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Abstract

Continuous symmetries of dynamical systems—transformations that map solution trajec-
tories or spatiotemporal fields to new, valid solutions—are powerful tools for analysis,
reduction, and control. Prior work on symmetry discovery broadly falls into two categories:
methods that prioritize Lie-algebraic structure but operate on static datasets rather than
dynamical systems, and methods that discover symmetries for dynamical systems but often
do not enforce algebraic structure. Across both threads, most approaches also neglect the
infinitesimal invariance condition (IIC)—that prolonged generators annihilate the governing
equations. To fill this gap, we introduce LieDynNet, which learns Lie symmetry generators
directly from data by pairing differentiable ODE/PDE surrogates with two families of con-
straints: dynamical validity, enforced both via IIC (via generator prolongations) and under
finite flows; and algebraic soundness, enforcing closure, antisymmetry, Jacobi identity, and
bilinearity so the generators form a Lie algebra. The framework is model-agnostic and ap-
plies to both ODEs and PDEs without hand-crafted priors. On canonical dynamical systems,
LieDynNet recovers symmetry algebras and associated invariants from data, showing that
learned symmetries can be simultaneously algebraically consistent and dynamically faithful.
These results provide a practical, data-driven route to uncovering the symmetry structure
of complex dynamical phenomena. Our codes are available as part of the supplementary
material.

1 INTRODUCTION

Symmetries of dynamical systems—transformations that carry solution trajectories or spatiotemporal
fields to other valid solutions—are a cornerstone of analysis, reduction, and control (Gross, 1995;
Gross and Wilczek, 1973). They reveal invariants, constrain qualitative behaviors, and organize
families of solutions (Alet et al., 2021; Greydanus et al., 2019). Yet, outside textbook models, the
relevant symmetry structure is rarely known a priori and is difficult to recover directly from raw data.
This creates a gap between the central role of symmetry in theory and its practical use for learned
models of real systems. In this paper, we address the problem of discovering the Lie symmetry
structure of an unknown ODE or PDE directly from raw data without imposing any priors. The
problem of learning symmetries for dynamical systems is different from learning static invariances
(e.g., image rotations), in that these transformations must additionally preserve the underlying
dynamical structure. This requires two ingredients that are often pursued separately: (i) algebraic
soundness—the learned transformations should form a Lie algebra with closure, antisymmetry, Jacobi
consistency, and bilinearity; and (ii) dynamical validity—their flows should map solutions to solutions,
at least locally and for finite steps.

Contributions. We present LieDynNet, a two-stage framework for discovering continuous Lie
point symmetries directly from spatiotemporal data. Our approach couples differentiable neural
surrogates of ODEs and PDEs with principled invariance and algebraic constraints. Specifically, we (i)
formulate symmetry discovery as learning infinitesimal generators whose flows preserve the surrogate
dynamics while forming a valid Lie algebra; (ii) propose a completely prior-free, unsupervised
method that learns continuous symmetries without templates, canonical coordinates, or physics priors;
(iii) introduce a practical objective that enforces both infinitesimal and finite-flow invariance, together
with closure, antisymmetry, Jacobi consistency, bilinearity and functional independence, enabling
recovery of algebraically sound and dynamically valid symmetries; (iv) automatically recover the
jet order by sweeping prolongation order and selecting the minimizer of the infinitesimal invariance
loss Linv; and (v) identify the true Lie-algebra dimension by increasing the number of generators
and selecting the first nontrivial minimum of the closure loss Lclo, then validating alignment via
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principal-angle comparisons. On canonical benchmarks—including free particle, simple harmonic
oscillator, Van der Pol oscillator, Lotka–Volterra system, and viscous Burgers equation—LieDynNet
recovers Lie algebras and associated invariants, selects the correct jet order and algebra dimension,
and maintains dynamical validity under finite flows. Ablation studies further confirm the necessity of
combining algebraic soundness with dynamical consistency.

Related work. Prior research on symmetry in machine learning has followed two complementary
paths. The first emphasizes equivariant architectures, where symmetry is built into the network
design. Examples include group-equivariant CNNs for images (Cohen and Welling, 2016) and the
general theory of equivariant CNNs on homogeneous spaces (Cohen et al., 2019), spherical CNNs on
SO(3) (Kondor et al., 2018), Tensor Field Networks and SE(3)-Transformers in 3D (Thomas et al.,
2018; Fuchs et al., 2020), and EGNNs for higher-dimensional settings (Satorras et al., 2021). In
physics, gauge-equivariant flows have been developed for efficient sampling in lattice gauge theories
with U(1) and SU(N) symmetry (Boyda et al., 2021; Kanwar et al., 2020). See (Wang and Yu,
2021) for a survey of physics-guided deep learning for dynamical systems. A second line of work
aims at symmetry discovery, ranging from Liu & Tegmark’s hidden-symmetry framework (Liu and
Tegmark, 2022) to classical Lie group methods of Olver (Olver, 1993).Relatedly, symmetry has
been used to guide governing-equation discovery (Yang et al., 2024). Our work builds on both
traditions by learning generators directly from trajectories, enforcing both invariance and closure
without hard-coding the symmetry group.

Early efforts in symmetry discovery have largely taken two directions. One stresses Lie algebraic
structure, ensuring that learned generators close under the Lie bracket. For example, Forestano et
al. proposed deep-learning methods that recover continuous groups by explicitly enforcing closure,
yielding a valid Lie algebra basis from data (Forestano et al., 2023). Similarly, LaLiGAN and
its latent-space extension constrain learned transformations to lie within general linear groups,
producing interpretable generators (Yang et al., 2023a). These approaches excel at preserving
algebraic consistency but generally lack mechanisms to guarantee that the discovered symmetries
map solutions of a dynamical system to other valid solutions.

A second direction stresses flow-based invariance. Here, candidate generators are validated by
integrating their flows and checking whether transformed trajectories remain valid solutions. Ko et
al. pursue this perspective by parameterizing infinitesimal generators as vector fields integrated via
Neural ODEs, with losses penalizing deviations from invariance (Ko et al., 2024). LieGAN likewise
frames symmetry discovery as a generative adversarial task, with a discriminator enforcing that
transformed samples are indistinguishable from the original distribution (Yang et al., 2023b). These
methods provide strong dynamical guarantees but do not enforce closure of the learned generators.

Paper Generator type Lie algebra? IIC? Dynamical System?
Ko et al. (Ko et al., 2024) VF ■ M □ □ □ ■
Forestano et al. (Forestano et al., 2023) VF □ M ■ ■ □ □
LieGAN (Yang et al., 2023b) VF □ M ■ ■ □ □
Augerino (Benton et al., 2020) VF □ M ■ □ □ □
LaLiGAN (Yang et al., 2023a) VF □ M ■ ■ □ □
Shaw et al. (Shaw et al., 2024) VF ■ M □ □ □ □
LieDynNet (Ours) VF ■ M □ ■ ■ ■

Table 1: Comparison of LieDynNet with related symmetry discovery works. Here, ■ denotes yes
and □ denotes no. “VF” = vector field generator, “M” = matrix/linear parameterization. Columns
indicate whether methods use a Lie algebra structure, IIC, or dynamical system validation.

LieDynNet bridges these two threads: It learns infinitesimal generators directly from trajectory
data while simultaneously enforcing (i) Lie bracket closure and Lie algebra axioms consistency,
so that the generators form a valid Lie algebra, and (ii) invariance losses at both infinitesimal and
finite-flow levels, ensuring preservation of the dynamics. By combining the algebraic guarantees of
Lie-algebra–based approaches with the dynamical guarantees of flow-based approaches, LieDynNet
recovers full Lie group structure from data, advancing beyond the limitations of earlier frameworks.
A further advantage is that LieDynNet is truly prior-free: our training never accesses any physical
priors of the governing equation behind the dynamical process. We learn purely from trajectories via
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algebraic closure and solution-preservation tests, so the same recipe applies even when the dynamics
are unknown.

2 MATHEMATICAL PRELIMINARIES

In this section, we present the basic definitions of relevant concepts of a one-parameter Lie group.
We treat each symmetry transformation as a (local) group action on the variables of a dynamical
system. A Lie point symmetry of a differential equation is a local Lie group G acting smoothly on the
space of independent and dependent variables (x, u) 7→ (x′, u′) such that the action maps solutions
to solutions. Infinitesimally, each one–parameter (ϵ) subgroup {exp(ϵv)}ϵ ⊂ G is generated by a
vector field (the generator):

v =

p∑
µ=1

ξµ(x, u) ∂xµ +

q∑
a=1

ϕa(x, u) ∂ua .

for p independent variables and q dependent variables with µ, a being the indices. Given two
generators vi, vj , their Lie bracket [vi, vj ] := vivj − vjvi is again a vector field and measures the
first non-commutative correction to composing the two flows. A finite family {v1, . . . , vm} spans
a (finite-dimensional) Lie algebra g if it is closed under the bracket and the bracket is bilinear,
antisymmetric, and satisfies Jacobi identity:

[vi, vj ] = −[vj , vi], [vi, [vj , vk]] + [vj , [vk, vi]] + [vk, [vi, vj ]] = 0.

Equivalently, there exist constants cijk (structure constants) with [vi, vj ] =
∑m
k=1 cij

k vk. A genera-
tor and a group action is connected through the exponential map, which sends each Lie generator
v ∈ g to a group action on states: a one–parameter subgroup {exp(ϵv)}ϵ∈R ⊂ G acting on a point (a
"state") z = (x, u) (where x denotes the independent variables and u denotes the dependent variables)
by exp(ϵv) · z = Φϵv(z), where the flow Φϵv solves:

d

dϵ
z(ϵ) = v

(
z(ϵ)

)
, z(0) = z0.

A prolongation extends a vector field from (x, u) to the jet space—the space of variables and
their derivatives up to a fixed order n, known as the jet order (with jet order chosen to match
the highest derivative order appearing in the equations as written). The n-jet Jn has coordinates(
x, u, {uaJ}|J|≤n

)
. The prolonged vector field pr(n)v is the unique lift that acts on these coordinates

via the chain rule. To demonstrate how the prolongation is calculated, we use a second-order ODE
with one independent variable and one dependent variable as an example (since they are the most
relevant orders in this paper; refer to Theorem 2.36 (Olver, 1993) for the general prolongation
formula). For a single second-order equation F (t, x(t), ẋ(t), ẍ(t)) = 0 with a point–symmetry
generator v = ξ(t, x) ∂t+ϕ(t, x) ∂x. and total derivative Dt = ∂t+ ẋ ∂x+ ẍ ∂ẋ, the first and second
prolongations are given by

pr(1)v = ξ ∂t + ϕ∂x + ϕ(1) ∂ẋ, ϕ(1) = Dtϕ− ẋDtξ

pr(2)v = pr(1)v + ϕ(2) ∂ẍ, ϕ(2) = Dtϕ
(1) − ẍDtξ

Lemma 2.1 (Infinitesimal Invariance Condition (IIC) cf. Theorem 2.31 (Olver, 1993)). Suppose
∆ν(x, u

(n)) = 0, ν = 1, . . . , l is a system of differential equations of maximal rank defined over
M ⊂ X × U . If G is a local group of transformations acting on M , and:

pr(n)v[∆ν(x, u
(n))] = 0, ν = 1, . . . , l, whenever ∆(x, u(n)) = 0,

for every infinitesimal generator v of G, then G is a symmetry group of the system.

