background) probability = 0.879 (0.518) Background —— training events : 8787156
ZE Background —— testing events : 8778348
= 1.2 Background —— training and testing events: 17565504

7

PIIIIIII

1 —& —
:§ Rank : Variable : Variable Importance
R [} _
2] 1 : fetal2 i 1.373e-01
k) 2 : met_tst_nolep_et 1 1.253e-01
1S 3 : m2_rel : 1.239e-01
4 4 : fetal3 1 1.122e-01
| @ 5 : jj_deta : 1.077e-01
23 6 : met_tst_nolep_jl_dphi_new : 1.049e-01
3 7 : met_tst_nolep_j2_dphi_new : 1.039e-01
AR , L g A , : = o 8 : jet_ptIl1l] : 9.463e-02
VAANAANNANZV N AV VY ¥ YA AANAAAANAAAANAA ot S 9 : m3_rel : 0.016e-02
08 06 04 02 0 02 04 06 038 —
BDTG response ROC-integ

: 0.831

In progress



Fitting strategy for limit setting

Fitting is the process of adjusting a theoretical model to real experimental data using the Maximum Likelihood Fit method.
* A global mathematical likelihood function is constructed, which is the product of Poisson distributions over all bins
(distribution intervals) across all SR and CR regions.

Main likelihood (LL) or fitting model:

3 = = SR PU-CR  pV+jets-CR _ pfake-CR NP
L(u, Bv, ipu-Mi/fake-effake-p»> 0) = L™ - L « LYAISER, L5 L,

Likelihood for Signal region (SR), for other fit regions can be found in run 2 paper:

other,i

L= I (N,-S’R | Bi < BSR + ;- BR+ BSR +BSR_ +u- S,SR),
Likelihood for nuisance parameter (modeling systematic sources):
NP
=16 06;).
J

the HistFactory package begins to vary p and all 8 parameters simultaneously to maximize
the likelihood function and find /i , 8

If after fitting the value of [ turns out to be close to zero (meaning no clear excess of signal events over the background is
found in the SR), we set an upper limit on the BR.



Limit setting with BDT score

1
1. Obtain BDT score distributions |
* Background-like (low score) vs. Signal-like (high)|

*» Plot Data, Background (MC), and Signal (MC) |

]

v

1
2. Divide into bins |
* Split the distributions into separate BDT bins (i)|

* Counts per bin: Data (n_obs), BG (b), Signal (s) |

]

v

1
3. Construct the likelihood |

* Expected events per bin: A_i(p,0) = u-s_i(9)+b_i(9)|
* Full Likelihood: L(p,8) =[] Pois(n_obs | A_i) x ] n|

% M = signal strength, 8 = systematic uncertainties|
|

v

4. Statistical fit
* Perform profile likelihood fit
* Use CL_s method to derive upper limit on p
e Qutput: p < p_95 (95% CL)

v

5. Translate into a limit on a physical quantity
* U is mapped to theory (e.g., BR(H->inv) or oxBR)

In progress
* Final Result: BR(H —> inv) < BR_95 (95% CL)
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