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Abstract
Analyzing the high-dimensional data collected at the Large Hadron Collider experiments often requires a balance between maximizing sensitivity and maintaining
interpretability by domain experts. We propose a new algorithm to construct
powerful summary statistics for LHC processes in the form of simple symbolic
expressions. First, we extract latent information from a chain of simulators; through
symbolic regression on this data we then learn approximately sufficient statistics.
Observables constructed in this way can be used as plug-in replacements for established summary statistics, potentially improving the precision of scientific results
without adding any overhead. In Higgs production in weak boson fusion, our algorithm rediscovers well-known heuristics and proposes new, moderately complex
formulas that rival the new physics reach of neural networks.
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Introduction

The experiments at the Large Hadron Collider (LHC) collect vast amounts of high-dimensional
data, which need to be turned into precise measurements of the fundamental properties of nature.
While particle physicists have developed a chain of high-fidelity simulators for particle collisions, the
likelihood function that they implicitly define is intractable. This is a major challenge for inference
and a number of simulation-based (or likelihood-free) inference methods have been developed to
overcome it [1–6].
Particle physicists typically tackle this problem by not working with the high-dimensional raw data
directly, but reducing its dimensionality by extracting a summary statistic. Once the data is onedimensional, the likelihood function can be estimated through univariate density estimation methods
like histograms, which makes both frequentist and Bayesian inference possible. However, designing
a summary statistic is problem-specific and difficult. Traditionally, simple kinematic variables are
often chosen, but these are known to lose information, leading to less precise measurements [7–9].
Recently, neural summary statistics have been proposed that are approximately sufficient [10–12].
While they can be more powerful, they are less easily interpretable, sometimes perceived by more
conservative domain scientists as black boxes. In addition, integrating them in established data
analysis pipelines may require some effort. These (real and perceived) drawbacks have limited their
adaptation so far.
Here we introduce a new kind of summary statistics for LHC processes that is both approximately
optimal and highly interpretable. Our algorithm first extracts additional latent information from
LHC simulators and augments a training dataset with it. Next, we use symbolic regression on the
augmented data to learn the approximately sufficient statistics of the problem. The output of this
procedure is a simple analytical expression like “pT 1 pT 2 sin ∆φ” that is self-explanatory to domain
scientists, can be “stored” on a piece of paper, and can be directly plugged into a typical particle
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physics analysis without adding overhead. We demonstrate the potential of this approach in an
analysis of the properties of the Higgs boson.
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Related work

Simulation-based inference Many phenomena in science are modeled with simulators that do not
have a tractable likelihood function. Parameter inference in these models requires simulation-based
inference methods such as Approximate Bayesian Computation [2, 3] or techniques based on neural
surrogates of the likelihood [13–16], likelihood ratio [10, 17–21], or posterior [22–28]; see Ref. [4]
for a recent review and Refs. [6, 11, 12] for applications to particle physics.
Learned summary statistics Several methods have been proposed to learn powerful summary
statistics. This work is closely related to the S ALLY algorithm [10–12], in which a neural network (or
boosted tree [29]) learns the score, the gradient of the log likelihood with respect to the parameters of
interest. Neural summaries can also be learned by mutual information maximization [30] or based on
an exponential family approximation [31, 32]. Finally, it is possible to make summaries robust to
nuisance parameters [33, 34].
Even before these neural network–based methods, particle physicists have developed domain-specific
techniques for optimal summary statistics known as “optimal observables” [35–38]. Unlike our
method, these algorithms require approximations on the underlying physics process, for instance the
detector interactions.
Interpretable machine learning for particle physics In the context of particle physics, interpretable and explainable machine learning are still under-explored topics. References [39, 40]
proposed a method to extract a set of the most relevant high-level observables from a trained neural
network. Symbolic regression has previously been used to learn scientific laws from data [41–44],
but also for interpretable classifiers in particle physics [45].
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Optimal observables from symbolic regression

