
SciPost Physics Submission

Generating particle physics Lagrangians with transformers

Yong Sheng Koay1⋆, Rikard Enberg 1, Stefano Moretti 1,2 and
Eliel Camargo-Molina 1,3†

1 Department of Physics and Astronomy, Uppsala University, Sweden
2 School of Physics and Astronomy, University of Southampton, UK

3 Department of Game Design, Uppsala University, Sweden

⋆ yongsheng.koay@physics.uu.se , † eliel.camargo-molina@physics.uu.se

Abstract

In physics, Lagrangians provide a systematic way to describe laws governing
physical systems. In the context of particle physics, they encode the inter-
actions and behavior of the fundamental building blocks of our universe. By
treating Lagrangians as complex, rule-based constructs similar to linguistic
expressions, we trained a transformer model — proven to be effective in nat-
ural language tasks — to predict the Lagrangian corresponding to a given
list of particles. We report on the transformer’s performance in construct-
ing Lagrangians respecting the Standard Model SU(3) × SU(2) × U(1) gauge
symmetries. The resulting model is shown to achieve high accuracies (over
90%) with Lagrangians up to six matter fields, with the capacity to generalize
beyond the training distribution, albeit within architectural constraints. We
show through an analysis of input embeddings that the model has internal-
ized concepts such as group representations and conjugation operations as it
learned to generate Lagrangians. We make the model and training datasets
available to the community. An interactive demonstration can be found at:
https://huggingface.co/spaces/JoseEliel/generate-lagrangians.
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1 Introduction33

A Lagrangian is an object that describes the dynamics of physical systems in terms of34

their kinetic and potential energies, with equations of motion obtained by applying the35

Euler–Lagrange equations to it. While born out of classical mechanics formulations, it is36

of central importance in Quantum Field Theory (QFT), which is the language of all of37

modern theoretical physics, whichever the discipline (whether particle physics or others).38

The Lagrangian encodes the detailed dynamics of a physics model, as well as the symmetries39

obeyed by the system under study. This means that a central task in physics is to understand40

how a Lagrangian is constructed and make sure that it reflects the symmetries of the system.41

Transformers originated [1] with translation tasks and Natural Language Processing42

(NLP) and are now essential for Large Language Models (LLMs) but also generative models43

more generally. Their main feature is the mechanism of self-attention. When translating44

from one natural language to another, it is necessary to pay attention to other words in45

the sentence since words are context-dependent or, in other terms, there are long-range46

correlations in a sentence. This is achieved through self-attention, which essentially means47

that the transformer ‘transforms’ a sequence of input vectors of tokens into an output48

sequence that mixes these tokens with suitable weights. By doing so the context of a whole49
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sentence can be encoded in a way that contains information about the relation between50

words.51

The sequence of tokens in LLMs represents words and punctuation in a sentence or set52

of sentences while, in this paper, we will apply a generative transformer architecture to53

QFT Lagrangians and the tokens will instead represent the parts of their expressions: the54

different factors that make up the terms of the latter (the fields) and the mathematical55

operators that combine these together (their interactions). One can draw parallels between56

linguistic structure and that of Lagrangians, where fields, their combinations (terms)57

and the invariance of the whole expression under symmetry resemble words, sentences58

and grammatical structures, respectively. Similar to how a well-constructed paragraph59

follows grammatical rules to convey meaning, a Lagrangian obeys symmetries that govern60

relationships between different fields and terms that express the dynamics of particle61

interactions. And just like how a single word of a sentence can change the overall meaning62

of the sentence, a single field can change the interactions between particles and a single63

term in the Lagrangian can change the properties that it gives to the model, starting from64

its cosmological evolution to predictions for present day experiments at, e.g., the Large65

Hadron Collider (LHC).66

Generating the Lagrangian for a given set of fields can be accomplished by humans or67

computers and, most often in practice, a combination of the two. While achieving perfect68

accuracy using a transformer model would be remarkable, it is not our primary goal here.69

Instead, we focus on how transformer models can learn aspects of symbolic mathematics,70

which is valuable per se, i.e., well beyond just generating Lagrangians. The code we use to71

generate our dataset can write Lagrangians from a list of particles automatically, which at72

first might seem like it defeats the purpose of a training a transformer model with data73

generated by it. But this is the first step of a long-term objective to build a foundation74

model capable of identifying, processing, manipulating and exploring equations, indeed,75

a basis for theoretical physics. This model could find broader applications just as NLP76

has evolved from text completion to translation, assistants and beyond. A medium-term77

goal is a transformer-powered system to explore theories Beyond the SM (BSM) of particle78

physics, the latter being the prevalent description of Nature at its most fundamental level.79

Transformers have already found significant use in High Energy Physics (HEP) for data-80

driven tasks such as jet tagging, anomaly detection, data analysis and lattice calculations,81

see, e.g., [2–25], but there has been a lack of application in more theoretical contexts like82

symbolic mathematics. This work aims to fill that gap by applying transformers to an area83

that transcends traditional data analysis, which is intrinsically numerically based, to instead84

address a form of structure learning, which is intrinsically symbolically based. In symbolic85

manipulation, Machine Learning (ML) methods have shown promise. Works on symbolic86

regression [26, 27] and Deep Learning (DL) applications to mathematical problems [28]87

provide a basis for our approach. Work has been done on applying transformers on scattering88

amplitudes [29–32] and linear algebra [28,33,34]. Other approaches for building models,89

based on Generative Adversarial Networks (GANs) or Reinforcement Learning (RL) have90

also been explored [35–41], but none exploiting transformer architectures. In this work, the91

focus is on symbols (such as fields, covariant derivatives, Dirac symbols, etc.) that implicitly92

or explicitly encode information about all the symmetries involved in their interactions, in93

turn determining which terms in the Lagrangian are allowed and which are not. Therefore,94

this is a step forward in the application of transformer models in symbolic scientific work.95

In fact, we go beyond previous works tackling less complex mathematical expressions such96

as arithmetic, linear algebra, or calculus, where symbols are either simple numerical values97

(e.g. 1, −7, 1/2, 3.4, −3e6,. . . ), symbolic variables (e.g. x,y,. . . ), or mathematical operators98

(+,−,×, /,2 ,√, log, d/dx,
∫

,. . . ) where symmetries (if any) are only manifested when the99
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expression/functions are defined. In other words, a single gauged fermion field symbol ψL100

contains more information than a single variable x and a covariant derivative symbol Dµ101

contains more information than a single differential operator d/dx. One of the more recent102

examples, which tackles scattering amplitudes [29], shows the growing interest in going103

beyond simpler symbolic expressions by incorporating certain symmetry elements (e.g.,104

Lorentz symmetry through spinors and gamma matrices). While this work is an important105

milestone and evidence that approaches like ours are a logical next step, it still does not106

encompass the full scope of symmetry-rich fields and operators we address here.107

The paper is structured as follows. In the next section, we explain the role of Lagrangians108

in particle physics. This is followed by a section where we describe the construction of our109

dataset. In Section 4, we describe the training stage of our model and its performance in110

in-distribution dataset. In Section 5, we explore the model’s capabilities to generalize in111

Out-Of-Distribution (OOD) data. In Section 6 we assess what our model has learned. We112

then share some information on how to access and operate our model and datasets in 7.113

2 Lagrangians in particle physics114

The Lagrangian formalism is the cornerstone of modern theoretical physics. It is a mathe-115

matical framework that describes the dynamics of physical systems in terms of their kinetic116

and potential energies, encapsulated in a function called the Lagrangian and denoted by L.117

The equations governing the dynamics of a system can be derived from its Lagrangian118

using the principle of least action, which states that the path taken by a system between119

two points in spacetime is the one that minimizes (or extremizes) the action S, or the120

integral of the Lagrangian over spacetime1:121

S =

∫
L d3xdt (1)

where L is the Lagrangian, t is time and d3x is the volume element in three-dimensional122

space.123

In the realm of particle physics, Lagrangians play a critical role in formulating QFTs,124

where they provide a systematic way to describe the interactions and behavior of fundamental125

particles.126

Constructing valid Lagrangians is a complex task. They are built from differential127

operators and quantum fields that respect a set of symmetries. The fields may be scalars,128

spinors, vectors, or in general tensors of different ranks, which are functions of spacetime129

coordinates. The rules governing their construction are intricate, involving considerations130

of symmetry invariance requiring the correct combination of field components. The general131

principle is that the Lagrangian contains all possible terms involving the considered fields132

that are invariant under the considered symmetries, and only those terms.133

In this section we provide a brief overview of some theoretical aspects of particle physics,134

focusing on the construction of Lagrangians. If the reader is already familiar with this135

topic, they may skip to the next section.136

1In classical mechanics, the Lagrangian L is a function of the system’s coordinates and velocities and
depends only on time. The action S is then obtained by integrating L over time: S =

∫
Ldt. In contrast,

in QFT, the Lagrangian L depends on fields that are functions of both space and time (or of spacetime).
Consequently, the action is obtained by integrating the Lagrangian density L over spacetime. The quantity
L is properly called the Lagrangian density, but in this article we will refer to it simply as the Lagrangian,
following the usual convention in particle physics.
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2.1 Symmetries137

Symmetries are fundamental in physics, providing deep insights into conservation laws and138

dictating the interactions between particles. In physics, a symmetry refers to a transforma-139

tion that can be applied to a system without changing its observable physical properties.140

These transformations are mathematically described in group theory by structures called141

groups, or symmetry groups. The different fields in the Lagrangian are transformed by142

elements of these symmetry groups, in various representations of the groups: we say that143

the fields transform under a certain representation of the group, which essentially means144

that the field is an element of an abstract vector space on which the elements of the group145

act as linear operators.146

The symmetry groups are crucial for ensuring that the physical laws derived from the147

Lagrangian are consistent with the symmetries of the system. The logic is that when a148

certain symmetry of nature is imposed, then all fields transform under some irreducible149

representation of the corresponding symmetry group. If the field is not affected by these150

transformations, we say that it transforms under the trivial representation, or that it151

transforms as a singlet, which we here denote as 1. Otherwise, it transforms under a larger,152

non-trivial representation. The point is that if nature is invariant under a certain symmetry,153

then the Lagrangian must also be invariant under that symmetry, meaning that it must154

only contain combinations of fields that are invariant under symmetry transformations.155

Mathematically, each term in the Lagrangian is a tensor product of elements of the156

representations of each field entering the term. The complete term built out of fields must157

then transform as a singlet under the group, which mathematically means that, first, the158

reducible representation built out of the tensor product of fields must contain a singlet159

representation and, second, the explicit way that the fields are combined must transform160

under that singlet representation. Concretely, this is done by writing each term in tensor161

notation, with implicit summations over indices according to the Einstein summation162

convention. If all indices are summed over, or contracted, in the correct way, then the163

resulting term is invariant under the symmetry group—this is similar to how dot products164

of vectors produce scalars that are invariant under rotations. We will make heavy use of165

such contractions below.166

A QFT might have symmetries built out of several groups, each group representing a167

different aspect of the theory. The SM of particle physics is our best description of the168

fundamental particles and forces in the universe so far. In the SM, gauge symmetries169

(the symmetries associated with fundamental forces) are described by the gauge group170

combination SU(3)C × SU(2)L × U(1)Y , which is a direct product of three unitary groups:171

• SU(3)C : the gauge group of the strong nuclear force, associated with color charge;172