Here, X ⊂ Rp is the open “independent-variable” manifold with coordinates x = (x1, . . . , xp),
U ⊂ Rq is the open set of “dependent-variable” values u = (u1, . . . , uq), and M ⊂ X × U is the
configuration (state) manifold of admissible pairs (x, u) on which the point transformations and
equations are defined. Therefore, for the second-order ODE example we mentioned above, the
equation is invariant under v if and only if pr(2)v

(
F (t, x, ẋ, ẍ)

)
= 0 whenever F = 0.
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3 LIEDYNNET FRAMEWORK

Goal. Our aim is to learn a set of infinitesimal generators (vector fields) that span the Lie algebra of
a system’s symmetries. Exponentiating and composing these generators yields the full connected
Lie group: any continuous symmetry in the identity component can be expressed as a product of
exponentials, exp(ϵ1vi1) · · · exp(ϵrvir ). A key challenge is ensuring that the learned transformations
form a genuine symmetry group rather than a loose collection of local invariances. Infinitesimal
checks such as the invariance condition pr(n) v[∆]

∣∣
∆=0

= 0 certify only that dynamics are preserved
to first order. Without algebraic constraints, finite flows may drift, compositions may generate
directions outside the span of learned generators, and the resulting set is not closed under group
operations. Enforcing closure, antisymmetry, and the Jacobi identity upgrades local invariance
into a consistent Lie algebra, which integrates via the exponential and Baker–Campbell–Hausdorff
correspondence into a connected symmetry group. This guarantees a stable composition law, a
well-defined parameterization, and interpretable generators. In practice, this distinction is crucial:
conservation laws in physical and biophysical systems are indexed by the Lie algebra of continuous
symmetries, and inconsistent algebraic structure leads to spurious or contradictory invariants. By
enforcing both dynamical validity and algebraic soundness, LieDynNet ensures that the recovered
generators correspond to true symmetries rather than approximate invariances, laying the foundation
for the workflow described next.

Figure 1: Architecture and training pipeline of LieDynNet. Trajectory data are first mod-
eled by a neural surrogate fθ, which supplies jet-space samples through automatic differentiation
(∂/∂t, ∂/∂x, . . .). Candidate infinitesimal generators {vi} are produced by the group neural network
and trained under two classes of objectives: dynamical invariance, which enforces both the infinites-
imal invariance condition Linv and flow-based validity Lflow, and algebraic consistency, which
penalizes violations of closure, antisymmetry, bilinearity, and Jacobi relations (Lclo, Lanti, Ljac, . . .).
Together, these losses ensure that the learned generators form a Lie algebra and map trajectories to
trajectories, recovering full symmetry structure. Validation proceeds via the principal-angle com-
parison between generators, in which the alignment between the learned and the ground-truth Lie
algebras is measured.

Learning objectives. We parameterize each generator in the current presentation for scalar ODEs
with one independent variable and one dependent variable as

vk = ξk(t, u) ∂t + ϕk(t, u) ∂u (shorthand vk = (ξk, ϕk))

for k ∈ {1, . . . ,m}, m ∈ N+. For PDEs or ODEs with multiple dependent variables, we adopt the
standard multi-component point-symmetry generator form:

vk =

p∑
µ=1

ξµk (x, u) ∂xµ +

q∑
a=1

ϕak(x, u) ∂ua ,

with p independent variables x = (x1, . . . , xp) and q dependent variables u = (u1, . . . , uq). We then
optimize a set of complementary losses described below. Our dynamics-consistency losses follow

4
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the general spirit of dynamical invariance objectives used in prior symmetry-discovery work such
as (Ko et al., 2024; Hu et al., 2025). Our algebra-structure losses are inspired by recent approaches
that enforce Lie-algebraic structure in learned representations (Forestano et al., 2023; Yang et al.,
2023a;b).

Dynamics-consistency losses.

1. Infinitesimal invariance (prolongation). On-shell, for a differential equation with order a, we
penalize violation of the infinitesimal invariance condition:

Linv = E

[
1

m

m∑
i=1

∥∥pr(a)vi(fθ)∥∥2] .
2. Flow-based validity (small ϵ). Let Φ(i)

ϵ denote the pseudo-time ϵ-flow of vi. Advance a small
step along each generator’s flow and require that transformed trajectories remain solutions in the
data-supported sense:

Lflow = E

[
1

m

m∑
i=1

∥∥fθ ◦ Φ(i)
ϵ

∥∥2] .
Algebra-structure losses.

3. Closure. We project Lie brackets onto the span of generators and penalize the residual:

Lclo = E

∑
i<j

∥∥∥[vi, vj ]− m∑
k=1

c kij vk

∥∥∥2
 .

4. Constancy. We encourage structure coefficients to be sample-independent:

Lconst = E

∑
i,j,k

∥∥c kij − c kij∥∥2
 .

5. Independence. We stack generator evaluations over samples to form a Gram matrixG and regularize
its spectrum using τ as a floor and β as a weight (λmax, λmin respectively are the maximum and
minimum eigenvalues):

Lind =
[
max(0, τ − λmin)

]2
+ β

[
log(λmax/λmin)

]2
.

6. Antisymmetry. We enforce c kij = −c kji via

Lanti =
∑
i,j,k

(
c kij + c kji

)2
.

7. Jacobi identity. We penalize violations of
∑
m(cmij c

ℓ
mk + cmjkc

ℓ
mi + cmki c

ℓ
mj) = 0:

Ljac = E

 ∑
i,j,k,ℓ

(∑
m

cmij c
ℓ
mk + cmjkc

ℓ
mi + cmki c

ℓ
mj

)2

 .
8. Bilinearity. We check linearity in each slot on random triples and random coefficients:

r1(i, j, k; c, c
′) := [cvi + c′vj , vk]− c[vi, vk]− c′[vj , vk],

r2(i, j, k; c, c
′) := [vi, cvj + c′vk]− c[vi, vj ]− c′[vi, vk].

With (i, j, k) sampled uniformly without replacement from {1, . . . ,m} (all distinct) and (c, c′) ∼
C ⊂ [−1, 1]2,

Lbilin = E(i,j,k),(c,c′)

[
∥r1(i, j, k; c, c′)∥1 + ∥r2(i, j, k; c, c′)∥1

]
.
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The total objective is:

L = winvLinv+wflowLflow+windLind+wcloLclo+wconstLconst+wantiLanti+wjacLjac+wbilinLbilin.

Algorithm: LieDynNet Workflow (details provided in Appendix A)
Input: Trajectories / spatiotemporal samples D; generator-count schedule m = 1, 2, . . .
Output: Jet order n̂, algebra dimension m̂, generators {vi}m̂i=1, diagnostics

1: Surrogate & jet order. Train a differentiable surrogate fθ on D. For n = 1, 2, . . . , train with a
small m and record post-training Linv(n). Set n̂← argminn Linv(n) and freeze n̂.

2: Jet-space assembly. From fθ, form J n̂(X,U) (states/fields and all derivatives up to order n̂) to
evaluate pr(n̂) for Linv and to draw samples for finite-flow checks Lflow.

3: Generator learning (fixed m). Parameterize vi for i = 1, . . . ,m. Optimize the composite
objective: winvLinv+wflowLflow+windLind+wcloLclo+wconstLconst+wantiLanti+wjacLjac+
wbilinLbilin.

4: Dimension selection. Increase m and repeat Step 3; choose m̂ at the first nontrivial minimum of
Lclo(m).

5: Report. At (n̂, m̂), compute principal-angle alignment/cosine similarity with analytic spans
(when available), evaluate/plot after-flow residuals, and release {vi}.

Hyperparameter selection. There are two hyperparameters that require careful selection: jet order
n (which is also the order of the dynamical system) and Lie algebra dimension m (equivalent to
the number of generators). We first recover the jet order by running the training while iterating the
jet order starting from 1 while fixing the dimension. The jet order at which the training eventually
yields the smallest IIC loss Linv is chosen and fixed. Since we work with Lie point symmetry, the
dimension m is constrained by bounds in classical Lie theory. For scalar ODEs of order n ≥ 3,

dim sym ≤ n+ 4,

where sym denotes the Lie algebra of point symmetries of the system, with equality attained by
the flat model x(n) = 0. For second-order scalar ODEs, dim sym ≤ 8. These bounds guide the
maximum m we attempt. In practice we start with m = 1, grow it up to the bound (or a user cap),
and stop when the Lie bracket closure loss Lclo is minimized. For PDEs, bounds are equation-class
dependent thus have no universal bounds on dimension; in practice, we adopt the same progressive
strategy with validation. With n and m thus identified, we then run the symmetry-discovery training
pipeline to recover the generators. (Additional details on hyperparameter selection are provided in
Appendix A.)

4 EXPERIMENTAL SETUP AND RESULTS

Setup: systems and neural surrogates We discover symmetries from LieDynNet utilizing spa-
tiotemporal data from five canonical equations — two second-order ODEs (free particle/FP and
simple harmonic oscillator/HO), a nonlinear oscillator (Van der Pol/VdP), a two-species model
(Lotka–Volterra/LV), and a 1D viscous Burgers PDE. In every case, we first learn a neural surrogate
of the dynamics from synthetically generated, noisy observations, and then train the symmetry
generators by enforcing the loss terms described above using that learned surrogate. Training data
for the neural surrogates are synthesized from the analytic equations, after which the learning is
entirely data-driven; we do not impose any hand-crafted structure, coordinates, or group forms during
surrogate training.

