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The Higgs Boson as a probe for new physics

@ The latest highlight in the success story of the
Standard Model (SM) is the Higgs boson (H),
discovered in 2012 at the LHC by the
collaborations of ATLAS and CMS experiments

e The precise characterization of properties and
couplings of H is now of utmost importance,
since deviations from SM predictions may point
to physics beyond the SM (BSM)

CMS detector [

@ One of the most promising method to directly However, identifying the H — t+7~ A
probe the H self-coupling is v_ia the study of H —> Signa| is Cha”enging due to the
pair production (HH) in the bbt ™t~ decay presence of irreducible background
channel

T+
n " g mamens

o discriminant variable:
[ CLASSIFIER K

{ BACKGROUND }

A

)

— 5 < o the invariant mass
- of the di-t system

-

‘,-_'
P

< DEGLI STUDI

9 UNIVERSHI

z

ICOCCA




Analysis of interest
di-T invariant mass reconstruction

hod The presence of neutrinos from tau decay prevent the full
== reconstruction of the di-tau system invariant mass,
H < allowing only the reconstruction of the visible tau-decay
~ tep/had products (mY!5) whose low resolution doesn't help in the
Ve signal discrimination task
X
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S o014 3 012-
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® High computational time 01 0.08/-
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Objective: Reconstruct the four-momentum of each t particle before decay to accurately
estimate the invariant mass and retrieve the kinematics of the parent particle

GOAL
Understand the model functionality on and
and considering only taus that decay hadronically so far
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Model Architecture
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Training time: ~ 2 min per epoch (~ 40% GPU Tesla T4 usage)
Inference time: ~ 2x1073 s per event
Number of parameters: ~1 M
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Input features (1)

Variables *
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@ TauProd

Decay products of the

two taus

Shape: (10,12)

If an event has less
than 10 tau products

!

logp:
n tauldx
¢ is electron
m is muon
Pr is_pion
log (PT(r)) is kaon
charge is_photon

Categorical variables
from particle ID
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VIS Invariant Mass Distribution for H and Z samples
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Pre-processing steps

/ \K \ VARIABLE ENCODING &

TAU SELECTION JETS SELECTION FEATURE ENGENEERING

At least 2 taus First 3 leading jets with & _
«  Gen matched AR(jet, taw) > 0.4 * Definition of new .varlables
- Hadronic decay . OrQer TauProd WIFh regpr]ect to
. pr =20 GeV (minimum py: 10 GeV ) their p; and padding wit

\\ / \ J max_len = 10

SPLIT IN TRAIN, TEST AND VALIDATION

All Data
Train size = 320 000

Validation size =40 000 \
Test size = 40 000 e \
Training Validation Test

Train size = 256 000
Validation size = 32 000 80% 10% 10%
Test size = 32 000
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logpr histograms

logpt histograms - 14 - H and Z samples , " :
L UL S LSS There is a logpy transition region:
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Loss function
Hyper-parameters

@ Mean between MAE), gy, MAE,, MAE Batch size = 128
for the two taus Start learning rate = 10
+ ReduceLROnPlateau (Patience = 10 epochs)
MAE between MIPMT and MM¢ End epoch = 68
(7% of the total loss) Early stopping (Patience = 15 epochs)
Mean Absolute Error
Training and Validation Loss Over Epochs
1 N | —— Training Loss
MAE = — z |yl _— yll 0.24 —— Validation Loss
N £oi-4

0.22 A

Discontinuities 0.20 -
due to learning A
rate decrease

/oss

0.18 A

0.16

0.14 A

Epoch




Results M .,

TPMT Invariant Mass Distribution for H and Z samples
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Conclusions

TPMT my; for H and Z samples SVFIT my; for H and Z samples
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o - — g el
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® Better m,, resolution B i 0.1
ool ] 0.08}-
, , B i 0.06/
® Computation time of - i -
0(1073s) per event VS 0.05|— - 0.04-
0(1s) per event of SVFit - . 0.02-
Ooo_lllllllj;lll;Llllllllll_ quu\u PRI BRI T
0 50 100 150 200 250 0 50 100 150 200 250
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Next steps

® /mprove model training with flat mass samples and leptonically decaying taus

®  Model improvements
* Increase model depth
« Analyze the learned information through the examination of the attention maps
« Optimization through better initialization % DEGLI STUDI
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Model Architecture - Details

VIS
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Scaled Dot - Product

Multihead(Q, K, V) = Concat(head;, heads, ..., headh)Wo

Atte tion(Q K,V ) = softmax( ) V
n , I\,
\V dk

head; = Attention(QVViQ, KWE vwY)

Scaled Dot-Product Attention Multi-Head Attention
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Self-Attention

dq
d h—
q
+—>
—[|W,——|| @
n
Weights
Embedding
size
d ﬁ, n
— d, = dq s
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—— —> >
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n
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d o —
v
— n A
LW ——| v
&
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—
Z
Figure: self-attention mechanism with a focus on the matrix dimensions
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Cross-Attention

dq
Embedding dq - —
size e
A, —] W ——|fe -
Weights
number
of tokens o X
dq m
d, = d, —
+—>
J — [ W, ——|| K (| QKT [+
R — m n
Weights /
m
Attention
number m|| %, *new* d ey «——»
of tokens d <—>v
. B, N A
/
—I W, —|| Vv
*new”* m
dv v
+—>
Figure: depicts the various tensor sizes for a single attention head " Z
In self-attention, we work with the same input sequence. In cross-attention, we

mix or combine two different input sequences. In the case of the original
transformer architecture, that's the sequence returned by the encoder module
and the input sequence being processed by the decoder part on the right.
The two input sequences and can have different numbers of elements.
However, their embedding dimensions must match.
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Figure 2: Feynman diagram for the signal process.
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Results logpT histograms - 14 - H sample
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n variable resolutions - 14 - H
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Results
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logpT histograms - 11 - Z sample
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n variable resolutions - 11 - DY

rryrrrrprerrprrrrypreerrfrrrrypr e rrrrp T T
“IJ_—I n“lTRAle-DYl | | | | | |

-1 n™ RECO - DY

Results
n resolutions

Frequency
o
N
o

o
—
(63}

0.10

0.05

o.oo_l"'l'|"|"J|L4|||LlumluI..

-05 -04 -03 -02 -014 00 01 02 03 04 05

T1: MAE = 0.018 pPRED _ pmc
n variable resolutions - 1, - DY nMe
> reyrrrerfrerryrereyprrrrprrrryrreryrrrrprrrrfrrr e r Ty
e —IJ__I n‘?lTRAle-DY| | | | | | ]
1 N S | =3 nvReco-DY 1
A o
MAE = — |yl_yl| o 0.10— —
N Z i=1 - -
To: MAE = 0.025 0051 B
0.00||||IIL|J_IJIII ||||||||| J.lllllLIllliJll
05 -04 -03 -02 -01 00 01 02 03 04 05
T,PRED _nMC

TIMC



¢ variable resolutions - 14 - DY
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