• SU(2)L: the gauge group of the weak nuclear force, associated with weak charge;173

• U(1)Y : the abelian gauge group associated with hypercharge.174

Note that in the SM, the gauge group is spontaneously broken by the vacuum expectation175

value of the Higgs field down to SU(3)C ×U(1)em, where the last U(1) factor is not the same176

as the U(1)Y , but rather the electromagnetic gauge group. We do not consider spontaneous177

symmetry breaking in this paper.178

Many extensions of the SM, such as Grand Unified Theories (GUTs) and Supersymmetric179

(SUSY) models, are built on the same principles, but with different symmetries. Physicists180

are interested in extending the SM to describe phenomena like dark matter, dark energy181

and the unification of forces, which are not explained by the SM. In this paper we will182

restrict ourselves to the gauge group of the SM, although we will consider fields that are in183

other representations of the groups than the ones that appear in the SM.184
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In addition, particle theories are built to be consistent with special relativity, which185

means the system has to respect an extra symmetry group, the Poincaré group, which is an186

extension of the Lorentz group SO(1,3) that also describes symmetries under translations.187

These are spacetime symmetries.188

Other symmetries can also be present, such as global symmetries that are not associated189

with forces, but with conservation laws, or discrete symmetries such as CP symmetry or the190

R-parity of supersymmetric theories. In this paper we will not consider any such additional191

symmetries.192

2.2 Fields and invariants193

In QFTs, particles are represented by quantum fields. Each fundamental particle corre-194

sponds to a specific field. For example, the electron is described by the electron field and195

quarks by quark fields. Fields are organized based on their transformation properties, i.e.,196

representations, under the various symmetries that leave the Lagrangian invariant.197

To encode which representations a field belongs to in our mathematical expressions,198

each field is assigned labels that determine how they transform under each component199

of the gauge group and other symmetries. More specifically, each field that we consider200

transforms under a specific irreducible representation of each of the three gauge groups201

that make up the SM gauge group. As is common practice, we label the representations of202

these groups by their dimension (in boldface) for the SU(3)C and SU(2)L groups, and by203

their hypercharge Y (a rational number) for the U(1)Y group, since U(1) is just the group204

of phase factors, ϕ→ eiY θϕ.205

As explained above, each term in the Lagrangian must be arranged in such a way that206

it transforms as a singlet under the total SM gauge group, which means that it must be a207

singlet under each of the three component groups. That puts strong restrictions on which,208

and how many, fields of each type that can be combined.209

The different terms in the Lagrangian can be classified into three types of terms: Kinetic210

terms are those with two fields and two derivatives, and mass terms are those with two211

fields and a mass parameter. These two terms together are used to describe how a particle212

propagates through spacetime. Finally, interaction terms are those with three or more fields213

and are used to derive the Feynman rules that describe interactions.2 This classification of214

terms is not unambiguous, but will be useful. In particular, we will study how trilinear and215

quartic terms are generated by the transformer model. These correspond to how interaction216

vertices with three or four particles are described by the theory.217

In this paper, we will consider the following representations3.218

• SU(3)C : We will consider singlets, denoted by 1, and fields in the fundamental or219

anti-fundamental three-dimensional representations 3 and 3̄. In the SM, quarks are220

in the 3 and anti-quarks in the 3̄. All other fields are singlets under SU(3)C .221

• SU(2)L: We will consider singlets 1, doublets 2, and triplets 3. Note that SU(2) is222

special in that a representation and its complex conjugate representation are equivalent223

so we do not distinguish these. In the SM, left-handed leptons and quarks as well as224

the Higgs field are doublets, while right-handed leptons and quarks are singlets.225

• U(1)Y : we will consider a range of rational numbers, as explained below. In the SM,226

a wide array of hypercharges appear.227

2Examples of interaction terms and mass terms can be found in Appendix C
3Note that we do not explicitly include gauge fields, which are always in the adjoint representation of

the gauge group, which is (N2 − 1)-dimensional for SU(N) and N2-dimensional for U(N).
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The fields can be combined in several different ways to obtain singlets under the gauge228

group. In Appendix A we show explicit examples, but the main result is that for SU(3)C ,229

the product of a triplet and an antitriplet can yield a singlet, while two triplets can not.230

Three triplets can also form a singlet. For SU(2)L, singlets can be formed from products of231

two doublets, two triplets, two doublets and one triplet, or three triplets. There are also232

combinations of four fields that can form triplets.233

The Lagrangian furthermore must respect special relativity. Each field transforms under234

an irreducible representation of the Poincaré group, and each term must again be a singlet.235

Irreducible representations of the Poincaré group are labeled by their mass and spin, and236

the relevant quantity for obtaining singlets is the spin. In this paper we consider spin-0237

fields and spin-1/2 fields, which are singlets and doublets, respectively, under the Poincaré238

group, which means that they are scalar fields or fermion fields. Scalar fields are invariant239

by themselves, while fermion fields must be combined with other doublets to form a singlet240

combination. Thus each term must contain an even number of spin-1/2 fields, but they can241

be combined in several different ways, i.e., their indices can be contracted in different ways.242

For example, the indices on fermions associated with the Lorentz group are contracted243

using special matrices called the Dirac σ matrices. An explicit example of this is shown244

later in this section. See also e.g. [42] for a pedagogical discussion. However, there is no245

restriction on the number of scalar fields from special relativity. It is therefore “harder” to246

obtain an invariant trilinear interaction term with fermions than with scalars.247

Finally, we impose the constraint that each term must be renormalizable. We will248

not discuss this requirement here, but it can be formulated as a constraint on the mass249

dimension of each term, see e.g. [42,43] for a discussion. For our purposes this leads to a250

limitation on the number of fields in each term: We may only have terms with two to four251

scalar fields, two fermions, or two fermions and one scalar.252

In the following, we collectively refer to the labels specifying the spin, helicity, color,253

weak isospin, hypercharge, etc., which together define how each field transforms under the254

symmetries, as its “quantum numbers”.255

2.3 Building invariant Lagrangians256

In order to build the most general Lagrangian, as explained above, we must include all257

terms that are invariant under the imposed symmetries. We must therefore systematically258

explore all the ways in which the available fields can be multiplied and combined, for all259

the symmetries mentioned here.260

To describe matter, we only need to include a subset of the SM fields (restricting261

ourselves to the first generation):262

• Left-handed quark doublet: QL

(
1
2 ; 3, 2, +

1
3

)
263

• Right-handed up quark: uR
(
1
2 ; 3, 1, +

4
3

)
264

• Right-handed down quark: dR
(
1
2 ; 3, 1, −

2
3

)
265

• Left-handed lepton doublet: LL

(
1
2 ; 1, 2, −1

)
266

• Right-handed electron: eR
(
1
2 ; 1, 1, −2

)
267

• Higgs field: ϕ(0; 1, 2, +1)268

We have here used the common names for these fields in the SM, but we do not restrict269

ourselves to interpreting them as SM fields. To identify each field, we have listed their270
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properties explained above in the following order:4271

• Spin SO(1,3): 1
2 for fermions, 0 for the Higgs boson. The helicity (left or right-272

handedness) of fermions is indicated by the subscript L or R. This property is273

associated with the representation of the Lorentz group. In the following we will not274

include the spin label explicitly, but will state which fields are scalars and which are275

fermions. We will, however, include the L or R as part of the name of the field.276

• The representation of color SU(3)C277

• The representation of weak isospin SU(2)L278

• The value of the U(1)Y hypercharge Y279

The assignment of the above properties of the fields is not arbitrary. In the SM, these trans-280

formation rules are dictated by a combination of theoretical consistency and experimental281

observations that confirm the model’s predictions. The symmetries of the theory have a282

direct connection to conservation laws and have measurable impacts on the interactions283

between particles.284

An example of a gauge-invariant term in the Lagrangian is the Yukawa coupling for the285

up quark,286

LY = −yu Q̄L ϕ̃ uR + h.c. (2)

Here, ϕ̃ = iσ2ϕ
∗ is the conjugate Higgs doublet, σ2 is the second Pauli matrix, so that287

iσ2 =

(
0 1
−1 0

)
, (3)

yu is the Yukawa coupling constant for the up quark, and “h.c.” denotes the Hermitian288

conjugate.289

This term is constructed to be invariant under the gauge transformations. Let’s see how290

this works:291

• Color SU(3)C : QL transforms as 3̄, uR as 3; The bar indicates that it transforms in292

the complex conjugate representation, a different 3-dimensional set of transformation293

rules. Their product transforms as a singlet, or in group theory language: 3̄⊗ 3 ⊃ 1294

• Weak Isospin SU(2)L: QL transforms as 2̄ ∼ 2, ϕ̃ as 2; their product also transforms295

as a singlet: 2⊗ 2 ⊃ 1. The right-handed up-quark uR is already a singlet (1) under296

SU(2)L.297

• Hypercharge U(1)Y : The total hypercharge is zero:298

Ytotal =

(
−1

3

)
+ (−1) +

(
4

3

)
= 0

We can encode all this information using indices for each group and contracting them299

appropriately. If we explicitly write them for Eq. 2 in two-component Weyl spinor notation,300

LY = −yuQ† i
L cα̇ ϕ̃i u

cα̇
R + h.c. (4)

Here, the indices represent the components of each field corresponding to different symmetry301

groups:302

4Note that for an antiparticle, the gauge symmetry representations are changed: for SU(3) we get the
complex conjugate representation. For SU(2), the representations are (pseduo)real, so it does not change.
For U(1), we have Y → −Y .
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• c represent SU(3)C color indices;303

• i represent SU(2)L weak isospin indices;304

• α̇ represent spinor indices in the dotted/undotted index convention (see [44] for the305

convention we use).306

Repeated indices are contracted (i.e., summed over, aibi =
∑

i a
ibi), ensuring that the term307

is invariant under the symmetry transformations. Usually, these indices are not written308

explicitly but are implied.309

2.4 Forces310

Each fundamental force, and thus each associated symmetry group, comes with its own311

mediator particles, as follows:5312

• The strong force is mediated by gluons, described by eight gluon fields Ga
µ.313

• The weak force is mediated by the W± and Z bosons, described by the fields W±
µ314

and Zµ.315

• The electromagnetic force is mediated by the photon, described by the photon316

field Aµ.317

To construct a Lagrangian that includes these force-carrying particles and remains invari-318

ant under gauge transformations, we use the concept of the covariant derivative Dµ, a319

modification of the usual derivative ∂µ that accounts for the interactions introduced by320

the gauge fields. It allows us to differentiate fields in a way that respects the symmetry321

transformations of the theory. Essentially, it combines the ordinary derivative with the322

gauge fields, ensuring that the derivative of a field transforms in the same way as the field323

itself under gauge transformations.324

In general, the covariant derivative is a complicated object. However, for illustrative325

purposes, consider the simplest case involving an Abelian symmetry (a U(1) symmetry326

where the order of transformations does not matter). In this scenario, for a particle field ψ327

interacting with gauge fields, the covariant derivative is defined as:328

Dµψ = ∂µψ − igAµψ (5)

Here, g is the coupling constant and Aµ represents the gauge fields associated with the329

