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• Events with invisible particles are challenging to handle at the Large Hadron Collider (LHC), 
even though invisible particles often appear in particle physics models. 


• Neutrinos and dark matter particles are excellent examples and particle detectors cannot 
track those invisible particles directly. 


• Their existence appears as the missing momentum or the missing energy by momentum and 
energy conservation, especially along the transverse directions. 


Introduction
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• In particle physics, machine learning is a topic to solve complex problems that have been 
actively developed for the past few years and until now.


• Deep Neural Network (DNN) can utilize all the information contained in the data. 


• In these senses, we use DNN as it exhibits strength in processing extensive data and 
convoluted correlations among features, critical characteristics of missing information 
problems. 


• Our goal is to design a kinematics-solving machine that reconstructs the invisible 
information of particles based on kinematic properties differently from kinematic methods 
relying on MT2 or its variants.

Introduction

(Visible space) (Full space)
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✓ We construct  as a loss function and K as kinematics based on physical laws, i.e., the on-
shell condition on topology and the missing transverse momentum constraint.


✓ Additionally, we introduce an auxiliary parameter , which is designed as global trainable 
parameters based on prior knowledge that all events are of the same physics, leading the 
values reconstructed from the output of DNN (denoted without tilde as ) to converge into a 
single value.

ℒ

~𝑥

𝑥

DeeLeMa (Deep Learning for Mass estimation)

• DeeLeMa is a DNN-based machine to reconstruct kinematic unknowns , based on knowns , 
symmetries, and conservation laws for a given event topology ( ).


𝑞𝑗 𝑝𝑖
𝒯

4



• Mathematically, this kinematic problem is not solvable if the number of unknowns, 

      (i.e. N(inv)), is larger than the constraining relations among momenta in each event.


• For definiteness, we consider the event topology where N(vis) = 4 and N(inv) = 2 in the 
final state.


• The number of unknowns is 8 (two four-momenta of invisible particles) and the number 
of available constraining relations is (2+2+2): 2 from mother particles’ masses, 2 from 
invisible masses if the mass is given, and 2 from transverse momenta. 

DeeLeMa (Deep Learning for Mass estimation)
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• Here d( , ) denotes the general distance function calculated with respect to two 

parameters  and . 


• The first line reflects the symmetrical topology.

𝑥1 𝑥2

𝑥1 𝑥2

DeeLeMa – Loss Function
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• Here d( , ) denotes the general distance function calculated with respect to two 

parameters  and . 


• The second line is to force each event to be generated from the same physics as 
we mentioned earlier. 


• In this case, we use the auxiliary masses  of the particle , making the masses 
of all events the same.

𝑥1 𝑥2

𝑥1 𝑥2

~𝑚𝑋 𝑋

DeeLeMa – Loss Function
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• Based on prior knowledge that all events are of the same physics, then the 
reconstructed masses are imposed constraints to converge into a single value.

DeeLeMa – Loss Function
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• Finally, we introduce the conjectured mass of mC, we impose these conditions and 
transverse momentum conditions as K which act on reconstructing  from the 
output  of DeeLeMa.

𝑞𝑗
𝑞̂

DeeLeMa – Loss Function and K(inematics)
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Results Toy example
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The red lines are the y=x axis and it indicates how accurate it is to the true value.

Results Toy example
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• We tried {0, 10, 20, 50} [%] with the toy model. 


• Here, 0% means a perfect assignment, and 50% means a random assignment.

• Thanks to the characteristics of machine learning that solves tasks by identifying 
features and distributions from large amounts of data, it performs well even on 
data where some parts of the major are contaminated.


• We conclude DeeLeMa is robust and practically free of combinatoric issues.

Combinatorics
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• The sharpness of the endpoint 
collapses, and the endpoint is very 
vague after the detector smearing.


• However, in the point that 
DeeLeMa is the method to read 
the peak position, it is robust under 
these problems.


• For the two b jets, we apply Gaussian smearing with jet pT up to {10, 20, 30, 50, 100, 400, 
1000} GeV with the energy resolution {40, 28, 19, 13, 10, 6, 5}% and with

Standard Model ttbar 
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• The off-shell produced particles can cross the end-point, which is tiny for the narrow-
width but inevitable and the other is the detector smearing effect. 



Conclusion
• We present a deep learning network named 

DeeLeMa to build an optimal search for events with 
missing kinematic information at the colliders.


• To be specific, we present the baseline structure that 
can reconstruct the invisible momenta and the 
particle mass spectrum of the event as ttbar like 
antler event topology. 


• We show that DeeLeMa can powerfully improve the 
reconstruction of not only the mass but also the 
momenta of invisible particles.


• Finally, since DeeLeMa reconstructs masses as a 
sharp peak, it is robust under the combinatorial 
problem as well as detector smearing and off-
shell effects, which is a very good advantage to 
apply to real experiments.


• (Ongoing work) More complicated problem  
>> Unknown - Constraints > 2
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