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“cat” 

cat cat more cats… ?

  

Supervised learning
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Unsupervised learning

Extract crucial features without any guidance



Reinforcement Learning
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In 2016 AlphaGo defeated world 
champion Lee Sedol

only one kind of move: place a stone 

19 x 19 board 

win by surrounding more territories 
than your opponent 

10170 possible board configuration 

experts player often motivate moves 
by intuition

Reinforcement learning

AlphaGo
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Reinforcement learning

Define a goal 

We do not tell how to reach the goal, we only say what is good and 
what is bad 

We are not the ”teacher” anymore, more like a “customer"…

Closest concept to Artificial Intelligence (AI)
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Reinforcement learning

fully or partially observed 
state of the environment

The “correct” action is not known! 
(no supervised learning…)

How to know what is right or wrong?  
      ⟹ Reward system 

can be defined only at the end…
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Value-based RL algorithms: Q-learning

⟹ Value (V) / Quality (Q) functions  

expected future rewards for a given state/action 

how “valuable” is a given state/action

“Value” of a state

Qπ(st, at) ≡ 𝔼[Rt |st, at]

discounted future reward Rt ≡
∞

∑
k=t+1

γk−t−1rk

Note:                     
V(s) = max a Q(s, a)

“Quality” of 4 actions 
“going up/down/left/right” 

Vπ(st) ≡ 𝔼[Rt |st]
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Q-learning

Q-learning algorithm: 
• Observe s 
• Select and execute a 
• Receive the reward  r 
• Update the Q-value:  Qnew(s, a)  

Qold(s, a) + αn (r + γ max a’ Qold(s’, a’) - Qold(s, a))

s s'a

r

How do we calculate the Q-function…?            Neural Network!

targetlearning rate

NN update: 

target Q(s,a): r + γ V(s’)

Deterministic policy  

greedy (always pick action with best Q-value)  

ε-greedy (balance between exploitation and exploration)

Output    
(Q-values)

Input 
(state)
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Policy-based RL algorithms

⟹ Policy:  

probability to pick up action at given observed state st

πθ (at |st)

Find the optimal policy   

maximise the total expected reward
run many trajectories to get 𝔼[ . . . ]

<latexit sha1_base64="V+I1za7sQJOOUO8yu1yGtTWv9wU="></latexit>
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https://www.youtube.com/watch?v=TmPfTpjtdgg
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RL in High 
Energy Physics
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RL in HEP

Very recent development… 

“Automatic performance optimisation and first steps 
towards reinforcement learning at the CERN Low  
Energy Ion Ring”, 2nd ICFA Workshop on Machine 
Learning for Charged Particle Accelerators (2019) 

“Real-time Artificial Intelligence for Accelerator Control: 
A Study at the Fermilab Booster”, arXiv:2011.07371   

“Jet grooming through reinforcement learning”, 
arXiv:1903.09644 

“Hierarchical clustering in particle physics through 
reinforcement learning”, arXiv:2011.08191 



Accelerator physics is often too complex to use 
analytical models or Monte Carlo simulations 

requires a lot of hand tuning by experts 

risk of hidden inefficiencies 
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RL to control accelerator systems arXiv:2011.07371

What is the environment?

Challenge: create a model that reproduce the 
behaviour of the real-world system 

Goal: adjust power supply to reach optimal 
condition 
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RL to control accelerator systems arXiv:2011.07371

RL agent: factor 2 improvement

RNN vs DATA

Rt ∝ − | Ireal(t) − Itarget(t) |

Two-fold application of ML 

Recurrent Neural Network (RNN) 
used to model the accelerator system 
response 

Supervised learning on real data 
(time series of a set of variables)

on-line RL agent 
Actions: change in the current   
(0, ± 0.001, etc.)  

Reward: (negative) difference 
between the target and realized 
current

To
ta

l R
ew

ar
d

Episodes



on-line RL agent 
Actions: change in the current   
(0, ± 0.001, etc.)  