Abelian symmetry group. The exact form of Dµ depends on the field’s transformation330

properties and the gauge group involved. The corresponding formula for interactions331

governed by non-Abelian symmetries, i.e., the strong and weak forces in the SM, is a more332

involved generalization of the above equation, however, for our purposes this needs not be333

introduced explicitly.334

2.5 Kinetic terms335

An essential component of the Lagrangian in a QFT is the kinetic term, which describes336

how particles propagate through spacetime. For fermions like electrons and quarks, the337

kinetic term involves derivatives of the fields, capturing how these fields change from one338

point to another.339

5Note that, in theories beyond the SM there might be additional gauge symmetries and, thus, additional
force-carrying particles.
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Using the covariant derivative, the kinetic term for a (Weyl) fermion field ψ is written340

as341

Lfermion
kin = i ψ† σµDµψ (6)

where σµ are the two-component Dirac matrices, and ψ† is the hermitian conjugate of the342

field. Similarly for a scalar field ϕ, the kinetic term is343

Lscalar
kin = Dµϕ†Dµϕ. (7)

Thus, by using Dµ instead of ∂µ, we ensure that the kinetic term remains invariant under344

gauge transformations. This construction automatically includes the interactions with345

gauge bosons.346

The kinetic term for gauge bosons can be constructed using the covariant derivative just347

like we did for matter fields. When we examine the commutator of two covariant derivatives348

acting on a field ψ:349

[Dµ, Dν ]ψ = DµDνψ −DνDµψ (8)

We find that this commutator involves terms that depend on the gauge fields themselves.350

This is because the covariant derivative includes the gauge fields in its definition. The351

commutator [Dµ, Dν ] encapsulates how the gauge fields vary in spacetime and, importantly,352

how they interact with each other. The kinetic term for the gauge bosons can be encoded353

using the covariant derivative:354

Lgauge = −1

2
Tr ([Dµ, Dν ][D

µ, Dν ]) (9)

This expression includes all the necessary terms for the gauge bosons to propagate and355

interact, while ensuring the Lagrangian remains invariant under gauge transformations.356

The trace is necessary because for non-abelian groups the covariant derivative is a matrix.357

Nonetheless, the important fact is that by using the covariant derivative, we can write the358

kinetic terms for both matter fields and gauge bosons in a way that respects the symmetries359

of the theory.360

To summarize this long section in a brief slogan, symmetries are described by groups,361

and quantum numbers are labels that describe how fields transform under symmetry trans-362

formations. Individual fields do transform, but they are combined in the Lagrangian in363

ways that ensure the overall expression—the Lagrangian—does not change. This principle364

of building invariant terms is crucial for constructing consistent and physically meaningful365

theories and is encoded in the Lagrangian.366

3 Training the model367

We trained a model based on a Bidirectional and Auto-Regressive Transformer (BART)368

architecture [45], with approximately 357 million parameters, to generate Lagrangians when369

given a list of particle fields and their symmetries. We show the pipelines for data-generation370

and model inference in Figure 1. More technical details on the architecture and training371

process can be found in Appendix B. Below we describe the process for generating the372

datasets used to train the model in more detail.373

3.1 The dataset generation pipeline374

To generate training data, we built a pipeline that automates the process of generating375

Lagrangians from fields and symmetries, using a combination of AutoEFT [44] and our own376
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code. AutoEFT is a sophisticated tool that applies mathematical methods to find allowed377

interactions in effective field theories (EFTs). In this context EFTs refers to the formalism378

used to describe the effect of physics at energy scales significantly above the energy scale379

of the particles being studied at experiments. This works by adding extra terms to the380

Lagrangian. Conveniently, AutoEFT can also find the allowed Lagrangian terms for the381

interactions between a list of fields and their symmetries, even if no physics at a higher382

energy scale is present, which is what we use it for here. However, some of the terms (such383

as Kinetic and mass terms) are not calculated by AutoEFT, so we have added our own384

code to generate them.385

Data Generation

Fields (quantum numbers)

AutoEFT

Lagrangian

Kinetic Terms
+ Mass Terms

Interaction
terms

Model Task

Input tokens

Output tokens

Transformer

Figure 1: Data generation and model task. The left side shows the data generation
pipeline, where fields and their quantum numbers are used to write a Lagrangian.
The right side shows the model task, where the model takes input tokens and
generates output tokens.

3.2 Sampling the space of Lagrangians386

With our pipeline in place, we can generate any Lagrangian for a given set of fields and387

symmetries. However, the space of possible Lagrangians is vast, and we need to choose a388

representative subset to train our model.389

While in principle we could allow for several gauge symmetries, we chose to focus on390

the SU(3)× SU(2)× U(1) gauge group and its subgroups for simplicity and its relevance391

to the SM. This choice is easily extendable to more complex gauge groups, but provides392

a foundation for this initial work. It is important to note that the fields themselves do393

not need to be restricted to the SM fields. As we allow for fields that are singlets (do not394

transform) under one or more of the gauge groups, this also means that, e.g., a Lagrangian395

of a theory with only an SU(2) symmetry can be generated as well. In a different view, one396

could also treat any of the groups as non-SM gauge groups, e.g., SU(3)R instead of SU(3)C397

,SU(2)D instead of SU(2)L, U(1)Lµ−Lτ instead of U(1)Y .398

We also restrict ourselves to only consider scalars and fermions as matter fields while399

vectors fields are restricted to gauge bosons. Gauge bosons are automatically considered400

whenever the corresponding gauge groups are required. Unless otherwise stated, we will use401

fields to only mean matter fields (which can only be scalars or fermions) for the remainder402

of this paper.403

That leaves the question of how to choose the fields themselves. In other words, what404

Lagrangians should we include in a “good ” dataset. The simplest approach would be to405
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generate N random Lagrangians, as uniformly distributed as possible in the number and406

properties of the fields. We made such a dataset, which we refer to as “uniform dataset” for407

cross-validation purposes.408

However, if we take inspiration from findings in training transformer models for natural409

language tasks, or even in symbolic expressions [33, 46, 47], there are significant gains when410

optimizing the dataset for learning. In our case, that means e.g. that we might want to411

oversample extreme or rare cases, as they might be interesting when it comes to the physics412

and they are also more likely to be challenging for the model. At the same time, what413

might be challenging for humans or for the actual implementation of the training, does414

not always align with what is challenging for the model. Take for example the fact that415

while longer Lagrangians, e.g. with more fields, might at first seem likely to be harder416

to learn, train set priming [47] suggests that the opposite might be true. By training the417

model on many shorter examples, it might only need a smaller sample of longer ones to418

match the performance of a model that was trained on a more uniform dataset. To test419

this hypothesis, we generated an optimized dataset (referred to as “sampled dataset”) of ca.420

280K Lagrangians with the following properties6:421

Field count distribution: The number of fields in each Lagrangian was determined422

using a probability distribution that favors fewer fields. Specifically, there was a 25% chance423

each for Lagrangians to have one, two, or three fields, an 11% chance for four fields, and a424

7% chance each for five or six fields. This approach resulted in a dataset rich in simpler425

examples, which are crucial for establishing foundational understanding in the model. It426

is worth noting that there are only 2997 one-field scenarios within the allowed quantum427

numbers. Oversampling one-field scenarios allows the model to learn them properly despite428

its small percentage to the full possible Lagrangian space. 7.429

Spin composition and field types: Fields in the Lagrangians were randomly assigned430

spins of either 0 (scalars) or 1
2 (fermions), with equal probability. Fermions are further431

assigned with helicities of either −1/2 (left) or 1/2 (right) with equal probability. We432

observed that approximately 26% of the Lagrangians have a purely bosonic matter field433

content (containing only scalars), while about 21% are purely fermionic. The remaining434

Lagrangians contain both scalars and fermions in varying proportions.435

Gauge group representation: In our dataset, for SU(3), fields could be in the triplet436

(3), antitriplet (3̄), or singlet (1) representations. For SU(2), fields could be in the singlet437

(1), doublet (2), or triplet (3) representations. The U(1)Y hypercharges were assigned as438

random fractions with numerators ranging from −9 to 9 and denominators from 1 to 9,439

which were then cast as simplified fractions (e.g. a draw of 3/9 would be represented as 1
3).440

8
441

Enrichment of trilinear interactions: Trilinear interactions are those that have442

three fields interacting with each other. Such an interaction corresponds to a term in the443

Lagrangian that involves the product of three fields. That means that the three fields have444

to be in a representation that allows for such a term to be invariant. In a uniformly sampled445

dataset, these interactions would be rare. However, we know that trilinear interactions are446

crucial in particle physics—that is, e.g., how the Higgs boson interacts with fermions—so447

we enriched our dataset with Lagrangians that contain trilinear interactions. This includes448

both scalar trilinear interactions (three scalars) and Yukawa interactions (a scalar with449

6The data distribution described here is prior to applying a sequence length filter to account for the
model’s context length.

7This is similar to how using log-uniform distribution allows transformer to perform better at the greatest
common divisor task [33]

8In the uniform dataset, fields have only positive U(1) hypercharges. This does not impact the generality
of Lagrangians from a physics perspective, it is just a convention amounting to deciding what to call a field
or its complex conjugate.
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two fermions). During dataset generation, after the fields were assigned quantum numbers,450

we adjusted the sampling strategy to preferentially include Lagrangians with trilinear451

interactions so that approximately 50% of the Lagrangians with more than two fields452

contained trilinear interactions. Figure 2 shows the training data distributions within the
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Figure 2: Training Data Distribution of both sampled (left) and uniform (right)
datasets.

453

context length (2048 tokens) of our model. 9
454

Sometimes, two or more invariant Lagrangian terms might describe the same physics,455

which means that in principle one can only include one of them. As we are exploring the456

transformer’s capability to build invariant terms, we focused on all possible terms including457

such redundant terms. Going towards non-redundant scenarios would add another layer458

complexity for the model to overcome, which we leave for future work. Two transformer459

models were trained based on the datasets: the sampled model (trained on the sampled460

dataset) and the uniform model (trained on the uniform dataset).461

3.3 Encoding fields and Lagrangians462

Table 1: Full vocabulary. Use cases are shown in Table 2 to Table 11.

Token types Tokens

Math i, +, -, /, COMMUTATOR_A, COMMUTATOR_B
Numbers 0, 1, 2, 3, 4, 5, 6, 7, 8, 9

ID ID0, ID1, ID2, ID3, ID4, ID5, ID6, ID7, ID8, ID9
Field FIELD, SPIN, HEL, DAGGER

Lorentz DERIVATIVE, SIGMA_BAR
Symmetry SU3, SU2, U1, LORENTZ, CONTRACTIONS

Misc. SOS, EOS

To enable effective learning of symbols and equations by the transformer model, a crucial463

preprocessing step is the tokenization of fields and Lagrangians. As we see in Section 2,464

Lagrangians are made up of mathematical objects with a wide range of symbols to represent465

them – quantum fields (ϕ, ψ,Aµ, QL, ...), operators (σ̄µ, Dµ, †,+,−, /, ...) and constants466

9Following the tokenization method in Section 3.3, all Lagrangians are required to have less than 2048
tokens (see Appendix B). This decreases the number of Lagrangians with long sequences as seen in Figure 2.
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Table 2: Example of object-tokenization.