6
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System Sampling / size Noise σ

Free Particle 64× 200 (trajectories × time steps) 0.03
Simple Harmonic Oscillator 64× 200 (trajectories × time steps) 0.05
Van der Pol 64× 300 (trajectories × time steps) 0.03
Lotka–Volterra train 128× 801; val 32× 801 (trajectories × time steps) 0.03
Viscous Burgers (1D) 256× 201 (space points × time steps) 0.03

Table 2: Systems, data, and sampling for neural surrogates. Van der Pol: RK4 sub-steps = 5 per
data interval. Lotka–Volterra: windowed training with 30-step segments (“multi-shooting”: train
on many short rollout segments, each initialized at the observed state, to reduce long-horizon error
compounding and stabilize gradients). Burgers: at each optimization step, we draw 8,192 random
space–time points from the 256× 201 grid to compute the loss.

Methods of evaluation. To interpret our results, we first justify the three diagnostics we report.

(i) Algebra alignment via principal angles. Because a Lie algebra is a vector space, any invertible
linear recombination (and rescaling) of a valid generating set yields an equally valid basis; there is no
unique “canonical” choice of generators, and the structure constants change under such basis changes.
Element-wise matching of generators is therefore ill-posed, so we compare algebra spaces instead.
Let {vi}mi=1 be the learned generators and {wj}rj=1 the analytic generators, with

vi(t, x) = ξi(t, x) ∂t + ϕi(t, x) ∂x, wj(t, x) = ξ̃j(t, x) ∂t + ϕ̃j(t, x) ∂x,

illustrated here for an ODE with one independent and one dependent variable, t and x. We evaluate
all generators on a grid Ω = {(tr, xs) : r = 1, . . . , R; s = 1, . . . , S} (for PDEs such as Burgers, we
use a (t, x, u) grid) and form data matrices by stacking the sampled components:

Bℓ ∈ R(2RS)×m, Bg ∈ R(2RS)×r,

whose i-th (resp. j-th) column collects the values of [ξi, ϕi] (resp. [ξ̃j , ϕ̃j ]) on Ω. Using the Euclidean
inner product on R2RS , we compute reduced QR factorizations Bℓ = QℓRℓ and Bg = QgRg, and
define the principal angles {θk}dk=1 between the column spans via

cos θk = σk
(
Q⊤
g Qℓ

)
, d = min

{
rankBℓ, rankBg

}
, θk ∈ [0, π2 ],

where σk(·) are singular values in descending order. Angles near 0◦ indicate close span alignment (all
θk = 0◦ in the ideal case where the sampled spans coincide under this metric). In practice, once the
correct dimension is identified (m = r and both matrices are full rank), we have d = m and report
the full spectrum (in degrees) together with a scalar summary maxk θk across candidate dimensions
r. Detailed practical notes on the principal-angle comparison are provided in Appendix A.

(ii) Dimension selection via closure loss. When we fit fewer than the true number of generators,
some Lie brackets necessarily leave the learned span, yielding a non-vanishing closure residual that
cannot be removed by optimization. As we increase m, this closure loss decreases and reaches a
minimum precisely when the learned span is rich enough to contain all brackets, i.e., atm = dim sym.
Beyond this point, adding extra generators does not further reduce the closure loss and is discouraged
by the independence and Jacobi penalties, leading to a clear elbow or minimum at the correct algebra
dimension.

(iii) Jet order identification via IIC. The infinitesimal invariance condition must be enforced at the
PDE or ODE’s jet order. If we use a prolongation order that is lower than the true differential order,
key derivatives are omitted and the invariance residual cannot be driven to zero; if we use a higher
order, we introduce unnecessary derivatives that mainly amplify estimation noise. As a result, the IIC
loss attains its minimum at the true jet order, providing a data-driven check of the correct differential
order that is consistent with Lie theory.

Results. We describe the results of the experiments below.
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Table 3: Principal angles for dynamical systems with dim sym > 1 at the ground-truth dimension.

Systems Gen 1 Gen 2 Gen 3 Gen 4 Gen 5 Gen 6 Gen 7 Gen 8

FP 15.390◦ 7.052◦ 0.781◦ 0.260◦ 0.092◦ 0.082◦ 0.005◦ 0.002◦

HO 10.044◦ 7.568◦ 5.554◦ 3.419◦ 1.433◦ 0.757◦ 0.328◦ 0.176◦

1D Burgers 21.081◦ 17.129◦ 13.778◦ 7.343◦ 5.696◦ —
2D Burgers 19.237◦ 14.593◦ 13.642◦ 6.418◦ 5.483◦ 2.539◦ —

(a) Free Particle (b) Harmonic Oscillator

(c) Burgers’ (d) Van der Pol
Figure 2: Distribution of combination-wise maximum principal angles. From (a) to (c): the blue
boxes denote the interquartile range; the orange horizontal lines inside the box denote the median; the
green up triangles and the blue down triangles denote the maximum and minimum of MAX principal
angles, respectively; the orange dots denote the mean. In (d), the dots denote the principal angle
values — it’s not presented in a box plot because there are very few principal angles to plot.

Following the workflow above, we first sweep the jet order starting from 1. As shown in Fig. 3, the
invariance loss Linv attains its minimum at jet order 2. Importantly, this minimum is consistently
achieved at the same jet order even when the number of generators m is varied. Thus, the correct
jet order can be identified without knowing m in advance (it is 2 in our experiments). We then
fix the jet order at 2 and sweep the number of generators m = 1, 2, . . ., selecting m where the
Lie-bracket closure loss Lclo reaches its first nontrivial minimum. (Note that m = 1 yields Lclo = 0
by construction and is therefore not informative.) Fig. 4 shows that this minimum occurs at the
ground-truth dimension (8 for FP and HO; 5 for Burgers’; 1 for VdP), indicating that LieDynNet
recovers the correct Lie algebra dimension.

For each candidatem, we quantify alignment with the analytic algebra using principal angles between
the corresponding generator spans. Let r be the number of ground-truth generators. If m ≤ r, we
compare the learned m-dimensional span to all

(
r
m

)
m-element subsets of the ground-truth basis;

if m > r, we compare all
(
m
r

)
r-element subsets of the learned generators to the r-dimensional

ground-truth span. For each comparison we record the largest principal angle, and for each m we
aggregate the distribution of these maximal angles. As shown in Fig. 2, the minimum (over m) of
the maximal principal angle occurs at the true dimension r. At that selected dimension, Table 3
reports the principal angles for systems with r > 1, which are uniformly close to zero, confirming
that the learned generators reconstruct the ground-truth Lie algebra. Although there is no universal
threshold for how small principal angles should be, the fact that the maximal principal angle attains
its minimum at the true dimension provides a validity check of the pipeline. To aid interpretation
of these angles, we additionally benchmark them against the symmetry-discovery method of Ko et
al. (Ko et al., 2024) on the 1D viscous Burgers equation. In this baseline, the maximal principal angle
achieved by our method is substantially smaller (on the order of 20◦) than that of Ko et al. (exceeding
80◦), indicating a much closer alignment with the ground-truth symmetry algebra; see Appendix C
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(Baseline Comparison) for a detailed comparison of the learned generators. (See Figures 19-20 for
results on 2D Burgers’ equation in Appendix C.)

In the Van der Pol and Lotka–Volterra experiments, the ground-truth Lie algebra is one-dimensional,
spanned by the time-translation field v⋆ = ∂t. Accordingly, we evaluate alignment directly via a
trajectory-averaged cosine similarity between the learned generator and v⋆. (Side note: for illustration,
we also report the maximum principal angle for VdP under different m in Fig. 2d).

For VdP with state (t, x), the learned generator is v0 = ξ0(t, x) ∂t + ϕ0(t, x) ∂x. Given a solution
γ(t) = (t, x(t)) sampled at {ti}Ni=1, the discrete trajectory-averaged cosine is

cos(v⋆, v0
)
=

1
N

∑N
i=1

〈
(1, 0), (ξ0, ϕ0)

〉∣∣
(ti,x(ti))√

1
N

∑N
i=1 ∥(1, 0)∥2

√
1
N

∑N
i=1 ∥(ξ0, ϕ0)∥2

∣∣
(ti,x(ti))

=
1
N

∑N
i=1 ξ0(ti, x(ti))√

1
N

∑N
i=1

(
ξ20 + ϕ20

)
(ti, x(ti))

For LV with state (t, u, w), the learned generator is v0 = τ0(t, u, w) ∂t + ξ0(t, u, w) ∂u +
ϕ0(t, u, w) ∂w. Along a trajectory γ(t) = (t, u(t), w(t)) sampled at {ti}Ni=1, the cosine becomes

cos(v⋆, v0
)
=

1
N

∑N
i=1 τ0(ti, u(ti), w(ti))√

1
N

∑N
i=1

(
τ20 + ξ20 + ϕ20

)
(ti, u(ti), w(ti))

According to Table 4 below, the cosine similarities are close to 1 across diverse initial conditions,
indicating strong alignment with v⋆ and validating recovery of time-translation symmetry.

Table 4: Trajectory-averaged cosine similarities with the ground-truth time-translation genera-
tor v⋆ = ∂t. Higher is better (closer to 1).

System IC 1 IC 2 IC 3
VdP (x0, ẋ0) (1, 0) : 0.980 (0.5, 0) : 0.985 (2, 0) : 0.974
LV (u0, w0) (1.5, 1.0) : 0.880 (1.2, 0.8) : 0.950 (2, 0.6) : 0.930

(a) Burgers’ (b) Free Particle (c) Harmonic Oscillator (d) Van der Pol

Figure 3: Post-training IIC loss Linv across prolongation order n. Colors indicate the number of
generators m. Varying m shows the loss minimum is consistently attained at the ground-truth jet
order (2 in these experiments), rather than being a fluke tied to a particular m.

(a) Burgers’ (b) Free Particle (c) Harmonic Oscillator (d) Van der Pol

Figure 4: Post-training Lie bracket closure loss Lclo under different numbers of generators. Col-
ors denote independent runs with identical settings (different random seeds), showing the minimum
is consistently attained at the ground-truth m rather than a one-off.
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To visualize representative outcomes, Fig. 15 shows the Van der Pol (VdP) trajectory after applying
the single learned generator with ϵ = 4; the transformed trajectory closely preserves the original
solution’s shape. For the free particle (FP), Fig. 16 displays the after-flow trajectories obtained by
pushing the data through each of the eight learned generators; the resulting straight paths confirm that
the FP solution structure is preserved. Additional qualitative and quantitative results are provided
in Appendix C. Beyond these visuals, ablation studies in Appendix B show that disabling either
the infinitesimal invariance term Linv or the finite-flow consistency term Lflow consistently worsens
alignment (larger maximum principal angles) and increases closure residuals, indicating both are
necessary for stable recovery of the algebra. We also compare alternative neural surrogate parameteri-
zations and obtain comparable principal angles and algebraic metrics across forms, supporting the
model-agnostic nature of LieDynNet (in Appendix B).