Reward: (negative) difference 
between the target and realized 
current
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RL to control accelerator systems arXiv:2011.07371

RL agent: factor 2 improvement

RNN vs DATA

Rt ∝ − | Ireal(t) − Itarget(t) |

Two-fold application of ML 

Recurrent Neural Network (RNN) 
used to model the accelerator system 
response 

Supervised learning on real data 
(time series of a set of variables)

current controller system

To
ta

l R
ew

ar
d

Episodes
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RL with jets

Jets are the result of the hadronization of quarks 
and gluons produced at collider experiments 

⟹ Reconstructing the properties of the original 
         elementary particle is a fundamental step in 
       data analysis 

Popular clustering algorithms  

kT, Cambridge-Aachen, anti-kT

di, j = min(pa
T,i, pa

T, j)
ΔRi, j

R
di,B = pa

T,i
⟹ greedy & heuristic

Challenge: even knowing the QCD splitting 
probabilities, the large combinatorial space make 
impossible to find the true maximum-likelihood solution
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RL for clustering jets arXiv:2011.08191

Goal: reconstruct the most plausible binary tree 
of particle splittings  

3 Algorithms

… …

…

…
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Figure 1: Jet clustering as a Markov Decision Pro-
cess. States s (squares) represent (partial) cluster-
ings of the original particles (small circles), the
agent begins in the unclustered state (top square).
Each action a chooses a pair of particles in the cur-
rent state (which may be either part of the original
particle set or the result of a partial clustering) to
be merged next. The reward r is the log likelihood
of the corresponding 1 ! 2 splitting.

Monte-Carlo Tree Search (MCTS). The formu-
lation of jet clustering as an MDP allows us to use
any (model-free) reinforcement learning (RL) algo-
rithm to tackle it. Since the state transition model is
known (and deterministic), we instead use a model-
based planning approach to leverage this knowledge.
We choose MCTS [8], which builds a search tree
over possible clusterings z by rolling out a number
of clusterings. During these roll-outs, at each state
s we choose the action a that maximizes the upper
confidence bound on the action values (PUCT)

Us,a = Qs,a + c ⇡(s, a)

p
Ns

1 + Ns,a
. (2)

Here ⇡(s, a) is a learnably policy implemented as a
neural network, Qs,a is the mean normalized reward
received after chosing action a in state s, Ns (Ns,a)
is the number of times a state s has been visited (and
action a has been chosen), and c is a hyperparameter
that balances exploration and exploitation. Since the
episode length is given by the number of leaf particles,
we roll out all MCTS trajectories until termination.

After a fixed number of MCTS roll-outs, the agent ul-
timately picks the action a

⇤ that lead to the largest in-
dividual roll-out reward. The policy ⇡(s, a) is trained
to agree with the MCTS decisions by maximizing the log likelihood log ⇡(s, a⇤).

While the MCTS algorithm should be able to learn good policies from raw data, we find that with
limited training time it benefits from feature engineering and a suitable initialization. As inputs into
the neural network ⇡(s, a) we use not only the four-momenta of all current particles, but also the
splitting probabilities ps(zt+1|zt(i, j)) for all possible actions a = (i, j). In addition, we initialize
the MCTS search tree at each step by running beam search with a small beam size b.

Behavioral Cloning (BC). Next, we consider a clustering algorithm based on imitation learning,
specifically Behavioral Cloning: a policy ⇡ is trained to imitate the actions that reconstruct the true
trees, which we can extract from the generative model, by maximizing log ⇡(s, atruth).

MLE-BC. For samples with a small number of final-state particles nN we can also construct the
exact maximum-likelihood tree using the algorithm from Ref. [14], and train a policy to imitate it.
The MLE tree becomes impractically slow for nN > 10; for these samples we continue to use the
simulator truth trees as demonstrator actions.

BC-MCTS. Finally, we consider an MCTS planner where the policy ⇡ is pretrained by BC, again
using the true decay trees as demonstrator actions.

4 Experiments

The GINKGO simulator. We demonstrate the MCTS clustering algorithm in a simplified setup
where the likelihood of each individual tree is tractable. To this end we use GINKGO [15], a toy
generative model for jet physics that captures essential aspects of realistic simulators of the parton
shower. We implement the MDP described above based on this simulator and provide a standard
OPENAI GYM [16] interface.

Setup. We repeatedly simulate the parton shower for a single initial elementary particle. The final
states of these decays are then clustered by our algorithms. Neural policies are trained for 60 000
steps (MCTS) or 106 steps (BC). The clustered trees are evaluated on 500 samples, using the mean
log likelihood as given in Eq. (1) as metric.