Object Tokens

ϕ(3̄,2,−1/3) FIELD, SPIN, 0, SU3, -, 3, SU2, 2, U1, -, 1, /, 3, ID3
ψL(1̄,3, 0) FIELD, SPIN, 1, /, 2, SU2, 3, HEL, 1, /, 2, ID9
ϕ†(1,1, 7/5) FIELD, SPIN, 0, U1, 7, /, 5, DAGGER, ID7

D
(SU(2),U(1))
µ DERIVATIVE, SU2, U1, ID4

D
(SU(3),SU(2),U(1))
µ DERIVATIVE, SU3, SU2, U1, ID1

∂µ DERIVATIVE, ID5
σµ SIGMA_BAR, ID2
gµν LORENTZ, ID6, ID4
ϵab SU2, ID0, ID7

(m, i, λ, ...). 10 Objects in different symmetry representations will have corresponding467

indices, and an invariant term will have all the indices contracted (summed over) and468

whether they are explicitly written in the Lagrangians depends on the context in which the469

expression is being used. For instance, one could in principle write Lagrangians without any470

group representation indices and thus leave for the reader the task of figuring out how they471

should be contracted. This would not be very useful for understanding whether a model472

has learned to build invariant terms. On the other hand, too much information explicitly473

written would lead to intractably large expressions. In other words, care has to be taken to474

choose the right amount of verbosity in how the objects are represented.475

Hence, we introduce a tokenization scheme that ensures that all relevant information is476

preserved and accessible to the transformer model with generalizability and interpretability477

in mind. Table 1 provides the full vocabulary of our tokenization method 11 and Table 2478

provides example scenarios of object-tokenization. Full tokenization of various terms are479

provided in appendix C. In this paper, tokens are presented as strings in teletype font480

separated by commas.481

Our tokenization scheme works as follows:482

Fields: As discussed in Section 2.2, a field is defined by its quantum numbers, akin483

to how words are built from their alphabets. A dagger (†) represents the mathematical484

operation of Hermitian conjugation. The relevant information that uniquely identifies each485

field is included as separate tokens following the FIELD token.12 A field is tokenized with486

the following order:487

1. Field token : [FIELD]488

2. Spin tokens : [SPIN,0] or [SPIN,1,/,2]489

3. Symmetry tokens (if required): [SU3,3],[SU2,3],[U1,2],[U1,-,4,/,7], ...490

10As certain mathematical objects can be made up of one or more symbols, we will use the words objects
and symbols interchangeably in this work.

11Byte Pair Encoding (BPE) [48], is not used to allow better interpretability and generalizability. BPE
does not work well with Out-Of-Vocabulary (OOV) words in translation tasks. [49]. Vocabulary of subwords
learned during training may not be optimal when domain-specific terms or rare words arises. In our case,
this could lead to failure modes for the model when dealing with OOV fields. BPE is also a frequency-based
method rather than context based. This will allow cases such as“3 SU2” to be a possible subword token
that provides no context, hindering us from interpreting what happens in our transformer model, which is
done via embedding analysis in Section 6.

12An alternative would be to pre-assign symbols to all possible quantum fields within our dataset, but
this would limit the flexibility of the tokenization method and its potential for generalization.
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4. Helicity tokens (if required): [HEL,1,/,2] or [HEL,-,1,/,2]491

5. Dagger token (if required) : [DAGGER]492

6. ID token : [ID4],[ID2],[ID0], ...493

Examples are shown in the first three rows of Table 2. ID tokens are randomly assigned to a494

field for every term in the Lagrangian, serving as indices for the purpose of keeping track of495

contractions, since the specific names of contracted indices are not relevant. ID and dagger496

tokens are not used in input fields. We represent fermion fields following the two-component497

spinor formalism. As we will see next, gauge bosons are not explicitly represented as spin-1498

vector fields, but rather implicitly encoded within the covariant derivatives.499

Derivatives: By writing all gauge interactions through covariant derivatives, we keep500

the Lagrangians more compact after tokenization while still preserving the full physics501

content. In particular, the covariant derivatives implicitly contain the gauge fields, allowing502

us to recover the explicit gauge interactions simply by expanding them out. Although503

at first glance this may seem too compact, the important details remain encoded in the504

Lagrangian. Explicitly listing every gauge field interaction would lengthen the Lagrangians505

considerably and is not strictly necessary for our main goal, which is to see whether the506

model can learn to build invariant terms with scalars and fermions, as well as recognize507

where gauge fields should be included. This approach represents a trade-off that reduces508

token count without sacrificing essential physics. As such, derivatives are tokenized with509

the following order:510

1. Derivative token : [DERIVATIVE]511

2. Symmetries tokens (if required): [SU3],[SU2],[U1],[SU2, U1],[SU3, SU2, U1],...512

3. ID token : [ID7],[ID2],[ID1], ...513

Examples are shown in the forth and fifth rows of Table 2.514

Commutators: Following the convention of writing the gauge interactions with515

covariant derivatives, we represent the kinetic terms for gauge bosons as shown in equation516

9. This choice requires us to encode commutators. We do so in the following way:517

[X,Y ] = COMMUTATOR_A, X, COMMUTATOR_B, Y (10)

where “COMMUTATOR_A” and “COMMUTATOR_B” are positional tokens that indicate positions518

within the commutators while X and Y can be any arbitrary tokens. Traces (“Tr”) are left519

implicit based on the covariant derivatives in the commutator. An example use case is520

shown in Table 9 of Appendix C.521

Constants and Parameters: Given that our focus is on the symmetry conservation of522

Lagrangians, we do not encode any constants or parameters 13. Symbolically, couplings and523

masses are constants that are present in every interaction term and mass term, respectively,524

but provide no extra information regarding symmetry. Their numerical values are also525

typically continuous and inferred experimentally.526

Contractions: In this tokenization scheme, each Lagrangian term consists of two527

parts: the tokenized objects themselves and the accompanying contraction information,528

which appears after the “CONTRACTION” token. The contraction information specifies how529

the symbols in each term are contracted—something that a human physicist interprets530

intuitively but that a transformer model cannot infer from the fully contracted Lagrangian531

alone. Conceptually, it serves the same purpose as specifying the Minkowski metric for532

Lorentz indices or the Levi-Civita symbol for other indices. When necessary, this contraction533

information is provided in the following format:534

13Except for the imaginary unit, “i” which has its importance in the kinetic term of fermions
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1. Contraction token :[CONTRACTION]535

2. Symmetries tokens indicating indices type:[LORENTZ] or [SU3] or [SU2]536

3. ID token of contracted indices :[ID7, ID2],[ID1, ID1, ID4], ...537

4. Repeat 2. and 3. until all contractions are done538

Examples of contraction types are shown in the last two rows of Table 2. Full terms with539

contraction information can be found in Appendix C.540

In our dataset, we do not include scenarios with repeating fields, nor repeating symmetry541

groups. However, our tokenization method allows to extend to these scenarios by simply542

introducing extra tokens to name different generations (flavors) and groups accordingly.543

Generalization towards more complicated groups can also be done via the use of Dynkin544

labels for the representations instead of naming them by their dimension.545

4 Performance on test datasets546

In this section, we evaluate the performance of the models on the task of predicting547

Lagrangians. To evaluate our models’ performance and to compare them, we generated548

three datasets. First, two new datasets of around 32,000 Lagrangians each, one for each549

sampling strategy explained in Section 3.2. We removed any Lagrangian appearing in550

the original training datasets, leaving only Lagrangians that the models never saw during551

training (or evaluation during training). The third test dataset was made by merging both552

datasets leaving us with around 64,000 Lagrangians.553

For training the model, it was enough, as we will see, to use cross-entropy loss as554

an estimation of how close the model’s prediction is to the actual Lagrangian. But to555

evaluate the actual performance of the model, we need to account for the fact that the556

order of terms in the Lagrangian does not matter, and that the order of appearance of557

fields and symbols does not matter 14 either as long as the correct contractions are made,558

e.g. ϵabcϕaϕbϕc = ϵabcϕbϕcϕa.559

That means that to assess the performance of the models, we will need to introduce560

several error metrics. Given a Lagrangian with NExpected terms and NPredicted terms pre-561

dicted by the transformer model, we define the following:562

563

Object Score, SObject =
NCorrect Objects

NExpected
(11)

where NCorrect Objects is the number of predicted terms that correctly match the expected564

terms in objects (fields, derivatives, etc.) without caring for contractions.565

Contraction Score, SContraction =
NCorrect Contractions

NExpected
(12)

where NCorrect Contractions is the number of predicted terms that correctly match the expected566

terms in both the objects (fields, derivatives, etc.) and contractions.567

Length Penalty, PLength =
NExtra

NExpected
(13)

14When dealing with fermionic fields, this statement is true up to a potential minus sign. Given that
we do not care about numerical values of couplings of constants, for the purpose of this paper this is not
important.
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whereNExtra is the total number of extra terms in the predicted Lagrangian (ie. NPredicted−NExpected568

when NPredicted > NExpected ).569

Lagrangian Score, SLagrangian = SContraction − PLength (14)

570

The Lagrangian score quantifies how accurately the predicted Lagrangian matches the571

expected Lagrangian, considering both the correctness of individual terms and the total572

number of terms. A perfectly predicted Lagrangian would have a Lagrangian score of 1573

with a contraction score of 1 and a length penalty of 0. The length penalty penalizes any574

extra terms in the predicted Lagrangian while the contraction score penalizes both missing575

and wrong terms. It is also worth noting that SContraction can only be less than or equal to576

SObject, since the objects need to be correct for the contraction to be considered.577

Table 3: Overall accuracy on the test dataset with respect to different metrics.

Metric SLagrangian = 1 SContraction = 1 SObject = 1 PLength = 0

Models Sampled Uniform Sampled Uniform Sampled Uniform Sampled Uniform

Sampled dataset 93.4% 89.9% 95.8 % 90.2% 95.9% 90.5% 97.4% 99.6%
Uniform dataset 90.5% 96.6% 96.9 % 96.9% 97.0% 97.0% 93.4% 99.7%
Merged dataset 92.0% 93.2% 96.3 % 93.5% 96.4% 93.7% 95.5% 99.7%

Table 3 shows the accuracies of both models across different metrics and datasets.578

Overall, both models performed well on the merged dataset, with 92% of predictions579

having a perfect Lagrangian score for the sampled model and 93.2% for the uniform model.580

Each model works relatively well on their own dataset while the uniform model excels in581

minimizing length penalization. The sampled model achieves similar object and contraction582

scores for the uniform dataset but the same cannot be said for the uniform model on the583

sampled dataset.584

The merged dataset provides the overall trend of models: The sampled model performs585

well in object and contraction scores (with less than 5% errors), while the uniform model586

performs slightly better in length (with less than 1% having extra terms). This is likely due587

to the higher fraction of trilinear interactions in the sampled training data, i.e. the sampled588

model saw more complex terms but also longer Lagrangians on average. Conversely, the589

uniform model better avoids adding spurious terms, reflecting the more balanced coverage590

of sequence lengths in its training data.591

These effects are small, indicating that both approaches robustly train the model to592

predict valid Lagrangians across a wide range of symmetry and field configurations. Figure 3593

shows the distribution of the Lagrangian scores on the test dataset for both models. The594

negative scores are due to the penalty for extra terms in the predicted Lagrangian.595

To provide more insight, we look at the cumulative distribution of the fraction of596

incorrect terms in the predicted Lagrangians (1 − SCorrect = NWrong/NExpected) on the597

merged test dataset. Figure 4 and Figure 5 show the cumulative distributions separated by598

the number of fields and presence of trilinear interactions in the Lagrangians, respectively.599

Here, we can see that the sampled models consistently perform better than or comparable600

to the uniform model across different n-field scenarios. However, while both models perform601

exceptional well (>97%) for Lagrangians without trilinear interactions, the sampled model602

works considerably well for the Lagrangians with trilinear interactions compared to the603

uniform model.604

In almost every case (except for the 6-field scenario by the sampled model), close to 99%605

of the predicted Lagrangians have less than 20% errors. Despite only 7% of training data606
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Figure 3: Distribution of the Lagrangian scores (Eq. 14) for the sampled model
(left) and the uniform model (right).

being 6-field examples, the sampled model still handles these more complex cases remarkably607

well and comparable to the uniform model (trained with 16% of training data containing608

six-field examples). This outcome is encouraging, as it demonstrates that focusing on shorter609

sequences during training can yield a model capable of effectively handling longer inputs610

without significantly compromising performance. Further improvement on the dataset611

would then require to balance the amount of long sequences and the amount of Lagrangians612

with trilinear terms, such that both a minimal priming rate is obtained and the model does613

not overestimate the number of terms.614

It is also worth noting that, even on expected Lagrangians from the training dataset,615

the model generates Lagrangians with ID tokens that differ from the expected Lagrangians.616

This strongly suggests that the model has learned the concept of dummy indices (617

ϵabϕaϕb = ϵcdϕcϕd). Example cases such as SM and Beyond the Standard Model (BSM)
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Figure 4: Cumulative distribution of the fraction of wrong terms in predicted
Lagrangian with different number of fields. On the left (solid lines) is the sampled
model, and on the right (dashed lines) is the uniform model.