5 CONCLUSION

We presented LieDynNet, a prior-free, unsupervised framework that learns Lie point symmetries
directly from spatiotemporal data by coupling differentiable ODE/PDE surrogates with principled
invariance and algebraic constraints. Concretely, we train neural surrogates and learn generators that
(i) satisfy the infinitesimal invariance condition via prolongations evaluated on the surrogate residual,
(ii) preserve dynamics under small finite flows, and (iii) obey Lie-algebra structure—closure with
constant structure coefficients, antisymmetry, Jacobi, bilinearity, and functional independence. The
pipeline also identifies the correct jet order (via the minimum of Linv) and the algebra dimension
(via the first nontrivial minimum of Lclo). Across canonical benchmarks—free particle and harmonic
oscillator (rich 8-D algebras), Van der Pol and Lotka–Volterra (time translation), and viscous Burgers
(multiple generators)—the learned spans align with analytic algebras via principal-angle diagnostics
while maintaining finite-flow validity.

Overall, LieDynNet offers a practical, equation-agnostic path from raw data to usable symmetry
structure for dynamical systems. Currently, our framework only includes point symmetries and the
identity-connected component, which is the main limitation. Future work involves extending the
framework to generalized or nonlocal symmetries that can be built on this presented pipeline.
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A PRACTICAL NOTES ON TRAINING AND EVALUATION

Workflow. Given trajectories or spatiotemporal samples, LieDynNet proceeds in three stages.

(1) Learn a differentiable surrogate of the dynamics and pick the jet order. For ODEs and PDEs, we
fit a neural surrogate in any form on the given spatiotemporal data to recover the structure of the
underlying differential equation of the data. For the purpose of identifying the true jet order, we fix
a small non-negative number of generators, then run the training and iterate through each jet order
starting from one until a clear minimum of infinitesimal invariance loss (Linv, explained later in the
text) is identified. We then freeze the identified jet order n̂ at which the minimum loss occurs.

(2) Assemble jet-space samples from the surrogate. From the trained neural surrogates fθ, we draw a
grid of states/fields and their derivatives up to order n̂. Concretely, we evaluate the on-shell (evaluated
on the solution manifold of the learned surrogate—i.e., at states/fields where the surrogate ODE/PDE
is satisfied and the governing-equation residual vanishes. ) after-flow residual Lflow together with the
derivatives needed by pr(k̂) for Linv using the jet-space samples. Here, the n̂-jet space J n̂(X,U) is
the set of tuples (x, u(n̂)) collecting all partial derivatives of u up to order n̂. These jet-space tuples
supply all inputs required to compute the symmetry losses.

(3) Learn generator vector fields under dynamical invariance and algebraic structure. We param-
eterize m candidate infinitesimal generators vi (with multi-index components for fields). Starting
from a small m, we optimize the generator network using a composite objective that (i) enforces
IIC (Linv); (ii) checks finite-flow validity Lflow by pushing samples along ϵ-flows of vi and re-
evaluating fθ to assure they still lie inside the solution space; (iii) imposes Lie-algebra structure via
closure/antisymmetry/Jacobi/bilinearity terms (Lclo, Lanti, Ljac, Lbilin) with a constancy penalty on
ckij (Lconst); and (iv) maintains functional independence through a stacked Gram penalty Lind. We
gradually increase m until the minimum Lie bracket closure loss (Lclo) is identified (which marks
the current number of generators m̂ is the correct Lie algebra dimension), never exceeding classical
bounds (e.g., m ≤ n+ 4 for scalar nth-order ODEs; m ≤ 8 for second order).

Finite-ϵ validity under numerical integration. Mathematically, a true Lie symmetry should
map solutions to solutions for any ϵ in its one-parameter group. In practice, however, our network
only enforces invariance over the finite ϵ values used during training. Numerical integration errors
accumulate as ϵ grows, so the discovered generators behave as approximate symmetries that are valid
only within a user-chosen ϵ range. This behavior is expected and not specific to our method: any
discrete-time numerical integration of continuous flows incurs truncation and round-off errors that
grow with step size and horizon.

Inferring the Lie–algebra dimension from the closure–loss curve. Let Lclo(m) denote the
post-training Lie–bracket closure loss when the model is instantiated with m generators. Note that
Lclo(1) = 0 by definition: with a single generator v1, the only bracket is [v1, v1] = 0, hence the
algebra is vacuously closed. Therefore the point m = 1 is uninformative for dimension selection and
should be excluded from the search for a nontrivial minimum.

Empirically, when the true dimension m⋆ > 1, the curve m 7→ Lclo(m) (for m ≥ 2) is U-shaped
with a unique interior minimum at m⋆, i.e.

Lclo(m
⋆) = min

m≥2
Lclo(m), Lclo(m) > Lclo(m

⋆) for all m ̸= m⋆,

so the correct dimension is read off as the argmin over m ≥ 2. In contrast, when m⋆ = 1, the curve
exhibits a right-hand increase: Lclo(1) = 0 while minm≥2 Lclo(m) remains strictly positive (up to
numerical tolerance), and typically grows with m.

A practical decision rule is

m̂ =

{
1, if Lclo(1) = 0 and minm≥2 Lclo(m) > ε,

arg min
m≥2

Lclo(m), otherwise,

with a small tolerance ε to absorb numerical noise. The only potentially ambiguous edge case is
m⋆ = 2: when m⋆ ∈ {1, 2}, the closure–loss curve over m ≥ 2 shows the same right–hand increase
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(with Lclo(1) = 0), so the shape alone cannot distinguish m⋆ = 2 from m⋆ = 1. In that case
we resolve by an auxiliary check: prefer m = 2 if the learned 2-generator model exhibits stable,
nonzero structure constants (non-commuting brackets) and/or improved consistency/fit losses relative
to m = 1; otherwise prefer m = 1.

Neural surrogates and prolongation-based loss computation. Across all ODEs, the surrogate is
first-order in time (a neural vector field on state), trained via differentiable RK4. For Burgers, the
surrogate remains first-order in time while using second-order spatial derivatives through autodiff;
in all cases, the learning is model-agnostic and purely data-driven from the analytically generated
datasets. For FP, HO, and VdP, the neural dynamics can be written as [ẋ(t) v̇(t)]

⊤
= fθ(x(t), ẋ(t))

for v(t) ≡ ẋ(t) with one independent variable t and two dependent variables x, v 1, whereas LV can
be written as [u̇(t) ẇ(t)]

⊤
= gθ(u(t), w(t)) with one independent variable t with two dependent

variables u,w with fθ, gθ denoting the neural vector fields for each case (note that this does not imply
FP, HO, and VdP share the same neural surrogate). For Burgers equation, the machine first learns
u = uϕ(x, t), then ∂tuϕ = hθ(u, ux, uxx) where uϕ, hθ represent two different neural scalar fields.
We calculate the algebraic losses (loss 3 to 8) by plugging in the generators evaluated on the training
time points. To calculate the dynamic symmetry losses (loss 1 and 2), we rewrite the above neural
analytic forms as neural differential equations:

FFP,HO,VdP(t, x, ẋ, ẍ) :=

[
ẋ(t)
v̇(t)

]
−

[
fθ,1
fθ,2

]
= 0, FLV(t, u, v, u̇, ẇ) :=

[
u̇
ẇ

]
−

[
gθ,1
gθ,2

]
= 0

FBurgers(t, x, u, ut, ux, uxx) := ut − hθ = 0

where the subscripts 1 and 2 under fθ, gθ refer to the first and second component of each neural vector
field. We can now evaluate F on the ϵ-flow of vi in loss 2, and write the IIC with prolongations as:

[
pr(1)vk(ẋ− fθ,1)
pr(2)vk(v̇ − fθ,2)

]
=

[
0
0

]
,

[
pr(1)vk(u̇− gθ,1)
pr(1)vk(ẇ − gθ,2)

]
=

[
0
0

]
, pr(2)vk(ut − hθ) = 0

for pr(a)vk being the a-th order prolongation of the generator vector field vk, which then allows us to
impose loss 1 without any known analytic equations as prior. Note that, because we are not treating
v = ẋ as a separate dependent variable but as the first derivative of x, the correct prolongation should
be second-order since v̇ ≡ ẍ.

Other than the neural vector field forms shown above, we have also trained the neural ODE
surrogates in the form of scalar neural ODEs for FP, HO, and VdP (fθ(t, x, ẋ) = ẍ). In this case,
the prolonged vector field is applied on the equation as pr(2)vi(fθ(t, x, ẋ) − ẍ). For the neural
surrogate of Burgers’ equation in the form fθ(u, ux, uxx) = ut, the prolonged vector field is applied
as: pr(2)vi(fθ(u, ux, uxx)− ut). The following table shows the neural surrogates we have trained
and tested on for each experiment.

1We treated x, v as two dependent variables when training the surrogate, but then we use second-order
prolongation when applying the prolonged vector of v = ξ∂t+ ϕ∂x on the differential equation since v̇ = ẍ. It
is also mathematically correct to apply first-order prolongation of v = τ∂t+ ξ∂x+ ϕ∂v on the same equation
for some functions τ, ξ, ϕ.
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Table 5: Neural surrogates (neural analytic forms) used in each experiment. Identical symbols
across rows (e.g., fθ, gθ) denote neural models, not shared parameters. We trained two sets of neural
surrogates - one set in the left column, the other in the right column, under "Neural Analytic Form."
In the left surrogate for 1D viscous Burgers’ equation, ϕ and θ respectively denotes two co-trained
neural networks.

Systems Neural Analytic Form

Free Particle (FP) [ẋ, v̇]⊤ = [v, fθ(x, ẋ)]
⊤ ẍ = fθ(t, x, ẋ)

Harmonic Oscillator (HO) [ẋ, v̇]⊤ = [v, fθ(x, ẋ)]
⊤ ẍ = fθ(t, x, ẋ)

Van der Pol (VdP) [ẋ, v̇]⊤ = [v, fθ(x, ẋ)]
⊤ ẍ = fθ(t, x, ẋ)

Lotka–Volterra (LV) [u̇, ẇ]⊤ = [gθ,1(u), gθ,2(w)]⊤

1D Viscous Burgers u = uϕ(x, t), ∂tuϕ = hθ

(
u, ux, uxx

)
ut = fθ(u, ux, uxx)

2D Viscous Burgers ut = fθ(u, ux, uy, uxx, uyy)

Evaluation method: principal angles between generator spans. To assess whether the learned
Lie algebra matches the ground truth, we compare spans of generators via principal angles rather
than attempting one-to-one matches between basis elements. A Lie algebra is a vector space: any
invertible linear recombination (and rescaling) of a valid generating set yields another equally valid
basis. Consequently, there is no unique “canonical” set of generator vector fields for the ground-
truth algebra, structure constants are basis-dependent (up to change of basis), and element-wise
comparisons are ill-posed. Span comparison is basis-invariant and therefore the appropriate test.

