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Abstract

Particle physics experiments often require the reconstruction of decay patterns
through a hierarchical clustering of the observed final-state particles. We show that
this task can be phrased as a Markov Decision Process and adapt reinforcement
learning algorithms to solve it. In particular, we show that Monte-Carlo Tree Search
guided by a neural policy can construct high-quality hierarchical clusterings and
outperform established greedy and beam search baselines.

1 Introduction

Particle interactions in collider experiments often produce highly energetic quarks and gluons (or
partons). These elementary particles then radiate more and more quarks and gluons in a series
of successive binary splittings, ultimately leading to a jet: a spray of stable particles that can be
measured in a detector. This parton shower process follows the laws of quantum chromodynamics,
our understanding of it is encoded in sophisticated simulators.

Reconstructing the properties of the original elementary particles from the observed final-state
particles is an important step in the data analysis in particle physics experiments, including those
at the Large Hadron Collider at CERN. It is often crucial in the search for new particles or the
measurements of the properties of the Higgs boson. This jet clustering problem can be phrased as an
inference task that aims to invert the generative radiation process. Given a set of observed final-state
particles or leaf nodes, the goal is to construct the most plausible binary tree of particle splittings.

Unfortunately, for more than a few final-state particles, the search space of this combinatorial
optimization problem is too large to find the true maximum-likelihood tree. The industry standard
is to solve this problem with a greedy algorithm based on one of several heuristics (for instance
the popular k7, Cambridge-Aachen, and anti-k7 algorithms [[1H4]). Improvements may come from
questioning two aspects of this industry standard. First, we may be able to improve clustering
by switching from optimizing heuristics to maximizing the likelihood [5]]. Second, there are more
powerful algorithms than the greedy optimization, for instance beam search, probabilistic methods [6],
and simulation-based inference methods [7]].

In this paper we propose to phrase this combinatorial optimization problem as a Markov Decision
Process (MDP), which allows us to use reinforcement learning (RL) methods to solve it. In particular,
we adapt Monte-Carlo Tree Search (MCTS) guided by a neural network policy to the problem
of jet clustering. This approach closely follows the AlphaZero algorithm [8H10]], which achieved

*Work done before joining Bloomberg.

Third Workshop on Machine Learning and the Physical Sciences (NeurIPS 2020), Vancouver, Canada.



superhuman performance in a range of board games, demonstrating its ability to efficiently search
large combinatorial spaces. We also test imitation learning, specifically Behavioral Cloning, and
train a policy to imitate the actions that reproduce the true tree from the generative model. While
(model-free) RL methods have been used in the context of jet grooming, i.e. pruning an existing
tree to remove certain backgrounds [11], they have not yet been used for clustering, that is, the
construction of the binary tree itself. In first experiments we demonstrate that the MCTS clustering
agent outperforms not only the greedy industry standard, but also beam search. Finally, we discuss
which steps need to be taken to scale this approach to real-life applications. The code used for this
study is available at https://github. com/johannbrehmer/ginkgo-rl,

2 Jet clustering as a Markov Decision Process

Problem statement. We describe the parton shower as a stochastic generative process in which a
set of particles described by their four-momenta at time step ¢, 2z, = {p¢.1, Pt.1, - - -  Dt.n, > Undergoes
successive binary splittings z; — z;41 ~ ps(2e+1|2¢). The successor state z;41 contains n; — 1
unchanged particles from z; as well as the children of one radiating particle. The whole decay
process thus forms a binary tree. The individual splittings are Markov, and their probability densities
ps(z¢+1]2¢) are known and tractable. In particular, each splitting has to satisfy the energy-momentum
conservation law: a splitting ps ; — P¢41,5, De41,5 satisfies py; = pey1,s + Pey1,;. The initial state
is a single elementary particle, z; = {p1,1}. The process terminates after IV splittings, after which
the final-state momenta x = z are observed. For a detailed description of the parton shower, see
e. g. Refs. [12,[13].

Given an observed final state © = zy = {pN,1,PN 2 - - -, PN,ny }» We study the problem of inferring
the maximum-likelihood latent binary tree 2* = argmaxy,, . 1 p(@|{z1,...,2x}) with
N—2
pa{z1,...,2x}) = ps(@lzy 1) [] ps(zeialz). (1)
t=1

Markov Decision Process (MDP). We treat the problem of clustering as an MDP (S, A, P, R):

* The state space S is given by all possible particle sets at any given point during the clustering
process, s = z;.

* The actions A are the choice of two particles a = (7, j) with 1 < i < j < n; to be merged.

* The state transitions P are deterministic and update z; to z;—; by replacing the particles p; ;
and p; ; with a parent p;_1 ; = p;; + p¢ ;. All other particles are left unchanged, each state
transition thus reduces the number of particles by one.

* The rewards R are the splitting probabilities, R(s = z¢,a = (i,7)) = log ps(zt|z¢-1(7, J))-
e The MDP is episodic and terminates when only a single particle is left.

An agent solves the jet clustering problem by first considering the state of all observed, final-state
particles and choosing which two to merge into a parent. It receives the log likelihood of this splitting
as reward. Next, it considers the reduced set of particles where the two chosen particles have been
replaced by their proposed parent, chooses the next pair of particles to merge, and so on. Rolling out
an episode leads to a proposed clustering tree z = {z1, ..., zn }, with the total received reward being
equal to the log likelihood of this tree following Eq. (I). We illustrate this setup in Fig.[I}

Limitations. Our description of the parton shower as a binary process and in particular the assump-
tion that the final state is perfectly observable are approximations to the true physical process. In
reality, the final states of the shower first have to form stable particles (hadrons) and then interact with
a complicated detector to be measured. The clustering problem is thus actually a partially observable
MDP. These effects, which are also not modeled in state-of-the-art clustering algorithms, go beyond
the scope of this proof-of-concept paper.


https://github.com/johannbrehmer/ginkgo-rl

3 Algorithms

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- eoo
rithm to tackle it. Since the state transition model is
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based planning approach to leverage this knowledge.