618

scenarios are also examined in more details in Appendix D.619
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sampled model, and on the right (dashed lines) is the uniform model.

5 OOD generalization620

Thus far, our evaluation has focused on In-Distribution (InD) scenarios (scenarios with prop-621

erties and qualities present in our datasets), where the obvious path towards improvements622

is to extend the training datasets and train a new model.623

However, recall that our broader goal is to develop models capable of scaling into624

foundation models, and that requires models that are also able to conceptually generalize625

beyond the specific examples or the specific qualities of the examples seen during training.626

Hence, it is equally important to analyze performance in the context of OOD generaliza-627

tion — how well a model deals with data that come from a distribution different (and with628

different qualities) from the training data. Examining OOD scenarios reveals why models629

fail under unfamiliar conditions and may inform the necessary next steps for improving630

a given architecture. Successful OOD generalization also serves as evidence of where the631

models rely on learned complex patterns rather than memorization, which is what enables632

the extrapolation to unseen cases.633

We investigate two OOD scenarios, the capability of the model to generalize towards634

higher numbers of input fields, and unseen U(1) hypercharge. We will leave the details of635

the U(1) hypercharge case to Appendix E and focus for now on the higher number of input636

fields.637

Our evaluation process involves assessing whether the generated Lagrangians are rea-638

sonable and U(1) conserving, testing the limits of OOD generalization and analyzing the639

nature of the failure modes. In our case, we consider a Lagrangian to be reasonable if:640

• Symbols contain the right amount of information. E.g. a σ̄µ symbol should641

not have an SU3 token.642

• Fields contain reasonable quantum numbers. SU(2) representation cannot be643

fractions. U(1) charges are either single digit integers or fractions with single digit644

integers as numerator and denominator, etc.645

• Contracted indices must come from the objects in the term. The contraction646

information part of the term should not contain ID tokens that do not exist in the647

term.648
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• Mass dimension of each term must be integers. E.g. a term cannot contain649

only one fermion and one scalar.650

• Within Context Length. The Lagrangian should be complete, so not reaching651

context length before “[EOS]”652

• Commutators should be paired. Each “[” is closed by a “]”.653

• No hallucination cases. E.g. terms with a long chain of tokens in a nonsensical654

order.655

5.1 Higher number of input fields656

To evaluate the model’s performance on higher number of input fields, we consider scenarios657

with up to 10 fields (going beyond the 6-field limit in the training dataset). To study this,658

1K Lagrangians were generated using the sampled distribution for each n-field scenario,659

with the condition that none were present in the training data.

Table 4: Percentage of Reasonable Lagrangians and Lagrangians that conserved
U(1)

Data type NInput Fields
Percentage of predicted Lagrangian (%)
Reasonable U(1) conservation

In-Distribution

2 100.0

99.9

100.0

95.8
3 99.98 98.7
4 99.94 95.3
5 99.8 93.7
6 99.7 91.4

Out-Of-Distribution

7 99.6

99.5

89.5

87.5
8 99.3 86.6
9 99.3 87.2
10 99.5 86.8

660

Table 4 shows the percentage of reasonable Lagrangians and U(1) conserving Lagrangians661

for each scenario. We can see that in every case, more than 99% of the predicted Lagrangians662

are reasonable. This is true even when we go towards OOD number of fields. This is a663

clear indication that it is able to extrapolate to OOD scenarios reasonably and not just664

produce gibberish. However, while still maintaining above 87% performance, there is a665

steady decrease in predicted Lagrangians that conserve U(1) symmetry as it goes towards666

more OOD scenarios.667

Figure 6 shows the performance of the sampled model across different n-field scenarios.668

There is a steady decrease in the performance as the number of input fields grows, with669

relatively high performance still on 7-field scenarios (over 50% having at least Lagrangian670

score of 0.95). The spread of the score also increases with the number of fields, indicating671

that the performance is highly Lagrangian-dependent. To investigate failure modes, we672

look at the mean values of different metrics. While the length penalties are very low on673

average, we can see a similar decrease in the contraction score as in the Lagrangian score.674

If we look at the ratio of correct terms over predicted terms, we see that on average, at675

least 70% of predicted terms are correct even in the 10-field scenario. This hints that the676

model is mainly missing terms rather than consistently predicting the wrong terms.677

20



SciPost Physics Submission

2 3 4 5 6 7 8 9 10
NInput Fields

0.2

0.4

0.6

0.8

1.0
La

gr
an

gi
an

 S
co

re

OODInD
2 3 4 5 6 7 8 9 10

NInput Fields

0.0

0.2

0.4

0.6

0.8

1.0

M
ea

n 
Va

lu
es

 

OODInD

NCorrect/NPredicted
NCorrect/NTrue
NExtra/NTrue

0

200

400

600

800

Nu
m

be
r o

f L
ag

ra
ng

ia
ns

Figure 6: Lagrangian scores distribution (left) and mean values of different
metrics (right) across different n-field scenarios. Dotted lines indicate the sep-
aration between InD dataset and OOD dataset. In the right plot, the metrics
shown include the correct score(NCorrect/NTrue), length penalty(NExtra/NTrue) and
NCorrect/NPredicted. Results are based on sampled model.
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Figure 7: Failure modes of sampled model in OOD n-field scenarios. Left:
Fractions of number of predicted terms over number of expected terms. Middle:
The number of unique fields found in the predicted Lagrangians. Right: The
number of expected fields used in predicted Lagrangians

Figure 7 illustrates the fractions of predicted terms, the number of unique fields, and the678

number of expected fields in predicted Lagrangians as functions of input fields, highlighting679

the model’s failure modes. The first plot shows that the model misses more terms as the680

number of input fields increases. This can be attributed to the model’s inability to count681

and keep track of input fields in OOD n-field scenarios. The BART architecture is built out682

of a non-causal encoder (encodes the information in the input fields) and a causal decoder683

(generates the Lagrangian). Non-causal Transformers, like BART’s bidirectional encoder,684

are known to struggle with contextual counting tasks15 [50]. The second plot reveals that685

while the model recognizes the need for more fields in OOD scenarios, it fails to handle more686

than 7-8 fields, struggling to count the “FIELD” tokens in the input. The third plot further687

indicates that the model fails to use expected fields in the prediction. The model tends to688

mix quantum numbers of different fields due to its inability to isolate regions of interest689

separated by “FIELD” tokens. These issues worsen with more input fields, emphasizing the690

role of contextual counting in such tasks. Despite these challenges, it is worth noting that691

BART’s causal decoder (which better keeps track of counting e.g. how many FIELD tokens692

appear in each Lagrangian term) ensures that reasonable Lagrangians can still be written693

15That is, identifying a specific region of interest within a sequence and perform accurate counting.

21



SciPost Physics Submission

in OOD scenarios with almost 100% of OOD scenarios have all terms with reasonable mass694

dimension.695

6 Embedding analysis696

In this section, we shift from evaluating the model’s performance to interpreting (as much697

as possible) what exactly it has learned. Specifically, we want to check whether the model698

has captured the concept of symmetry through its embeddings of the input sequences or not.699

To extract the learned representations, the desired inputs are encoded through the model700

and the embedding vectors (the output of the encoder’s final layer when encoding the SOS701

token during the generation of the first token) are obtained. Again, only the sampled-model702

is used here.703

6.1 Symmetry clusters704

We begin by examining how individual fields are represented in the embedding space. To705

analyze these embeddings, we apply t-SNE (t-distributed Stochastic Neighbor Embedding)706

to reduce the dimensionality of the embedded vectors from 1024 to 3 dimensions. The707

resulting visualization is shown in Figure 8, illustrating how the fields are represented based708

on different group representations.709

In terms of Lorentz representation, we observe distinct clusters that separates scalars710

and fermions. Notably, fermions form a single cluster but are separated into left-handed and711

right-handed components within that cluster. In the context of SU(3) and SU(2) groups,712

singlet fields tend to occupy a central region within the t-SNE space, while gauged fields713

are distributed towards the sides. For U(1) symmetry, integer representations gravitate714

towards the center of the clusters, while fractional representations appear on the shell. This715

differentiation highlights the structure and relationships between various field types and716

their symmetries being learned by the transformer. It is worth noting that while the model717

is tasked only to generate Lagrangians, it constructed different symmetry clusters in its718

embedding space.719

6.2 Conjugation axis720

Given that the model has learned some aspects of symmetry, we now investigate whether it721

has captured the more abstract concept of conjugation. In quantum field theory, “conjuga-722

tion” generally refers to transforming a field into another with exactly opposite quantum723

numbers (its “conjugate”). While both the field and its conjugate appear in the Lagrangian,724

only one is explicitly listed among the inputs, and it is largely a matter of convention which725

one is labeled as “field” versus “conjugate”.726

Conjugation operations on quantum fields can be thought in the same way as certain727

semantic relationships in language models. For example, in natural language processing728

(NLP), relationships like gender or tense between words correspond to consistent vector729

offsets (or directions) in the embedding space (see Appendix F for details). Similarly, we730

assess whether consistent vector differences (offsets) exist between the embeddings of fields731

and their conjugates, which would indicate that the model represents conjugation as a732

consistent transformation in the embedding space. An illustration of this concept is shown733

in Figure 9.734

Our analysis reveals a distinct axis of preference for fermion conjugation within the735

embedding space. We evaluated this by computing the absolute cosine similarity, |s|,736

between vectors v⃗Ci which are the difference between fields and their conjugation, i.e.737
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v⃗Ci = v⃗Fi − v⃗FC
i

.16 As shown in Figure 10 (Right), the distribution for fermion pairs peaks738

significantly near |s| = 1, indicating that the model assigned a specific axis in embedding739

space to the concept of conjugation.740

To place this finding in context, we established two baseline comparisons as shown in741