Let {vi}mi=1 be the learned generators and {wj}rj=1 the ground-truth generators. For ODEs we
consider

vi(t, x) = ξi(t, x) ∂t + ϕi(t, x) ∂x, wj(t, x) = ξ̃j(t, x) ∂t + ϕ̃j(t, x) ∂x,

while for PDEs (e.g., Burgers’) we use

vi(t, x, u) = ξi(t, x, u) ∂t + ϕi(t, x, u) ∂x + τi(t, x, u) ∂u,

wj(t, x, u) = ξ̃j(t, x, u) ∂t + ϕ̃j(t, x, u) ∂x + τ̃j(t, x, u) ∂u.

We evaluate all generators on a uniform grid Ω matched to the training domain:

ΩODE = {(tr, xs) : r = 1, . . . , R; s = 1, . . . , S} ⊂ [tmin, tmax]× [xmin, xmax],

or
ΩPDE = {(tr, xs, uq) : r = 1, . . . , R; s = 1, . . . , S; q = 1, . . . , Q}

⊂ [tmin, tmax]× [xmin, xmax]× [umin, umax].

Let p = 2 for ODEs (components [ξ, ϕ]) and p = 3 for PDEs (components [ξ, ϕ, τ ]). We stack
samples into

Bℓ ∈ R(p|Ω|)×m, Bg ∈ R(p|Ω|)×r,

whose columns are the flattened component values over Ω (subscripts ℓ and g denote learned and
ground truth, respectively). Using the identity (Euclidean) inner product on Rp|Ω|, we compute
reduced QR factorizations Bℓ = QℓRℓ and Bg = QgRg, then obtain the principal angles {θk}dk=1
between span(Bℓ) and span(Bg) from

cos θk = σk
(
Q⊤
g Qℓ

)
, d = min(rankBℓ, rankBg), θk ∈ [0, π2 ],

where σk(·) are singular values in descending order. We report {θk} in degrees (largest to smallest);
smaller angles indicate closer span alignment, with θk = 0◦ for all k iff the sampled spans coincide
under the identity metric. In practice, once the correct number of generators is identified (m = r,
full rank), d = m. As a scalar summary across candidate dimensions r, we also track maxk θk; the
correct algebra dimension exhibits the smallest maximum principal angle and angles clustered near
zero. Although there is no universal threshold or benchmark for how small principal angles must be,
the fact that the maximum principal angle attains its minimum at the correct number of generators —
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and that all angles at that dimension are near zero — indicates that the method has correctly identified
both the dimension and the algebra.

Geometrically, the principal angles {θk} between two spaces V,W ⊂ RN quantify how “aligned”
the spaces are: θ1 is the smallest angle between any two unit vectors v ∈ V and w ∈ W , θ2 is the
smallest angle between the spaces after removing the first principal directions, and so on. Thus
θk = 0◦ for all k if and only if the spaces coincide, and all θk near 0◦ means that every direction in
one space can be represented with very small error by directions in the other. In our setting, these
spaces are the spans of sampled generator fields on the training grid, so small principal angles directly
express geometric agreement between the learned and analytic symmetry directions as functions on
spacetime.

Evaluation method comparison: between principal-angle and structure constants. We chose
principal angles over other evaluation metrics - such as structure constants - as the primary metric for
several reasons:

• Basis invariance at the level of spans. A Lie algebra is defined up to a change of basis: if
{vi} and {ṽj} are two bases of the same algebra, their structure constants are related by a
nontrivial change-of-basis transformation. To compare learned and ground-truth structure
constants, one must first identify (or solve for) the correct linear isomorphism between the
two bases, which is itself an optimization problem. Principal angles, by contrast, compare
spaces span{vi} and span{ṽj} directly in the ambient function space, and are completely
independent of the particular basis used within each span.

• Interpretability and robustness. Raw structure constants are sensitive to arbitrary rescalings
and reorderings of generators, and their numerical values are not very intuitive to most
readers: small perturbations in the basis can induce complicated, coupled changes in the
table of ckij . Principal angles, on the other hand, lie in [0◦, 90◦] and have a clear geometric
meaning: they measure the worst-case misalignment between the learned and true algebras
on the sampled domain. This makes them a more transparent “strength-of-match” diagnostic.

• Functional vs. purely algebraic agreement. In our pipeline, closure and Jacobi are already
enforced during training, so the learned structure constants are by construction close to
constant and satisfy the Lie–algebra axioms. What is not guaranteed by these algebraic
checks alone is that the resulting subspace of vector fields agrees with the analytic symmetry
directions of the underlying dynamics on the domain of interest. Principal angles address
exactly this point: they measure how well the Lie algebra spanned by the learned generators
(as vector fields on spacetime) approximate the analytic ground-truth symmetry algebra.

Prolongation Formulas. In this section, we explicitly show the prolongation formulas used in
training and the iteration of different jet orders shown in Figure 3.

• Case 1: generators of the form vi = ξ(t, x)∂t+ ϕ(t, x)∂x with x = x(t).

Dt = ∂t + xt∂x + xtt∂xt
+ xttt∂xtt

+ xtttt∂xttt
+ · · ·

Q = ϕ(t, x)− xtξ(t, x), ϕ(1) = Dt(ϕ)− xttDt(ξ),

The recursive formula gives:

ϕ(k+1) = Dt

(
ϕ(k)

)
− xtk+1Dt(ξ), k ≥ 1,

where xtk = dkx
dtk

. Then we have the prolongations from order 1 to 4:

pr(1) v = ξ∂t + ϕ∂x + ϕ(1)∂xt
, pr(2) v = pr(1) v + ϕ(2)∂xtt

pr(3) v = pr(2) v + ϕ(3)∂xttt
, pr(4) v = pr(3) v + ϕ(4)∂xtttt

.

• Case 2: generators of the form vi = τ(t, u, w)∂t + ξ(t, u, w)∂u + ϕ(t, u, w)∂w with
u = u(t), w = w(t).

Dt = ∂t + ut∂u + wt∂w + utt∂ut + wtt∂wt + uttt∂utt + wttt∂wtt + · · ·
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Characteristics and first coefficients:

Qu = ξ − utτ, Qw = ϕ− wtτ,

ηu,(1) = Dt(ξ)− uttDt(τ), ηw,(1) = Dt(ϕ)− wttDt(τ).

The recursive formulas give:

ηu,(k+1) = Dt

(
ηu,(k)

)
− utk+1Dt(τ), ηw,(k+1) = Dt

(
ηw,(k)

)
− wtk+1Dt(τ), k ≥ 1.

Then we have the prolongations from order 1 to 4:

pr(1) v = τ∂t + ξ∂u + ϕ∂w + ηu,(1)∂ut + ηw,(1)∂wt ,

pr(2) v = pr(1) v + ηu,(2) ∂utt
+ ηw,(2)∂wtt

,

pr(3) v = pr(2) v + ηu,(3)∂uttt
+ ηw,(3)∂wttt

,

pr(4) v = pr(3) v + ηu,(4)∂utttt
+ ηw,(4)∂wtttt

.

• Case 3: generators of the form vi = ξ(t, x, u)∂t + ϕ(t, x, u)∂x + τ(t, x, u)∂u with u =
u(x, t).

Dt = ∂t + ut∂u + utt∂ut + utx∂ux + uttt∂utt + uttx∂utx + utxx∂uxx + · · ·

Dx = ∂x + ux∂u + utx∂ut
+ uxx∂ux

+ uttx∂utt
+ utxx∂utx

+ uxxx∂uxx
+ · · ·

Characteristic and order-1 coefficients:

Q = τ − ξut − ϕux,

ηt = Dt(Q) + ξutt + ϕutx ηx = Dx(Q) + ξutx + ϕuxx.

Order-2 coefficients:

ηtt = D2
t (Q)+ξuttt+ϕuttx ηtx = DtDx(Q)+ξuttx+ϕutxx ηxx = D2

x(Q)+ξutxx+ϕuxxx.

Order-3 coefficients:

ηttt = D3
t (Q) + ξutttt + ϕutttx ηttx = D2

tDx(Q) + ξutttx + ϕuttxx,

ηtxx = DtD
2
x(Q) + ξuttxx + ϕutxxx ηxxx = D3

x(Q) + ξutxxx + ϕuxxxx.

Order-4 coefficients:

ηtttt = D4
t (Q) + ξuttttt + ϕuttttx ηtttx = D3

tDx(Q) + ξuttttx + ϕutttxx,

ηttxx = D2
tD

2
x(Q) + ξutttxx + ϕuttxxx ηtxxx = DtD

3
x(Q) + ξuttxxx + ϕutxxxx,

ηxxxx = D4
x(Q) + ξutxxxx + ϕuxxxxx.

Then we have the prolongations from order 1 to 4:

pr(1) v = ξ∂t+ ϕ∂x+ τ∂u+ ηt∂ut + ηx∂ux ,

pr(2) v = pr(1) v + ηtt∂utt
+ ηtx∂utx

+ ηxx∂uxx
,

pr(3) v = pr(2) v + ηttt∂uttt
+ ηttx∂uttx

+ ηtxx∂utxx
+ ηxxx∂uxxx

,

pr(4) v = pr(3) v + ηtttt∂utttt
+ ηtttx∂utttx

+ ηttxx∂uttxx
+ ηtxxx∂utxxx

+ ηxxxx∂uxxxx
.

16



864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917

Under review as a conference paper at ICLR 2026

B ABLATION STUDIES

B.1 CONSTANCY LOSS

Let m be the number of learned generators and let p ∈ P index samples in a (mini)batch, where each
sample corresponds to a spacetime point (tp, xp). Each generator has the form

vi(t, x) = ξi(t, x) ∂t + ϕi(t, x) ∂x, i = 1, . . . ,m.

Let Vp ∈ R2×m collect the (ξ, ϕ) rows of the m learned generators evaluated at sample p, i.e.,

Vp =

[
ξ1(tp, xp) · · · ξm(tp, xp)
ϕ1(tp, xp) · · · ϕm(tp, xp)

]
.

Let B(i,j)
p ∈ R2 denote the (ξ, ϕ)-components of the Lie bracket [vi, vj ] evaluated at (tp, xp). There

are two natural ways to compute coefficients c(i,j) ∈ Rm such that [vi, vj ] ≈
∑m
k=1 c

(i,j)
k vk in the

(ξ, ϕ) components:

(i) Local projection (per-sample) + constancy. For each p, solve the minimum-norm local least
squares

c(i,j)p = arg min
c∈Rm

∥∥B(i,j)
p − Vpc

∥∥
2

= V ⊤
p

(
VpV

⊤
p + εI2

)−1
B(i,j)
p .