3

State: particle’s four-momenta s = {p1, … pN}  

Action: choice of two particles a = (i, j) to be merged

Reward: splitting probabilities R(s,a) = log ps(st|st-1)

Episode ends when only one particle is left

Train policy network that  
(1)  lead to the largest reward (via MCTS) 

(2)  imitate the true actions ⟹ Behavioural cloning (BC) 
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RL for clustering jets arXiv:2011.08191

Baseline: greedy algorithm that at 
each state picks the action with the 
maximum splitting likelihood ps 

  
Figure 2: Mean log likelihood of clustered trees (larger is better). We show the mean and its standard error
between five models trained with different random seeds. Left: against the computational cost, measured as
the number of evaluations of the splitting likelihood ps required by the different algorithms. For beam search
and MCTS we show four different hyperparameter settings. Right: as a function of the number of final-state
particles (leaves of the tree), using the best-performing (and most computationally expensive) hyperparameter
setup for each algorithm. MCTS (solid, red) gives the highest-quality tree clusterings.

broadly, we need to analyze how much higher-likelihood reconstructed trees can improve the results
of downstream physics analyses.

Finally, the RL algorithms need to become faster to be useful under real-life conditions. Adding
a value network instead of rolling out all trajectories until termination as well as using neural
architectures and search trees that directly reflect the hierarchical clustering structure of the problem
may help improve the performance.

Broader impact

The application of reinforcement learning methods to hierarchical clusterings in particle physics
has the potential to improve data analysis methods in collider experiments. In a simplified setup
we demonstrated that it can outperform a greedy algorithm, which is the current industry standard
in particle physics analyses. If this encouraging result persists under more realistic conditions and
the algorithm can be made faster, our approach may make precision measurements of the Standard
Model of Particle Physics, studies of properties of the Higgs boson, and searches for new particles
more efficient, and ultimately help us understand the fundamental properties of the universe a little
better. The RL approach may also improve the quality of hierarchical clusterings in other contexts,
for instance in genomics [14].
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DFEI: Deep Full Event 
Interpretation with RL

Julian Garcia Pardinas(1), Andrea Mauri(1), Marta Calvi, Jonas Eschle, Simone Meloni, Nicola Serra 

DFEI receives funding from H2020-MSCA-IF program (1) and SNSF PostDoc Mobility program (2)
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Full Event Interpretation

RL can be very useful  in case of large combinatorial space



π-

e-
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Full Event Interpretation

So far in physics analysis at LHCb, the selection of signal candidates only 
focuses on a given decay mode 

e.g.  

⟹  select events that pass some smart criteria

B+ → K+e+e−

Partially reconstructed decays:

B0 → K+π−e+e−

e+

K+

The pion is really not reconstructed 
or we simply don’t look for it…?
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Full Event Interpretation

So far in physics analysis at LHCb, the selection of signal candidates only 
focuses on a given decay mode 

e.g.  

⟹  select events that pass some smart criteria

B+ → K+e+e−

Combinatorial background 
(random combination of tracks)

K+

mix of decay of the other b-hadron  
+ rest of the event

]2c [MeV/)−e+e+m(K
5000 5500 6000

)2 c
C

an
di

da
te

s /
 (2

4 
M

eV
/

0
20
40
60
80

100
120
140
160
180
200
220
240

-1Data 9 fb
Total fit

−e+e+ K→+B
+)K−e+(eψ J/→+B

Part. Reco.
Combinatorial

LHCb

arXiv:2103.11769



30

Full Event Interpretation

⟹ Zoom out and try to look the full event!

A Full Event Interpretation will create a new paradigm in event selection and 
signal identification
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DFEI: how…? 

Goal: reconstruct most likely decay  
                      chains in the event 

State: final state particle  
                      (kinematics + PID)

Actions: match pairs of particles 

Reward: quality of the reconstructed   
                             vertex

Work in progress…

Promising applications: 
⟹  off-line: improving signal efficiency/background rejection 

⟹  on-line: triggering on interesting objets/identify relevant set of final state particles  
to be saved on disk for off-line data analysis
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Conclusion

RL can provide powerful algorithm to solve highly combinatorial problems 

First application in different HEP domains seems promising 

Ongoing studies on the development of Full Event Interpretation RL 
algorithms 
⟹ Final level: unlimited!