Figure 10 (Left). The first, termed “Random Fields”, involves calculating |s| between vector742

differences of randomly paired field embeddings fields (v⃗Ri = v⃗Fa − v⃗Fb
). The resulting743

distribution shows a broad plateau, as expected given that the vectors represent embeddings744

of fields rather than random embeddings. The second baseline, “Random Tokens”, uses745

differences between embeddings of randomly generated token sequences (v⃗Gi = v⃗a − v⃗b).746

17 The |s| distribution for these pairs peaks sharply at 0, reflecting the expected lack of747

inherent directional structure in random sequences.748

Compared to these baselines, the overall distribution for conjugation vectors peaks749

near |s| = 0 and |s| ≈ 0.8. When further separated by spin (see Figure 10, right), it750

becomes evident that this axis is most strongly associated with fermions. Scalar fields, by751

contrast, do not exhibit as strong axis of preference. This difference arises partly because752

the relation between conjugation axes of different symmetry groups and the additional753

helicity conjugation that fermions have. For a more detailed discussion, please refer to754

Appendix F.2.755

All this suggests the model successfully learned the concept of conjugation, particularly756

identifying a specific axis for fermions. It is worth noting that there are significant portions757

of the distributions’ density away from 1 (i.e. exact relationship). Since every field758

can participate in different relationships other than conjugation (such as specific gauge759

transformations, U(1) charge differences), it is expected that the cosine similarity values760

are not exactly 1 for all pairs. In fact, it is beneficial for the model to represent multiple761

relationships, allowing it to capture a richer structure in the embedding space. This762

is consistent with the results in language models, where the vector offsets for different763

relationships are not always perfectly aligned [51].764

16where s = +1 for two proportional vectors, s = 0 for orthogonal vectors, and s = -1 for opposite vectors.
See Appendix F for further details

17These sequences are generated randomly with tokens from the vocabulary with varying length up to
the maximum number of tokens that field could have, not including the SOS and EOS tokens.
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7 Accessing model and datasets765

We have made available the trained models and training datasets to the community. The766

trained models can be easily used to generate Lagrangians using the Hugging Face Trans-767

formers library [52].768

769

The model is available at:770

https://huggingface.co/JoseEliel/BART-Lagrangian.771

772

The training datasets are available at:773

https://huggingface.co/datasets/JoseEliel/lagrangian_generation.774

775

An interactive example for demonstration purposes is available at:776

https://huggingface.co/spaces/JoseEliel/generate-lagrangians.777

778

This example allows users to input a set of fields and the model will generate a Lagrangian779

based on the input, with a simple LaTeX output. We however recommend that users780

download the model and run it locally for more complex tasks.781

8 Conclusions and outlook782

We have shown that, given a list of particle fields, transformer models are capable of783

writing the corresponding particle physics Lagrangian, i.e., information-loaded equations784

with many symmetries involved that express the fundamental workings of the subatomic785

world. We successfully trained a modestly large transformer on such a task, which required786

a specialized dataset and a carefully thought out tokenization scheme.787

The model has shown to be capable of writing Lagrangians with high accuracy both788

for randomly picked lists of fields but also for examples taken from actual physical models789

describing nature. The performance has a clear dependence upon the data distribution,790

mainly on the type of terms (taking care of special cases) and the number of fields (sequence791

length). Nonetheless, we observe that certain OOD scenarios—especially those featuring792

more than six input fields or unusual hypercharges—lead to diminished accuracy, indicating793

a need to refine how the model “counts” tokens and how it interprets numbers to maintain794

a correct field-by-field usage.795

Our evaluations further reveal specific failure modes: for instance, the model may miss796

terms when many fields are required (e.g., in eight-field scenarios) or incorrectly contract797

indices in trilinear interactions under unusual conditions.798

Notably, despite the task being Lagrangian generation, our evaluation also shows that799

the concepts of symmetry groups and representations, conjugation operation and even the800

use of dummy indices, have all been learned by the model. This suggests that the underlying801

mechanism is robust but that specialized counting architecture or data rebalancing could802

help mitigate the issue of missed or faulty terms, especially when large numbers of fields.803

Given the general approach in our methods, extension of current work can be easily804

adapted, such as complicated symmetry groups, flavor generations, discrete symmetries,805

vector fields, higher mass dimensions (i.e., EFT terms), and much more. Future work806

will investigate adjusted transformer architectures or enhanced datasets to tackle these807

limitations, aiming to scale the approach toward building a broader “foundation model” for808

particle physics, capable of both precise symbolic manipulation and data-driven discovery.809

Our work here lays one of the fundamental steps towards that goal. With many existing810
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efforts on using ML methods to extract as much information from experimental data811

as possible, a ML connection towards particle physics theory grows increasingly crucial.812

By having such a model, one can proceed in many directions: from experimental data813

directly to theoretical models, from theoretical models directly to simulated predictions and814

experimental data, and from equations to equations or data to data. These improvements—815

especially around OOD performance—will help ensure stronger reliability and expand the816

practical reach of these theoretical models in guiding future experiments and discoveries.817

The future direction of this endeavor is very ambitious. In present-day particle physics,818

there is an expectation of some BSM scenario being realized in Nature in order to solve the819

problems of the current description (the SM). From both a theoretical and an experimental820

perspective our vision is to eventually input into the ML environment aimed at constructing821

theoretical Lagrangians also experimental information, in the form of real data showing822

deviations from the SM predictions, which could manifest as a resonance, a threshold effect,823

a Jacobian peak, etc. Ultimately, such a dataset will contribute to training ML models to824

help physicists select Lagrangians that are able to make predictions matching such data,825

through a truly agnostic approach to new physics dispensing of any (human) prejudice,826

which inevitably privileges always one or another realization of it.827
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A Gauge group singlets848

Triplets under SU(3)C can be combined in several different ways to obtain a singlet: reducing849

tensor products into irreducible representations, we have 3⊗ 3̄ = 1⊕ 8, meaning that it is850

possible to construct a singlet out of a 3 and a 3̄, so this is an allowed combination. On851

the other hand, 3⊗ 3 = 3̄⊕ 6 which does not contain a singlet, so we cannot combine two852

triplets into a singlet. Adding one more triplet works, since 3⊗ 3⊗ 3 = 1⊕ 8⊕ 8⊕ 10.853

For SU(2)L, we have the following combinations that involve two fields:854

2⊗ 2 = 1⊕ 3855

3⊗ 3 = 1⊕ 3⊕ 5856

2⊗ 3 = 2⊕ 4857

Thus, only the first two are viable terms in the Lagrangian, while a 2 and a 3 cannot858

form a singlet. Thus in kinetic and mass terms, two doublets or two triplets must be859

combined. For three fields we have860

2⊗ 2⊗ 3 = 1⊕ 3⊕ 3⊕ 5861

3⊗ 3⊗ 3 = 1⊕ 3⊕ 3⊕ 3⊕ 5⊕ 5⊕ 7862

2⊗ 3⊗ 3 = 2⊕ 2⊕ 4⊕ 4⊕ 6863

This means that we the first two combinations can indeed produce singlets under the864

SU(2)L gauge group, while the last one cannot. There are also allowed and disallowed865

combinations of four fields, but we will not display them here.866

B Technical details of the model867

We implemented a model with a BART architecture [45], using the Huggingface Transformers868

library [52] with the configurations shown in Table 5. BART is made out of a bidirectional869

encoder and an autoregressive decoder.870

For the simplicity of the setup and because this is an entirely novel task for such a model871

(and thus, we wanted to establish a performance baseline), we decided to skip pre-training.872

After some preliminary training-performance tests, we settled on a context length of 2048873

tokens, which allowed all our training to be done on an A100 GPU within a reasonable874

time (1 week). We note that this did limit the Lagrangians included in the dataset.875

We chose cross-entropy loss for training our models because it is the default option and876

helps establish a performance baseline. Although cross-entropy loss does not inherently877

account for order-invariance in equations (as the order of terms in a Lagrangian or the878

order of symbols within a term is irrelevant if they are defined and contracted correctly), it879

turned out to be effective for our needs. Initially, we thought a custom loss function might880

be necessary to handle these nuances. However, as shown in this work, the performance881

with cross-entropy loss was already excellent, providing a strong benchmark for our novel882

task.883
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Table 5: BART configuration used in our work; in this setup, the only dropout is
left at the default value, which applies to embeddings and feed-forward outputs
rather than attention, activation, or classifier layers.

Parameter Value

Hidden size (Embedding Dimension) 1024
Number of encoder/decoder layers 12
Encoder/Decoder attention heads 16

Encoder/Decoder feed-forward dimension 4096
Max position embeddings 2048

Main dropout 0.1
Attention dropout 0.0
Activation dropout 0.0
Classifier dropout 0.0

Activation function GELU

Initialization standard deviation 0.02
Scale embedding False

Use cache True

C Tokenization examples884

Table 7 to 11 illustrates example tokenizations of various term-types. The contraction885

information encodes how the field representations are contracted using the IDs. [“LORENTZ”,886

“ID6”, “ID4”] indicates that the indices related to the Lorentz group from symbols with887

“ID6” and “ID4” are contracted, namely σµ and Dµ. [“SU3”, “ID9”, “ID7”] indicates888

that the indices related to SU(3) group from the objects with “ID9” and “ID7” are889

contracted. As for the U(1) group, this is not necessary as invariance amounts to zero total890

charge in each term.891

Table 6: Examples of interaction and mass terms in Lagrangians.

Names Terms

Trilinear term λϕ1ϕ2ϕ3

Quartic term λϕ1ϕ2ϕ3ϕ4

Mass term (scalar) m2ϕ†ϕ

Mass term (fermion) mψ†
R χL + h.c.

Yukawa terms λψ†
R ϕχL + h.c.

Other than kinetic and mass terms, all other terms are generated by AutoEFT. Examples892

of possible interaction terms are shown in Table 6. As the output of AutoEFT is written using893

only fundamental indices of the internal symmetry groups 18, there will be instances where894

there are fields with more than one fundamental index. If the two indices of each of the two895

distinct fields are contracted, their IDs are repeated as shown in the SU(3) contractions896

18We refer readers to Appendix A of AutoEFT for more details
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in Table 10. Preliminary tests showed that removing these “double index” IDs proves to897

be distracting for the transformer. As this introduces an extra task of understanding the898

implicit deletion of an extra index, it is harder for the model to recognize the rules of899

contractions.900

Term : i ψ†
L σ

µDµψL

Information Tokens

i i

ψ†
L(3, 1, −3/4) FIELD, SPIN, 1, /, 2, SU3, 3, U1, -, 3, /, 4, HEL, 1, /, 2, DAGGER, ID9

σµ SIGMA_BAR, ID6

D
SU(3)×U(1)
µ DERIVATIVE, SU3, U1, ID4

ψL(3̄, 1, 3/4) FIELD, SPIN, 1, /, 2, SU3, -, 3, U1, 3, /, 4, HEL, -, 1, /, 2, ID7

CONTRACTIONS

gµνψ†
L σµDν ψL LORENTZ, ID6, ID4

(ψ†
L)α̇ (σ

µ)α̇β Dµ (ψL)β LORENTZ, ID6, ID9, ID7

(ψ†
L)

a σµDµ (ψL)a SU3, ID9, ID7

Table 7: Tokenization of an example kinetic term for a fermion field. The first
column indicates the objects/information of the term that will be translated to
tokens. The second column indicates the information in tokenized form. The
example term here is thus encoded as a sequence of the tokens shown in the second
column: [i, FIELD, SPIN, 1,..., ID7, SU3, ID9, ID7 ]

Term : ∂µ ϕ† ∂µϕ

Information Tokens

∂µ DERIVATIVE, ID4

ϕ†(1, 1, 0) FIELD, SPIN, 0, DAGGER, ID1

∂µ DERIVATIVE, ID7

ϕ(1, 1, 0) FIELD, SPIN, 0, ID5

CONTRACTIONS

gµν∂µ ϕ
† ∂ν ϕ LORENTZ, ID4, ID7

Table 8: Tokenization of an example kinetic term for a singlet scalar field. The
columns are as in Table 7

D Example cases901

In this appendix, we present our evaluation of the sampled model’s performance on902

Lagrangians from existing particle physics models. The results are shown in Table 13. 19
903

19Our training data does not include repeating fields, so all the Lagrangians discussed here involve only
one generation.
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Term : −1
2
Tr ([Dµ, Dν ][D

µ, Dν ])SU(2)

Information Tokens

− -
1
2Tr

[Dµ, Dν ]SU(2) COMMUTATOR_A, DERIVATIVE, SU2, ID6, COMMUTATOR_B, DERIVATIVE, SU2, ID5

[Dµ, Dν ]SU(2) COMMUTATOR_A, DERIVATIVE, SU2, ID1, COMMUTATOR_B, DERIVATIVE, SU2, ID0

– CONTRACTIONS

gµρgνδ[Dµ, Dν ][Dρ, Dδ] LORENTZ, ID6, ID1

gµρgνδ[Dµ, Dν ][Dρ, Dδ] LORENTZ, ID5, ID0

Table 9: Tokenization of an example kinetic term for an SU(2) gauge fields. The
columns are as in Table 7.