Here I2 is the 2× 2 identity matrix and ε > 0 is a small Tikhonov regularizer for numerical stability.
The closure residual is e(i,j)p = B

(i,j)
p − Vpc(i,j)p . We minimize

∑
p∈P ∥e

(i,j)
p ∥1 for closure and add

a constancy penalty on the dispersion of the local coefficients, e.g.∑
p∈P

Varp
[
c(i,j)p

]
,

where Varp[·] denotes the elementwise variance over the batch P , to encourage c(i,j)p to be sample-
independent.

(ii) Global normal equations (constancy built-in). Solve a single ridge-regularized global regression
for each pair (i, j):

c(i,j) = argmin
c

∑
p∈P

∥∥B(i,j)
p − Vpc

∥∥2
2
+ λ∥c∥22 =

(∑
p∈P

V ⊤
p Vp + λIm

)−1(∑
p∈P

V ⊤
p B

(i,j)
p

)
,

where Im is the m×m identity matrix and λ > 0 is a ridge parameter. This directly yields a single,
sample-constant c(i,j), so no explicit constancy term is added.

Why we prefer the current (local + constancy) formulation here:

1. Robustness to local rank loss and nonuniform coverage. When some Vp are ill-conditioned
or nearly rank-1, the local projection keeps closure measured at each p while the variance
term softly aligns coefficients; the global normal equations can be biased by such regions
because they aggregate

∑
p V

⊤
p Vp and may overfit dense/ill-conditioned parts of the state

space.

2. Optimization practicality with minibatches. The local residuals and constancy penalty
work seamlessly with stochastic training (no need to materialize

∑
p V

⊤
p Vp over the full

dataset); they provide stable, per-batch gradients early in training when the span col(Vp)
is still moving, whereas the global solve implicitly couples all samples and is harder to
approximate well from small batches. Here col(Vp) denotes the column space of Vp.

We performed a controlled ablation on the free particle (FP) and the harmonic oscillator (HO) in
which the only change was the estimator for the structure constants—(i) local per-sample projection
with a constancy penalty versus (ii) a single global normal-equation solve. As shown in Table 6,
approach (i) consistently produces smaller principal angles than (ii), indicating closer alignment to
the ground-truth symmetry algebra.
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Table 6: Ablation of Constancy Loss. Principal angles for FP (free particle) and HO (harmonic
oscillator) at different implementations of structure constants. “Gen ℓ” denotes the ℓ-th principal
angle (in degrees) between the learned and analytic generator spans, ordered nondecreasing.

Systems Gen 1 Gen 2 Gen 3 Gen 4 Gen 5 Gen 6 Gen 7 Gen 8

FP(i) 15.390◦ 7.052◦ 0.781◦ 0.260◦ 0.092◦ 0.082◦ 0.005◦ 0.002◦

FP(ii) 31.066◦ 26.881◦ 0.725◦ 0.530◦ 0.502◦ 0.302◦ 0.018◦ 0.007◦

HO(i) 10.044◦ 7.568◦ 5.554◦ 3.419◦ 1.433◦ 0.757◦ 0.328◦ 0.176◦

HO(ii) 28.042◦ 21.087◦ 14.417◦ 9.196◦ 8.262◦ 2.976◦ 0.409◦ 0.069◦

B.2 IIC AND FLOW-BASED VALIDITY

From a theoretical standpoint, the infinitesimal invariance condition (IIC) and flow-based validity are
equivalent: on a smooth solution manifold, satisfying one implies the other. In practice, however,
enforcing both losses yields markedly better numerical behavior. We verify this with an ablation
in which we disable Linv, Lflow, or both when training on Burgers’ equation and on the harmonic
oscillator. Figure 14 reports the post-training maximum principal angle between the learned and
analytic generator spans. Removing either term consistently increases this angle relative to the “both
on” setting, indicating poorer alignment with the ground-truth Lie algebra. These results support
including both losses during training.

(a) Burgers’ (b) Harmonic oscillator

Figure 5: Ablation of Linv and Lflow. Maximum principal angle (lower is better) when different
combinations of losses are used. “normal” uses both losses; winv and wflow denote their weights.

B.3 NEURAL SURROGATES

To assess the model-agnostic nature of LieDynNet, we repeated the full pipeline while swapping the
neural surrogate used for the dynamics. We kept all other settings fixed and measured the post-training
principal angles on the harmonic oscillator and Burgers’ equation with different surrogates. The two
surrogate parameterizations are listed in Table 5; we refer to them as (1) and (2), corresponding to the
first and second columns of that table, respectively. As shown in Table 7, the angles are comparable
across the two surrogates for each system, indicating similar alignment with the analytic symmetry
subspace. This supports the claim that LieDynNet is not tied to a particular surrogate form.

Table 7: Neural surrogates: post-training principal angles (degrees). Comparison of principal
angles for the harmonic oscillator (HO) and Burgers’ equation under two surrogate parameterizations.
“(1)” and “(2)” denote the first and second surrogate forms in Table 5. Lower is better.

System Gen 1 Gen 2 Gen 3 Gen 4 Gen 5 Gen 6 Gen 7 Gen 8

HO (1) 11.437◦ 9.152◦ 4.708◦ 3.364◦ 2.891◦ 1.823◦ 1.574◦ 1.605◦

HO (2) 10.044◦ 7.568◦ 5.554◦ 3.419◦ 1.433◦ 0.757◦ 0.328◦ 0.176◦

1D Burgers’ (1) 19.812◦ 18.731◦ 12.644◦ 8.907◦ 6.953◦ —
1D Burgers’ (2) 21.081◦ 17.129◦ 13.778◦ 7.343◦ 5.696◦ —
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C ADDITIONAL EXPERIMENT RESULTS

Heat maps. In this section, we include the heatmaps of the learned generators in each experiment.

Figure 6: 1D Viscous Burgers’ equation: heat maps of learned generators.

Figure 7: Harmonic Oscillator: heat maps of learned generators.

Figure 8: Free Particle: heat maps of learned generators.
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Figure 9: Van der Pol: heat maps of learned generators.

LV Results. In this section, we report the relevant results for the experiment done on Lotka-Volterra.

(a) Jet order vs. invariance loss Linv (b) Number of generators m vs. closure loss Lclo

Figure 10: Lotka–Volterra results. (a) Linv vs. jet order k. (b) Lclo vs. number of generators m.

After-flow residuals and result visualizations. In this section, we show the residuals of plugging
the after-flow trajectories under each learned generator into the analytic equation of each experiment.
For each experiment, we generated a solution trajectory directly from the analytic equation, and then
integrated it along the pseudo-time parameter ϵ with Heun step (rk2) to get the flow. We then plugged
the after-flow trajectories into the analytic equation to see whether they remain in the solution space,
and plotted different ϵ values in [0, 2] versus RMSE of residual. To visualize the results, we also
chose FP and VdP as examples in Figure 15 and Figure 16 to show the classical shapes of solution
trajectories are preserved after flowing along the learned generators.

Figure 11: Free Particle: ϵ versus after-flow residuals.
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Figure 12: Harmonic Oscillator: ϵ versus after-flow residuals.

Figure 13: 1D Burgers’ Equation: ϵ versus after-flow residuals.

(a) Van der Pol Oscillator. (b) Lotka-Volterra.

Figure 14: ϵ versus after-flow residuals: (a)VdP and (b) LV.

Figure 15: Visualization of after-flow trajectories under learned symmetry generator for VdP. (a)
The panel on the left shows the original trajectory and transformed trajectory via the learned symmetry
generator with ϵ = 4.0. The left panel shows that the ground-truth time-translation symmetry is
recovered. (b) The panel on the right is the representative phase-portrait of (x, ẋ).
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Figure 16: Visualization of after–flow trajectories under learned symmetry generator for FP.
Transformed trajectories under the learned Lie generators with total deformation ϵ = 1. Starting
from the free–particle trajectory x(t) = a t+ b (black dashed), we integrate the ϵ–flow dt

dϵ = ξk(t, x),
dx
dϵ = ϕk(t, x) using RK4 to obtain (tϵ, xϵ) for each generator k (one panel per k on a 4 × 4
grid). Colored curves show the transformed trajectories ; dotted lines overlay the least-squares fit
x ≈ mkt+ ck with R2 reported in the legend (boldface). The transformed trajectories preserve the
straight shape of FP’s solution.

Baseline Comparison. To clarify how our principal-angle metric reflects algebra alignment quality,
we focus on the most challenging setting in our experiments, namely the 1D viscous Burgers equation,
where the learned principal angles are largest relative those from other experiments. We compare our
method against the symmetry-discovery approach of Ko et al. (Ko et al., 2024), which also learns
symmetry generators for the 1D viscous Burgers equation (ut+uux = νuxx). Their method recovers
four symmetry generators: v1 = ∂x, v2 = ∂t, v3 = t ∂x + ∂u, v4 = u ∂u. For both methods we
apply the same algebra-alignment evaluation described before: we compute principal angles between
the span of the learned generators and all four-dimensional subspaces of the five-dimensional gro
und-truth Burgers Lie algebra. Since there are

(
5
4

)
= 5 such subsets, we obtain five sets of principal

angles. For each subset, we record the maximum principal angle, and we also record the maximum
principal angle for our method; these six values are visualized in Figure 17.

Figure 17: Maximum principal-angle comparison on the 1D viscous Burgers equation. Each bar
labeled “Ko et al. (subset k)” shows the maximum principal angle (in degrees) between the four
generators learned by Ko et al. (Ko et al., 2024) and one of the

(
5
4

)
= 5 four-dimensional subspaces

of the five-dimensional ground-truth Lie algebra. The bar labeled “LieDynNet (ours)” shows the
corresponding maximum angle for our method, which is substantially smaller than all Ko et al.
subsets, indicating a closer alignment with the ground-truth symmetry algebra.

22



1188
1189
1190
1191
1192
1193
1194
1195
1196
1197
1198
1199
1200
1201
1202
1203
1204
1205
1206
1207
1208
1209
1210
1211
1212
1213
1214
1215
1216
1217
1218
1219
1220
1221
1222
1223
1224
1225
1226
1227
1228
1229
1230
1231
1232
1233
1234
1235
1236
1237
1238
1239
1240
1241

Under review as a conference paper at ICLR 2026

Plot of Table 3. We use line plots to visualize the principal angles recorded for the Free Particle,
Harmonic Oscillator, and Burgers’ equation experiments (data taken from Table 3).