Setup We consider an LHC process in which we want to infer some parameters of interest θ from
observed data {xi }. These data consist of multiple i. i. d. events, each characterized by a vector of
basic particle properties such as reconstructed energies and masses. The relation between parameters
and collected data is modeled by a simulator, which allows us to sample x ∼ p(x|θ), but the likelihood
function p(x|θ) is intractable. Our goal is to find a summary statistic t̂(x) such that inference on a
summary dataset {t̂(xi )} allows a precise measurement of θ.
We focus on the case where the parameters θ are in the neighborhood of some reference parameter
point θ0 . This is common in precision measurements of the LHC, for instance when θ are the Wilson
coefficients of the Standard Model (SM) effective field theory (EFT) and the reference point is the
SM, θ0 = 0.
Sufficient statistics In the local approximation |θ − θ0 |  1, the likelihood function is in the
exponential family and the components of the score
t(x|θ0 ) = ∇θ log p(x|θ)

θ0

(1)

are its sufficient statistics [10, 31]. In other words, as long as we consider parameter points close
to the reference point θ0 , the score represents the perfect summary statistic or optimal observables;
reducing a dataset to the values of the score for each event would not lose any information on θ.
Unfortunately, the score is in general intractable.
Learning the score Our goal is therefore to learn an approximation of the score. First, we leverage
the fact that particle physics simulators are not entirely black boxes, but let us access some information
that characterizes the latent process in the simulator [11, 12]. More precisely, for each simulated
event x we can also access the ground-truth parton-level phase space point z as well as the squared
2

matrix element |M(z|θ)|2 . With these quantities, we can compute the joint score in the space of
latents and observables
t(x, z|θ0 ) =

∇θ σtot (θ0 )
∇θ |M(z|θ0 )|2
−
|M(z|θ0 )|2
σtot (θ0 )

(2)

for each simulated event. Here σtot (θ) is the total cross section of the process.
The usefulness of the joint score is not immediately obvious, as it explicitly depends on the latent z,
which is only available in simulations. However, Refs. [10–12] have shown that the score t(x|θ0 )
can be linked to the joint score t(x, z|θ0 ) through the minimum of the mean-squared-error (MSE)
functional:
2
t(x|θ0 ) = arg min Ex,z∼p(x,z|θ0 ) |g(x) − t(x, z|θ0 )| .
(3)
g(x)

We implement this equation in a practical algorithm with symbolic regression. Instead of the abstract
variational family g(x), we consider the function family of analytical expressions of a maximum
length, consisting of kinematic variables, mathematical operations, and numerical constants. Instead
of the exact minimization in Eq. (3), we use a genetic algorithm that performs random mutations on
a set of symbolic expressions and keeps solutions with a higher probability if they lower the MSE.
Hyperparameters allow us to choose the trade-off between complexity of the symbolic expression and
the value of the MSE in Eq. (3), which we expect to be related to the quality of the summary statistic.
All in all, our algorithm thus consists of two phases: first, we simulate events; for each event we save
the observable data x together with the joint score t(x, z). Second, we run a symbolic regression
algorithm on the joint score t(x, z) to learn an analytical expression t̂(x) that approximates the score.
The output of our algorithm is a simple symbolic expression like pT 1 pT 2 sin ∆φ. As an approximation of the score, summary statistics constructed in this way will be approximately equal to the
sufficient statistics. They are therefore likely to improve the precision of the analysis results compared
to established heuristics. At the same time, they are as simple to handle as conventional kinematic
variables: these observables can simply be “stored” by writing their definition on a piece of paper.
Using it in a data analysis pipeline is equally straightforward and does not require, for instance, the
evaluation of a neural network. Finally, the score can easily be interpreted by domain experts.
Implementation We simulate events with a standard simulator chain consisting of M AD G RAPH5 2.6.7 [46], P YTHIA 8.3 [47], and D ELPHES 3.4.2 [48]. M AD M INER 0.7.5 [49] is used
for book keeping and to compute the joint score. We use a modified version of P Y SR [50] to learn
the functional form of the score and add a parameter-fit afterburner to finetune the constants in the
analytical expression.
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Experiments