Term : λψL χ
†
R ϕ

Information Tokens

λ

ψL(1, 3, 0) FIELD, SPIN, 1, /, 2, SU2, 3, HEL, -, 1, /, 2, ID0

χ†
R(3̄, 3, 0) FIELD, SPIN, 1, /, 2, SU3, -, 3, SU2, 3, HEL, -, 1, /, 2, DAGGER, ID2

ϕ(3, 3, 0) FIELD, SPIN, 0, SU3, 3, SU2, 3, ID6

CONTRACTIONS

ϵα1β1 (ψL)α1
(χR

†)β1
ϕ LORENTZ, ID0, ID2

ϵb1b2c1 (ψL) (χ
†
R)b1b2 ϕc1 SU3, ID2, ID2, ID6

ϵa1b2 (ψL)a1a2 (χ
†
R)b1b2 ϕc1c2 SU2, ID0, ID2

ϵa2c1 (ψL)a1a2 (χ
†
R)b1b2 ϕc1c2 SU2, ID0, ID6

ϵb1c2 (ψL)a1a2 (χ
†
R)b1b2 ϕc1c2 SU2, ID2, ID6

Table 10: Tokenization example of a Yukawa term. The columns are as in Table 7

The field content of these Lagrangians is detailed in Table 12. The invariance of Lagrangians904

on the order of fields in input sequences was not explicitly enforced in our setup. This905

means that in some cases the model’s predictions can be different for different orderings of906

the input fields. Therefore, we present both the best and mean performance scores derived907

from all possible field orderings, as well as the main failure modes.908

As observed in Section 5.1, the model’s performance decreases with number of input909

fields. The best predictions often have no errors, with most scoring at least 0.76. Mean scores910

consistently exceed 0.72, with common failure modes primarily involving missing trilinear911

Yukawa interactions (two fermions and one scalar). Although we included additional912

trilinear terms in our dataset, most included only scalar fields. Yukawa terms require913

an extra condition (conservation of spin), and even though we accounted for this in our914

sampling, it was rare to encounter more than one or two Yukawa interactions in the dataset915

Lagrangians. As a comparison, the set of fields in the Standard Model features the unique916

property of having six Yukawa terms. As a result, the model struggles to generate the917
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Term : λϕϕ† ΦΦ†

Information Tokens

λ

ϕ(3, 2, 6) FIELD, SPIN, 0, SU3, 3, SU2, 3, U1, 6, ID5

ϕ†(3̄, 2, −6) FIELD, SPIN, 0, SU3, -, 3, SU2, 3, U1, -, 6, DAGGER, ID7

Φ(3̄, 1, −7/2) FIELD, SPIN, 0, SU3, -, 3, U1, -, 7, /, 2, ID8

Φ†(3, 1, 7/2) FIELD, SPIN, 0, SU3, 3, U1, 7, /, 2, DAGGER, ID2

CONTRACTIONS

ϵa1b2c2 ϕa1 ϕ
†
b1b2 Φc1c2 Φ

†
d1 SU3, ID5, ID7, ID8

ϵb1c1d1 ϕa1 ϕ
†
b1b2 Φc1c2 Φ

†
d1 SU3, ID7, ID8, ID2

ϵa1b1 ϕa1a2 ϕ
†
b1b2 ΦΦ† SU2, ID5, ID7

ϵa2b2 ϕa1a2 ϕ
†
b1b2 ΦΦ† SU2, ID5, ID7

Table 11: Tokenization of an example scalar quadratic term. The columns are as
in Table 7.

one-generation Standard Model as it tends to miss four out of the six Yukawa terms. A918

tailored enrichment of a new training dataset with specific combinations of fields that lead919

to many Yukawa terms, or simply a fine-tuning of our trained model with some examples920

would likely resolve this issue. We leave that for future work.921

Notably, in some scalar extensions (2-Higgs Doublet Model (2HDM) and Georgi-922

Machacek Model), the model often predicts extra terms. Specifically, in the case of923

the 2HDM, the model generated the correct Lagrangian although with repeated terms.924

Table 12: Field content of example models used.

Model name Field content

Scalar QED ϕ(1,1, 1)

Scalar Weak ϕ(1,2, 0)

Scalar QCD ϕ(3,1, 0)

Scalar EW ϕ(1,2, 1)

SM-Gauged Scalar ϕ(3,2, 1)

Lepton Sector LL(1,2,−1) , eR(1,1,−2)

Quark Sector QL(3,2,
1
3) , uR(3,1,

4
3) , dR(3,1,−

2
3)

Higgs and Lepton Sector LL(1,2,−1) , eR(1,1,−2) , H(1,2, 1)

Higgs and Quark Sector QL(3,2,
1
3) , uR(3,1,

4
3) , dR(3,1,−

2
3) , H(1,2, 1)

Standard Model (SM) LL(1,2,−1) , eR(1,1,−2) , QL(3,2,
1
3) , uR(3,1,

4
3) , dR(3,1,−

2
3) , H(1,2, 1)

Scalar Leptoquark, Φ1 Φ1(3,1,−8
3) , dR(3,1,−

2
3) , eR(1,1,−2)

Scalar Leptoquark, Φ2 Φ2(3,2,
1
3) , dR(3,1,−

2
3) , LL(1,2,−1)

Scalar Leptoquark, Φ3 Φ3(3,3,
2
3) , QL(3,2,

1
3) , LL(1,2,−1)

Scalar Leptoquark, Φ′
1 Φ′

1(3,1,−2
3) , QL(3,2,

1
3) , LL(1,2,−1) , uR(3,1,

4
3) , eR(1,1,−2)

Scalar Leptoquark, Φ′
2 Φ′

2(3,2,
7
3) , QL(3,2,

1
3) , LL(1,2,−1) , uR(3,1,

4
3) , eR(1,1,−2)

2HDM H1(1,2, 1) , H2(1,2,−1)

Georgi-Machacek Model [53] H(1,2, 1) , ∆(1,3, 0) , ∆C(1,3, 2)

RPV-MSSM LLE-Sector L̃L(1, 2,−1) , ẽR(1,1,−2) , LL(1,2,−1) , eR(1,1,−2)

RPV-MSSM UDD-Sector ũR(3,1,
4
3) , d̃R(3,1,−

2
3) , uR(3,1,

4
3) , dR(3,1,−

2
3)

RPV-MSSM LQD-Sector L̃L(1,2,−1) , q̃L(3,2,
1
3) , d̃R(3,1,−

2
3) , LL(1,2,−1) , QL(3,2,

1
3) , dR(3,1,−

2
3)

31



SciPost Physics Submission

Table 13: Performance on various models. Score of Best prediction, Mean score
and its corresponding failure modes are shown here.

Model name nFields
Best prediction Overall prediction (mean)

Main failure mode
SLagrangian SCorrect PLength SLagrangian SCorrect PLength

Scalar QED 1 1 1 0 1 1 0 -
Scalar weak 1 1 1 0 1 1 0 -
Scalar QCD 1 1 1 0 1 1 0 -
Scalar EW 1 1 1 0 1 1 0 -

SM-gauged scalar 1 1 1 0 1 1 0 -

Lepton sector 2 1 1 0 1 1 0 -
Quark sector 3 1 1 0 1 1 0 -

Higgs + lepton sector 3 1 1 0 0.98 0.98 0 Incorrect charge assignments
Higgs + quark sector 4 0.86 0.86 0 0.8 0.8 0 Missing Yukawas

Standard Model 6 0.77 0.77 0 0.74 0.74 0 Missing Yukawas

Scalar LQ, Φ1 3 1 1 0 0.86 0.86 0 Missing Yukawas
Scalar LQ, Φ2 3 1 1 0 1 1 0 -
Scalar LQ, Φ3 3 1 1 0 0.87 1 0.13 Extra Yukawas
Scalar LQ, Φ′

1 5 0.76 0.76 0 0.76 0.76 0 Missing Yukawas
Scalar LQ, Φ′

2 5 0.88 0.88 0 0.79 0.79 0 Missing Yukawas

2HDM 2 0.81 1 0.19 0.77 0.96 0.19 Extra Quartic and mass terms

Georgi-Machacek 3 0.90 0.93 0.03 0.76 0.76 0.01
Extra Quartic and

Missing Quartic and trilinears

RPV-MSSM LLE 4 1 1 0 0.90 0.90 0 Incorrect field / Incorrect dagger
RPV-MSSM UDD 4 0.88 0.88 0 0.84 0.84 0 Missing Yukawas

RPV-MSSM LQD 6 0.78 0.78 0 0.72 0.72 0
Missing Yukawas and

scalar trilinears

E OOD performance using non-minimal fractions for U(1)925

charges926

In this appendix, we evaluate the sampled model’s performance on Lagrangians with OOD927

U(1) charges. In our training dataset, as discussed in 3.2, all fractional U(1) charges are928

in their simplest form. This would mean that all non-minimal fractions for representing929

charges as shown in Table 14 can be used as OOD scenarios.20.930

To test this, we generated a new dataset with fields that have such OOD charges931

by modifying Lagrangians from the sampled datasets (both training and test/evaluation932

datasets). For 1-field scenarios, we go through all possible fields that can have OOD charges,933

which amounts to 1404 OOD Lagrangians. For n-field scenarios where only one field has934

OOD charge, we generated 10 cases for each OOD charge with all other quantum numbers935

chosen at random. We included 1040 such Lagrangians per n-field scenario. For each n-field936

scenario with more than one OOD Field, we generated 1000 Lagrangians by sampling937

Lagrangians from the training and test dataset. As it is more difficult to find Lagrangians938

where many of the fields can be modified to have OOD charges, for larger n, we sometimes939

take copies of the same Lagrangian with different OOD representations of the charges.940