Figure 18: Principal angles for the Free Particle, Harmonic Oscillator, and Burgers’ equation
experiments across learned generators (corresponding to Table 3).

2D Viscous Burgers’ Results. In this section, we report the relevant results for the experiments
done on 2D viscous Burgers’ equation.

(a) Jet order vs. invariance loss Linv (b) Number of generators m vs. closure loss Lclo

Figure 19: 2D Burgers’ results. (a) Linv vs. jet order k. (b) Lclo vs. number of generators m.

Figure 20: Distribution of combination-wise maximum principal angles; same notation as in
Figure 2
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D TRAINING DETAILS

Table 8: Compute summary for the main experiments. For each system, we report the number
of trainable parameters (#Params), wall-clock time per epoch, total training time, and peak GPU
memory usage. All measurements are obtained on a single GPU ([GPU model]). Abbreviations:
Free-Particle (FP), Simple Harmonic Oscillator (SHO), Van-der Pol Oscillator (VdP), Lotka-Volterra
(LV), Burgers Equation (BE), Neural ODE (NO), Generator Network (GN), Neural PDE (NP).

Experiment #Params Time / epoch (s) Total training time (h) Peak GPU mem. (GB)

FP NO(4481), GN(18960) 0.195 0.603 59.99
SHO NO(4481), GN (18960) 0.147 0.295 30.17
VdP NO (4481), GN(17154) 0.034 0.079 59.97
LV NO(4482), GN(17411) 0.032 0.073 59.93
BE NP(17153), GN(18959) 0.065 0.282 30.18

D.1 SECOND–ORDER SYSTEMS (FREE PARTICLE, HARMONIC OSCILLATOR, VAN DER POL)

For the one–dimensional mechanical benchmarks (free particle, simple harmonic oscillator, and Van
der Pol oscillator) we use a common neural–ODE pipeline based on a scalar second–order surrogate

ẍ(t) = fθ
(
x(t), ẋ(t), t

)
,

with system–specific ground–truth dynamics:

Free particle: ẍ = 0, (1)

SHO: ẍ = −ω2x, (2)

Van der Pol: ẍ = µ(1− x2)ẋ− x. (3)

Synthetic trajectory data. For each system we generate a batch of synthetic trajectories
{x(i)(tn), ẋ(i)(tn)} on a uniform time grid tn = n∆t, n = 0, . . . , T − 1, starting from randomly
sampled initial conditions (x(i)0 , ẋ

(i)
0 ). For the free particle and SHO we use closed–form solutions

(x(t) = x0 + ẋ0t, ẋ(t) = ẋ0 for the free particle; the standard sinusoidal formulas for the SHO),
while for the Van der Pol oscillator we integrate the first–order system ẋ = ẋ, v̇ = µ(1− x2)v − x
with an RK4 time–stepping scheme using small time step ∆t. Independent Gaussian noise is added
to the observed positions and velocities to test robustness.

Given the velocity time series, we form supervised “pseudo–labels” for the acceleration at interior
times via a central finite–difference approximation

a
(i)
FD(tn) ≈

ẋ(i)(tn+1)− ẋ(i)(tn−1)

2∆t
, n = 1, . . . , T − 2,

and build a regression dataset by pairing mid–point states and times with these finite–difference
accelerations,

X =
(
x(i)(tn), ẋ

(i)(tn), tn
)
∈ R3, y = a

(i)
FD(tn) ∈ R,

and reshaping over all trajectories and time indices.

Prior–free second–order neural surrogate. The acceleration field fθ is represented by a fully–
connected MLP

fθ : R3 → R, (x, ẋ, t) 7→ fθ(x, ẋ, t),

with input (x, ẋ, t), two hidden layers of width 64, and a scalar output, using tanh nonlinearities on
all hidden layers. No physics prior (e.g. polynomial, Hamiltonian, or parametric form) is imposed:
the network is a generic MLP on the raw state and time coordinates.

Before training, we apply per–feature z–score normalization to the inputs and outputs:

X̃ = (X − µX)/σX , ỹ = (y − µy)/σy,
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with means and standard deviations computed over the training set. These statistics are stored and
reused at evaluation time.

We train fθ by minimizing the mean–squared error between predicted and target accelerations on
minibatches of the normalized dataset,

LMSE(θ) = E(X,y)

[(
fθ(X̃)− ỹ

)2]
,

using the Adam optimizer with learning rate 3 × 10−3, and 2,000 gradient steps (JAX + Optax;
we fall back to a simple momentum SGD implementation if Optax is unavailable). Gradients are
obtained via automatic differentiation (no hand–coded adjoints), and we periodically evaluate the
full–dataset MSE to monitor convergence.

Learned–ODE rollout and densified data. To verify dynamical fidelity, we integrate the learned
second–order neural ODE

ẋ = v, v̇ = fθ(x, v, t)

forward in time using an RK4 integrator, starting from unseen initial conditions, and compare the
resulting trajectories (x(t), v(t)) against analytic (free particle, SHO) or high–accuracy numerical
(Van der Pol) references. All ODE rollouts use the same time step ∆t as the data generator, and the
neural surrogate is always evaluated on normalized inputs and then un–normalized back to physical
acceleration.

In addition, for the symmetry–learning experiments we use the trained ẍ = fθ model itself to generate
a denser coverage of the phase–space box by sampling many initial conditions and rolling out the
learned dynamics while enforcing simple bounding heuristics on |x(t)|. These model–generated
trajectories are post–processed exactly as above (central difference on ẋ to obtain accelerations at
interior time points), forming a large cloud of labeled points in (x, ẋ, t, a) space that is then used to
train the symmetry generators.

Neural symmetry generators. For all three second–order benchmarks we parameterize n Lie point
symmetry generators on the configuration space (t, x) as

vi(t, x) = ξi(t, x) ∂t + ϕi(t, x) ∂x, i = 1, . . . , n,

where n = 8 for the free particle and harmonic oscillator, and n = 1 for the Van der Pol oscillator.
All generators share a common Haiku MLP “trunk” of width 128 with tanh activations, followed by
n separate linear heads, so that the network

gψ : (t, x) 7→
[
ξi(t, x), ϕi(t, x)

]n
i=1
∈ Rn×2

produces the generator coefficients at any point (t, x). Before feeding (t, x) to the network we apply
a fixed affine rescaling to map the training domain into a compact box.

Generator losses and three–stage schedule. To train gψ we use a family of seven loss terms (we
merged Lclo and Lconst into one loss), evaluated on two types of batches:

• Algebraic batches: random points z = (t, x) in a rectangular box, used in losses L1–L5.
• On–shell jet batches: points (x, v, t, a) lying on the learned equation ∆(x, v, t, a) =
fθ(x, v, t)− a = 0, obtained by rolling out the neural ODE and using the surrogate fθ to
define a. These are used in losses L6 and L7.

The individual losses are:

• L1: Lie bracket closure and constancy. At each z we form Lie brackets [vi, vj ](z) using Jaco-
bians computed by autodiff, and fit structure constants ckij via a small Tikhonov–regularized
least–squares problem [vi, vj ](z) ≈

∑
k c

k
ijvk(z). We penalize both the projection residual

and the variance of ckij across z, encouraging a constant finite–dimensional Lie algebra.

• L2: Jacobi identity. Using the fitted ckij , we penalize violations of the Jacobi identities∑
cyc c

m
ij c

ℓ
mk = 0.
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• L3: Skew–symmetry. We penalize deviations from ckij + ckji = 0.

• L4: Bilinearity. We sample random linear combinations of generators and enforce that the
bracket is bilinear by comparing brackets of sums with sums of brackets.

• L5: Column independence. We form the empirical Gram matrix of {vi(z)}ni=1 over a
batch and penalize small singular values, encouraging the generator family to span an
n–dimensional subspace rather than collapsing.

• L6: Infinitesimal invariance of the second–order ODE. We consider the residual
∆(x, v, t, a) = fθ(x, v, t)− a and construct the second prolongation pr(2)vi of each gener-
ator on the jet space (t, x, v, a). Using autodiff for all derivatives of fθ and vi, we evaluate
pr(2)vi(∆) on on–shell jets (∆ = 0) and penalize its magnitude, enforcing infinitesimal
invariance of the learned equation ẍ = fθ.

• L7: Flow–based invariance in jet space. Starting from an on–shell jet (x, v, t, a), we
integrate the jet ODE induced by the prolonged generator vi with a small group parameter ε
(one Heun/RK2 step on (x, v, t, a) 7→ (x′, v′, t′, a′)), and penalize the post–flow residual
|fθ(x′, v′, t′)− a′|. This complements L6 with a finite–ε test.

In the free particle experiment we additionally use an eighth, purely unsupervised span regularizer
L8, which evaluates the generators on a dense grid in (t, x), forms the associated Gram matrix, and
promotes large, isotropic span (via a log–determinant and conditioning penalty). This encourages the
learned generators to occupy an 8–dimensional subspace without collapsing, while remaining fully
prior–free (no access to analytic generators).

We optimize the generator parameters ψ with a three–stage curriculum. In all cases we use Adam,
JAX–jitted training steps, and global gradient clipping, but the loss weights differ by stage:

• Stage 1 (algebra pre–training). We emphasize the algebraic losses with modest invariance:
weights (w1, . . . , w7) ≈ (1, 1, 1, 1, 1, 0.2, 0). For the free particle, wspan = 0 in this stage.

• Stage 2 (Dynamics–aware refinement). We increase the weights on the invariance losses
L6, L7 (e.g. w6 ≈ 0.7, w7 ≈ 0.5), keeping the algebraic constraints active. For the free
particle, we also turn on a small span weight w8 > 0.

• Stage 3 (cooldown and stabilization). We further increase the invariance weights and, in
the free particle case, the span weight. This stage also uses a simple “cooldown” mechanism:
if any individual loss blows up beyond a large threshold, we revert to the best parameters so
far, shrink the learning rate, and restart the optimizer.

Across all three benchmarks, all derivatives (for both the neural ODE fθ and the generators vi) are
obtained via automatic differentiation, and all loss terms are fully vectorized over batches of (t, x) or
(x, v, t, a) points. This yields learned generators that simultaneously (i) form a finite–dimensional Lie
algebra and (ii) act as continuous symmetries of the learned second–order dynamics ẍ = fθ(x, ẋ, t).