We demonstrate the potential of our symbolically regressed observables in two precision measurements of the properties of the Higgs boson at the LHC. Signs of new physics are expected to manifest
themselves in such measurements as deviations from the Standard Model predictions.
First, we verify our algorithm in a toy problem and consider ZH production without decays, shower,
and detector effects. This simple process has only two particles in the final state and is fully described
by only two degrees of freedom. We consider the problem of measuring the Wilson coefficient
of the dimension-six operator OB [51], using the SM θ0 = 0 as reference point. As summary
statistic, our algorithm learns a polynomial in the transverse momentum pT and the difference of the
pseudorapidities2 |ηZ − ηH |. This is in agreement with our expectations about the structure of the
process.
We then focus on a realistic scenario: Higgs production in the weak boson fusion mode, including
a decay of the Higgs boson into muons and detector effects. This process has substantially more
complex kinematics and its final state involves two jets, collimated sprays of charged particles, in
addition to the muons that the Higgs decays into. Our goal is to measure the Wilson coefficient of the
CP -violating dimension-six operator OW W
f [51]. Again, we use the SM as reference point, θ0 = 0.
2

The pseudorapidity measures the angle between the direction of a particle and the beam axis.
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Figure 1: Left: Expected p-values on θ based on different summary statistics, using a synthetic
dataset generated with θtrue = 0. We compare simple heuristics, more complex symbolic summary
statistics found by our symbolic regression (SR) algorithm, and a neural network trained with the
S ALLY algorithm. Right: Relation between the expected upper bounds with the MSE in Eq. (3).
Our symbolic regression algorithm finds a number of summary statistics of increasing complexity.
The simplest one is t̂1 (x) = sin ∆φ, where ∆φ is the difference between the azimuthal angles of the
two jets. This is in fact an established heuristic [52]: When set to focus on simple expression, our
algorithm thus rediscovers a quantity well-known to (and hand-engineered by) domain scientists.
At higher complexity, our algorithm learns
t̂2 (x|θ0 ) = pT 1 pT 2 sin ∆φ

(4)

and ultimately
t̂3 (x|θ0 ) = −pT 1 (pT 2 + c)(a − b∆η) sin(∆φ + d) ,
(5)
where pT i are the transverse momentum of the jets, ∆η is the difference in pseudorapidities between
the two jets and a, b, c, d are numerical constants.
We then study how powerful these summary statistics are by computing expected confidence regions
on the parameter of interest θ, using a synthetic “observed” dataset generated for θtrue = 0. The left
panel of Fig. 1 shows the expected p-values. The more complex summary statistics found by our
symbolic regression algorithm lead to stronger exclusion bounds on the parameter of interest than the
simple heuristics pT 1 pT 2 and sin ∆φ. In fact, our symbolic observables lead to confidence limits
virtually indistinguishable from those based on neural networks trained with the S ALLY algorithm.
Finally, in the right panel of Fig. 1 we investigate how predictive the MSE in Eq. (3) is of the
performance on the downstream task of measuring θ. Indeed, summary statistics that have a lower
MSE with respect to the joint score later enable more powerful measurements, visible as lower upper
bounds on θ. However, the returns are diminishing: while more and more complex summary statistics
can further improve the fit to the joint score, this does not translate to substantial improvements in the
parameter measurement. Moderately complex symbolic expressions provide a good compromise of
near-perfect measurements and straightforward interpretability.
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Outlook

Machine learning has a huge potential to improve the sensitivity of LHC measurements. However,
the lack of interpretability of many models has been a limiting factor in the widespread adaptation of
new methods. We propose a new class of summary statistics based on symbolic regression. They
approximate the sufficient statistics and are therefore nearly optimal for a given problem. At the same
time, they are as easy to interpret, store, and implement in analyses as traditional kinematic heuristics.
For the theoretically interesting case of Higgs production in weak boson fusion, our algorithm
reinvents the well-known sine of the azimuthal angle between the tagging jets as a powerful summary
4

statistics. It also discovers new, slightly more complex expressions that allow us to measure fundamental properties of nature with higher precision, with almost no loss of performance compared to
neural network–based summary statistics.
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