Table 15 shows the percentage of reasonable predicted OOD Lagrangians21. Similar941

to Section 5.1, almost all cases are reasonable (>97%). Table 17 and Table 16 show942

the percentage of predicted OOD Lagrangians with correct charge assignments and the943

percentage of predicted OOD Lagrangians with fully conserved U(1), respectively. We944

do this as the model can write the wrong charges in terms that, in fact, conserve U(1)945

20As the model has never seen 0 in fractions nor one (1) as integer, they will not be considered as part of
the OOD charges

21We explain what reasonable means in Section 5.1
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symmetry. We can see that the predictions worsen with more OOD fields and more input946

fields. However, it is worth pointing out that in scenarios with more than 3 OOD Fields,947

there tends to be more U(1) conserving Lagrangians than Lagrangians with correct charge948

assignments. This indicates that while the model fails to grasp many OOD charges, it will949

still try to enforce U(1) conservation.950

Table 18 shows the accuracy of the model on OOD Lagrangians (the percentage of951

Lagrangians with a Lagrangian score of 1). As expected, the model performs worse with952

more OOD fields and input fields. This can be attributed to the model’s poor ability to953

understand numbers. This is illustrated in Figure 11 where Lagrangians with and without954

trilinears are considered separately. With InD accuracy as a benchmark, there is a severe955

decrease in OOD accuracy when we only focus on Lagrangians with trilinears. The model956

struggles at predicting Lagrangians that contain trilinears and all OOD fields, showing957

then a 20% accuracy. On the other hand, the model still performs reasonably well on OOD958

Lagrangians without trilinears, with some cases slightly outperforming InD scenarios. This959

is not surprising since for all mass terms and most quartic terms, the model learned to960

pair up fields that have the same charges without any understanding of arithmetic (as961

a− a+ b− b = 0). When an integer U(1) charge get modified to an OOD fractional charge,962

the model also performs better, as fractional charges are better represented in the training963

data. Meanwhile, all trilinear terms and some quartic terms require an understanding of964

arithmetic (e.g. a+ b+ c = 0) to write all possible U(1) conserving terms.965

Text-based encoding schemes for numbers, how we encoded U(1) charges in this work,966

are prone to take advantage of spurious correlations in the data and perform worse in OOD967

dataset, as shown in Reference [54]. In OOD Lagrangians with trilinears, it is likely that the968

model memorized possible charge combinations that would lead to trilinear terms instead of969

learning how to sum up charges to conserve U(1). A continuous number encoding approach970

would have helped in this scenario, and will be the subject of future work.971

Table 14: U(1) charges conversion table. The model has not seen cases with zero
as the numerator nor one as the denominator and those cases are not considered
here.

InD charges OOD charges
1 2 / 2, 3 / 3, 4 / 4, 5 / 5, 6 / 6, 7 / 7, 8 / 8, 9 / 9

1 / 2 2 / 4, 3 / 6, 4 / 8
1 / 3 2 / 6, 3 / 9
1 / 4 2 / 8

2 4 / 2, 6 / 3, 8 / 4
2 / 3 4 / 6, 6 / 9

3 6 / 2, 9 / 3
3 / 2 6 / 4, 9 / 6
3 / 4 6 / 8

4 8 / 2
4 / 3 8 / 6

F Vector offset method972

In natural language processing (NLP), the vector offset method is often used to perform973

analogy tasks [51]. The method assumes that relationships between words can be expressed974

33



SciPost Physics Submission

Table 15: Percentage of reasonable OOD Lagrangians

Number of fields
Number of OOD fields

1 2 3 4 5 6

1 100 %
2 100 % 100 %
3 99.9 % 99.9 % 99.6 %
4 99.7 % 98.9 % 99.2 % 98.9 %
5 99.9 % 99.5 % 99.2 % 98.9 % 99.2 %
6 99 % 99.2 % 98.8 % 98.9 % 96.7 % 97.7 %

Table 16: Percentage of OOD Lagrangians with correct charge assignment

Number of fields
Number of OOD fields

1 2 3 4 5 6

1 100 %
2 99.8 % 97.6 %
3 98.9 % 98 % 94.6 %
4 98.1 % 97.4 % 93.8 % 91.5 %
5 97.1 % 95.1 % 90.9 % 85.4 % 82.4 %
6 93.8 % 90.6 % 84.1 % 77.7 % 73.7 % 65.3 %

Table 17: Percentage of U(1) conserving OOD Lagrangians

Number of fields
Number of OOD fields

1 2 3 4 5 6

1 100 %
2 99.9 % 99.5 %
3 98.7 % 98.5 % 94.5 %
4 95.2 % 95.1 % 93 % 91 %
5 93.9 % 96 % 93 % 89.7 % 87.7 %
6 92 % 95.2 % 92.8 % 88.1 % 86.1 % 79.7%

through vector arithmetic in the embedding space, where regularities can be observed as975

constant vector offsets between pairs of words sharing a particular relationship.976

This concept is illustrated with the well-known example: “king is to man as queen is to977

woman”, which can be mathematically expressed as:978

v⃗king − v⃗man ≈ v⃗queen − v⃗woman (F.1)

where v⃗w is the embedding vector of word w.979

By defining:980
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Table 18: Percentage of Lagrangians with perfect prediction (Accuracy)

Number of fields
Number of OOD fields

1 2 3 4 5 6

1 100 %
2 93.1 % 53.1 %
3 84.8 % 80.9 % 54 %
4 80.4 % 83.9 % 66.1 % 48.5 %
5 77.4 % 79.9 % 66.6 % 52.2 % 40.7 %
6 70.5 % 74.6 % 61.5 % 49.2 % 39.9 % 28.8 %
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Figure 11: Accuracy (Percentage of Lagrangians with perfect prediction) with
varying OOD Fields to Input Fields ratios. Left: Accuracy on full OOD
dataset.Middle: Accuracy on OOD datasets with Lagrangians containing trilinear
terms. Right: Accuracy on OOD dataset with Lagrangians without trilinear
terms.

v⃗Royal
1 = v⃗king − v⃗man (F.2)

v⃗Royal
2 = v⃗queen − v⃗woman (F.3)

If the relationship is consistent, we expect:981

v⃗Royal
1 ≈ v⃗Royal

2 (F.4)

However, due to the complexity of language and high dimensionality of embeddings,982

these are often approximate. Cosine similarity is then used to evaluate the closeness between983

vectors:984

s(v⃗i, v⃗j) =
v⃗i · v⃗j

∥v⃗i∥∥v⃗j∥
(F.5)

where s = +1 for two proportional vectors, s = 0 for orthogonal vectors, and s = −1 for985

opposite vectors.986
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F.1 Application to field conjugation987

Applying this method to our context, we define the conjugation vector for each field as:988

v⃗Ci = v⃗Fi − v⃗FC
i

(F.6)

where:989

• Fi is an arbitrary field with quantum numbers {Qi},990

• FC
i is the conjugate of Fi,991

• and v⃗f is the embedding vector of a field f .992

We would then expect that:993

v⃗Fi − v⃗FC
i
≈ v⃗Fj − v⃗FC

j
(F.7)

i.e., the conjugation vectors v⃗Ci should be similar for different fields, indicating a consistent994

representation of the conjugation operation in the embedding space.995

To assess this, we calculate the absolute value of the cosine similarity between all pairs996

of conjugation vectors v⃗Ci and v⃗Cj :997

|s(v⃗Ci , v⃗Cj )| (F.8)

As a reference, we also compute difference vectors for randomly paired fields:998

v⃗Ri = v⃗Fi − v⃗FR
i

(F.9)

where v⃗FR
i

is randomly chosen from all possible fields with no predefined relation to v⃗Fi .999

We then compute the absolute cosine similarities between these random translation vectors.1000

By comparing the distributions of |s(v⃗Ci , v⃗Cj )| and |s(v⃗Ri , v⃗Rj )|, we can determine1001

whether the model has learned the conjugation operation as a consistent transformation in1002

the embedding space. A peak near 1 in the distribution of conjugation vector similarities1003

would indicate a preferred axis, while a flat distribution for random translations would1004

confirm that this is not a general feature of the embedding space. The results of this1005

analysis are presented in Figure 10 in the main text.1006

F.2 Details on Conjugation Transformations1007

To understand why the conjugation transformation appears more defined for fermions than1008

for scalars, we analyzed the transformation vectors associated with individual symmetry1009

properties within the fields. We computed conjugation vectors specific to U(1) charge v⃗U(1)
Ci

,1010

SU(3) representation v⃗
SU(3)
Ci

, and helicity v⃗HCi
, by conjugating only the respective group1011

charges.1012

In Figure 12 (Left), analysis of the absolute cosine similarities |s| between pairs of these1013

vectors reveals distinct behaviors. Both SU(3) conjugation vectors and helicity conjugation1014

vectors exhibit strong internal consistency, with their respective similarity distributions1015

(|s(v⃗SU(3)
Ci

, v⃗
SU(3)
Cj

)| and |s(v⃗HCi
, v⃗HCj

)|) peaking sharply near |s| = 1. This indicates well-defined1016

transformation axes for these properties. In contrast, the similarity distribution for U(1)1017

conjugation vectors |s(v⃗U(1)
Ci

, v⃗
U(1)
Cj

)| is broad, indicating a less structured transformation1018

axis.1019

This difference likely stems from the dataset composition, where the main variations1020

among the unique fields relate to their U(1) charges. This might make it challenging for the1021
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Figure 12: Normalized distribution of absolute cosine similarities between: (Left)
pairs of conjugation vectors of different symmetry group. (Right) conjugation
vectors of different symmetry group and the overall conjugation vectors.

model to isolate a specific U(1) conjugation axis distinct from general variations between1022

fields.1023

Figure 12 (Right) further illustrates the relationship between these symmetry-specific1024

axes and the overall conjugation axis. Both the SU(3) and helicity axes align closely with1025

the overall conjugation axis, whereas the U(1) axis appears misaligned and more weakly1026

defined (eventhough it is not perpendicular). With this in mind, this suggests that the1027

well-defined conjugation axis observed for fermions is driven primarily by two well-defined1028

and co-aligned axes (SU(3) and helicity) with the less coherent U(1) component contributes1029

additional variability. Scalars, which lack a helicity axis, thus exhibit a less pronounced1030

overall conjugation direction.1031

Given that conjugation of fields often involves changes of only a few tokens (e.g.,1032

addition/removal of a “-” sign for U(1) and SU(3) conjugation, helicity change, etc.), we1033

also examined the distributions when the number of token differences between two random1034

fields is low. We defined several control vector types representing such minimal changes:1035

v⃗−Ri
: Random fields where the “-” token is part of the token difference.

v⃗∆Ri
: Random fields where there are less than 3 token differences.

v⃗−,∆
Ri

: Random fields where there are less than 3 token differences and the “-”
token are one of them.

v⃗Mi : Random insertion or removal of a “-” token into a field.

1036

The distributions of the absolute cosine similarities between pairs of these minimal-1037

change vectors (Figure 13) showed that most resulting distributions peak sharply at |s| = 0.1038

The exception involved comparisons between random field differences that happen to1039

include the “-” token (v⃗−Ri
), which displayed a broader structure somewhat similar to1040

general random field differences. This confirms that the distinct conjugation axes identified1041

previously and in Section 6 represent learned transformations linked to physical properties,1042

rather than superficial effects stemming solely from minimal token edits.1043
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