We choose MCTS [8], which builds a search tree 52 52 So
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Here 7(s, a) is a learnably policy implemented as a
neural network, ) , is the mean normalized reward
received after chosing action a in state s, Ng (N5 4)
is the number of times a state s has been visited (and
action a has been chosen), and c is E,lh},/p cIp a.rameter ings of the original particles (small circles), the
tha}t balances e?(plgratlon and exploitation. Slnc§: the agent begins in the unclustered state (top square).
episode length is given by the number of leaf particles, Each action a chooses a pair of particles in the cur-
we roll out all MCTS trajectories until termination.  ren 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.

ao as a9

]

2| A LA

Figure 1: Jet clustering as a Markov Decision Pro-
cess. States s (squares) represent (partial) cluster-

Us,a = Qs,a + CT((Sa a)

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 7 (s, a) is trained
to agree with the MCTS decisions by maximizing the log likelihood log 7 (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 7 (s, a) we use not only the four-momenta of all current particles, but also the
splitting probabilities ps(z:11]2¢(¢, 7)) for all possible actions a = (¢, 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, @truth )-

MLE-BC. For samples with a small number of final-state particles n we can also construct the
exact maximume-likelihood tree using the algorithm from Ref. [14], and train a policy to imitate it.
The MLE tree becomes impractically slow for nx > 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 7 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 [135]], 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 10° steps (BC). The clustered trees are evaluated on 500 samples, using the mean
log likelihood as given in Eq. (1)) as metric.



Baselines. We compare MCTS (with ¢ = 1)
and BC agents to a greedy algorithm that at
each state picks the action with the maximum
splitting likelihood ps, a beam search algorithm
that maintains the b most likely clusterings
while descending down the search tree, and
a random policy. For jets with a small number
of final-state particles ny we also compute the
exact MLE tree following Ref. [[14], though the
O(3™~) complexity of that algorithm makes
this intractable for large ny .

Results. We show the results in Tbl.[{land in
Fig.[2] where we plot the clustering log likeli-
hood against the computational cost of the clus-
tering algorithms (left panel) and against the
number of final-state particles (middle and right
panel). While the greedy and beam search base-

Algorithm Log likelihood
Random —198.3
Greedy —96.0
Beam search (b = 5) —94.1
(b =20) —93.5
(b =100) —93.3
(b =1000) —-93.3
MCTS (b = 3, nmers = 10) —93.4
(b =5, nmcTs = 20) —93.3
(b = 20, nmcTs = 50) —93.0
(b =100, nymcrs = 200) —92.8
BC —108.5
MLE-BC —108.3
BC-MCTS (b = 3, nmcts = 10) —93.5
(b =5, nmcTs = 20) —93.3
(b = 20, NMCTS = 50) —93.0
(b =100, nymcrs = 200) —92.8

MCTS (b = 5, nmceTs = 20) variations:

lines lead to a robust performance at low com- eXpiOit more (¢ i()l(l)) _ggg
putational cost, MCTS planning can generate explore more (c= . ) T

. . . . no p, as input to policy —93.8
hierarchical clusterings of a markedly higher final decision based on PUCT _94.6
likelihood. This advantage is more pronounced 1o beam search roll-outs 973
at larger number of final-state particles, show- no PUCT roll-outs —93.9
ing that MCTS can explore large combinatorial instead of NN, use policy x ps —93.5
spaces better than the baselines. We also ob- instead of NN, use random policy —93.9

serve that for small-to-medium trees (where
maximum likelihood trees are tractable) the
MCTS clusterings are close to optimal.

Table 1: Mean log likelihood of clustered trees (larger
is better, best results are bold). We show the mean and
its standard error between five models trained with differ-
Imitation learning does not perform very well. ent random seeds. MCTS (middle) yields higher-quality
While the BC and MLE-BC policies generate hierarchical clusterings than the baselines (top).
clusterings that are substantially better than ran-

dom, they are still worse than the greedy base-

line. Pretraining the policy that guides the MCTS planner on BC does not make a significant
difference compared to the simple MCTS setup. Further ablation studies of our MCTS setup show
that the neural network policy performs better than simply using a random policy or a policy that is
proportional to the splitting likelihood p, to explore the search tree. Feeding the splitting likelihoods
ps as additional features into the policy network also helps the models, and the initialization of the
search tree by running beam search is particularly important for a good performance.

5 Discussion

We have presented new algorithms for a hierarchical clustering problem in particle physics based on
Monte-Carlo Tree Search guided by a neural policy as well as on Behavioral Cloning. In a simplified
scenario using the GINKGO simulator, the MCTS algorithm generated higher-quality hierarchical
clusterings than greedy and beam search baselines.

Scaling this approach to real-life particle analyses requires a few more steps. First, we need to switch
to a realistic model of the parton shower. This is straightforward for the RL algorithm itself. To
compute the reward function, one could add the capability to evaluate the splitting likelihoods to
existing simulators or switch to heuristics. Unlike greedy and beam search algorithms, the MCTS
clustering algorithm can optimize hierarchical clusterings based on any reward function, which may
be delayed up to the termination of the episode. This allows us to optimize it directly based on some
downstream task, letting us tailor clustering algorithms to a given problem.

A second necessary step is the careful analysis of infrared and collinear safety, invariance properties
of the hierarchical clustering under certain additional splittings in the generative process. In addition,
we will need to make sure that the algorithm performs reliably when presented with high-energy
events, which are scarce in the training data, but of particular interest in many physics analyses. More
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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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