D.2 LOTKA-VOLTERRA

We consider the classical Lotka–Volterra system

ẋ = αx− βxy, ẏ = −γy + δxy, (4)

with parameters (α, β, γ, δ) = (1.5, 1.0, 3.0, 1.0) and state z = (x, y) ∈ R2.2

Stage 0: synthetic LV trajectories. We draw B = 32 i.i.d. initial conditions z
(b)
0 ∼

U([xmin
0 , xmax

0 ]2) with xmin
0 = 0.5, xmax

0 = 1.5, and integrate the ground–truth LV ODE on [0, Tdata]
with Tdata = 20 using a fourth–order Runge–Kutta scheme with step ∆t = 0.05:

z
(b)
n+1 = RK4

(
fLV, z

(b)
n ,∆t

)
, n = 0, . . . , Ndata − 1, Ndata = Tdata/∆t+ 1. (5)

This yields a tensor ztrue ∈ RB×T×2 of prey–predator trajectories.

2Implementation details follow the released JAX/Haiku code.
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We normalize the state componentwise,

s =
z − µz
σz

, µz = E[ztrue], σz = Std[ztrue] + 10−6, (6)

and work henceforth in the normalized coordinates s = (sx, sy).

Stage 1–2: prior–free neural LV surrogate. We approximate the (unknown to the algorithm) LV
vector field by a purely data–driven neural ODE

fθ : R2 → R2, ṡ ≈ fθ(s), (7)

implemented as an MLP with tanh activations, hidden width 64, and two hidden layers. Importantly,
fθ is prior free: we do not hard–code any LV structure (no polynomial form, no positivity constraints,
etc.); the only “prior” is that the dynamics depends smoothly on the state s.

We train fθ in two stages:

• Stage 1 (multi–shooting on short segments). From the normalized trajectories strue we
extract overlapping segments of length L corresponding to a physical window Tsegment = 3,
with stride L/2. Let s(m) ∈ RL×2 denote the m–th segment and s(m)

0 = s
(m)
0 its initial

state. For each segment we roll out the neural ODE

s
(m)
pred = rollout

(
fθ, s

(m)
0 ,∆t, L

)
, (8)

using the same RK4 scheme as above, and minimize the mean–squared segment mismatch

Lseg(θ) =
1

ML

M∑
m=1

L−1∑
n=0

∥∥s(m)
pred(tn)− s

(m)
true(tn)

∥∥2
2
. (9)

We optimize θ with Adam (lr = 10−3) for 8000 steps.

• Stage 2 (full–trajectory fine–tuning). We then fine–tune on the full normalized trajectories
strue by rolling out from each normalized initial condition s(b)0 for the entire horizon and
minimizing

Lfull(θ) =
1

BT

B∑
b=1

T−1∑
n=0

∥∥s(b)pred(tn)− s
(b)
true(tn)

∥∥2
2
, (10)

again using RK4 and Adam with a smaller learning rate 10−4 for 3000 steps.

After Stage 2, the parameters θ̂ are frozen and define the learned LV surrogate fθ̂; all symmetry
learning uses this frozen neural ODE.

Stage 3: supervised dataset from the learned LV ODE. To obtain dense vector–field samples,
we roll out the learned neural ODE in the original (unnormalized) coordinates. We draw ntraj new
initial conditions z(b)0 ∼ U([xmin

0 , xmax
0 ]2), normalize to s(b)0 , and integrate

ṡ = fθ̂(s), z = µz + σz ⊙ s, (11)

for T time steps with step ∆t. At each time we evaluate the normalized RHS fθ̂(s) and rescale to
obtain the physical derivatives

ż = σz ⊙ fθ̂

(
z − µz
σz

)
. (12)

From these rollouts we construct a supervised dataset over midpoints tk:

X = (t, x, y) ∈ R3, ytargets = (ẋ, ẏ) ∈ R2, (13)

by stacking (t, x, y) and the corresponding (ẋ, ẏ) across all trajectories and times.
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Stage 4: neural symmetry generators for LV. We parameterize n candidate Lie point symmetry
generators in the extended space (t, x, y) as

vi(t, x, y) = τi(t, x, y) ∂t + ξi(t, x, y) ∂x + ϕi(t, x, y) ∂y, i = 1, . . . , n. (14)
In code we use a shared “trunk” network plus n linear heads (Gen8): an MLP with two hidden layers
of width 128 and tanh activation maps (t, x, y) to a tensor [τi, ξi, ϕi]ni=1 ∈ Rn×3.

Let Fψ(t, x, y) denote the stacked generator outputs and let Jψ(t, x, y) denote their Jacobian with
respect to (t, x, y), both obtained by automatic differentiation.

We then train ψ using only two invariance losses:

• Linv: first–prolongation invariance. For each generator vi we form its first prolongation in
the jet space (t, x, y, p, q) with p = ẋ, q = ẏ, using standard formulas and the LV field W .3
Evaluated on on–shell jets (t, x, y, p, q) with (p, q) given by the frozen LV surrogate, we
penalize the squared (or absolute) residual of the infinitesimal invariance condition

pr(1)vi
(
ż − fθ̂(z)

)
= 0,

normalized by local scales and regularized by small penalties on ∥τi, ξi, ϕi∥ and their
Jacobians.

• Lflow: flow–based invariance (Heun in jet space). We also consider the finite–ε flow
of each generator in jet space. Starting from an on–shell jet (t, x, y, p, q), we integrate
the jet–space ODE for vi with a small step ε (Heun/RK2, typically one step), obtaining
(t′, x′, y′, p′, q′). We then enforce that the pushed–forward jet remains on the LV manifold
by penalizing ∥∥(p′, q′)− fθ̂(x′, y′)∥∥,
averaged over generators, batch points, and initial jets.

In practice we use n = 1 generator for the LV experiment and train in three stages with Adam and
global gradient clipping: Stage 1 uses only L6; Stages 2 and 3 gradually increase the weight on L7

while keeping L6 active. All structure losses on the Lie algebra (closure, Jacobi, bilinearity, column
independence) are disabled for LV (w1 = · · · = w5 = 0); the generator is therefore identified purely
by its invariance to the learned LV dynamics.

D.3 BURGERS’ EQUATION

We study the viscous Burgers equation on a periodic domain,
ut + uux = νuxx, (t, x) ∈ [0, 5]× [−6, 6], ν = 10−2, (15)

with smooth localized initial data. The ground–truth trajectories u(t, x) are generated using a spectral
Fourier method with wavenumbers k = 2π fftfreq(Nx) and a fourth–order Runge–Kutta integrator:

ux = F−1
(
ikF [u]

)
, uxx = F−1

(
−k2 F [u]

)
, (16)

ut = −uux + νuxx, (17)

where F denotes the Fourier transform. This yields pairs
(
u(t, x), ut(t, x)

)
on a space–time grid.

Prior–free neural PDE surrogate. From these trajectories we build a supervised dataset of local
jets

X =
(
u, ux, uxx

)
∈ R3, y = ut ∈ R,

followed by standard normalization X 7→ (X − µX)/σX , y 7→ (y − µy)/σy. We then train a
fully–connected MLP

fθ : R3 → R, ut ≈ fθ(u, ux, uxx), (18)
with tanh activations and hidden width 128, by minimizing the mean–squared error

LPDE(θ) =
1

N

N∑
n=1

(
fθ(Xn)− yn

)2
, (19)

using Adam. No physics prior is hard–coded into fθ; it is a purely data–driven surrogate for the
Burgers right–hand side. After training, θ is frozen and fθ is used as a differentiable black–box PDE.

3All jet coefficients and derivatives are obtained via JAX automatic differentiation.
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On–shell jet dataset for invariance. To train symmetry generators we require on–shell jets of
the solution manifold. We therefore roll out fθ from a family of smooth periodic initial conditions
{u(b)0 (x)}Bb=1 (sines/cosines with different amplitudes and wavenumbers) on a periodic domain
x ∈ [0, L), again using a spectral RK4 integrator. For each saved time tk and grid point xj we
assemble

u = u(tk, xj), ux = ux(tk, xj), uxx = uxx(tk, xj), (20)
uxxx = uxxx(tk, xj), x = xj , t = tk, ut = fθ(u, ux, uxx), (21)

where all spatial derivatives are computed spectrally. This yields a jet dataset

X =
(
t, u, ux, uxx, uxxx, x

)
∈ R6, y = ut ∈ R, (22)

sampling the 2–jet bundle of the learned PDE.

Neural symmetry generators. We parameterize n Lie point symmetry generators of the form

vi(t, x, u) = ξi(t, x, u) ∂t + ϕi(t, x, u) ∂x + τi(t, x, u) ∂u, i = 1, . . . , n. (23)

All n generators share a common neural “trunk” with hidden width 128, and have n separate linear
heads. Concretely, we learn a map

gψ : R3 → Rn×3, (t, x, u) 7→
[
ξi(t, x, u), ϕi(t, x, u), τi(t, x, u)

]n
i=1

, (24)

implemented as a Haiku MLP with two hidden layers and tanh activation, preceded by an affine
rescaling of (t, x, u) onto a compact box.

Algebraic structure losses. Given the generator values and their Jacobians Ji(t, x, u) =
D(t,x,u)vi(t, x, u), we form Lie brackets

[vi, vj ](z) = Dvj(z) vi(z)−Dvi(z) vj(z), z = (t, x, u),

and enforce that the learned fields close under a constant Lie algebra. At each z we solve a regularized
least–squares problem

[vi, vj ](z) ≈
n∑
k=1

ckij vk(z) (25)

for the structure constants ckij and penalize both the projection residual and the variance of ckij across
z. Additional algebraic losses enforce: (i) Jacobi identity, (ii) skew–symmetry of the bracket, (iii)
bilinearity in each slot via random linear combinations of generators, and (iv) linear independence of
the columns {vi(z)}ni=1 via a Gram/singular value penalty on their empirical covariance.

Differential invariance losses. Let

∆(u, ux, uxx, ut) := fθ(u, ux, uxx)− ut (26)

be the neural PDE residual. For each generator vi we form its second prolongation pr(2)vi acting on
the jet coordinates (t, x, u, ut, ux, uxx), using the standard formulas with all partial derivatives of fθ
obtained by JAX automatic differentiation. We then enforce infinitesimal invariance by penalizing

Linv =
∑
jets

n∑
i=1

∣∣pr(2)vi(∆)
∣∣ evaluated on-shell ∆ = 0. (27)

To capture finite–ε effects, we also integrate a small ε–flow of the prolonged system along each vi
(Heun/RK2 or RK4 in ε) starting from an on–shell jet, and penalize the post–flow residual

Lflow =
∑
jets

n∑
i=1

∣∣fθ(u′, u′x, u′xx)− u′t∣∣, (28)

where (u′, u′x, u
′
xx, u

′
t) is the pushed–forward jet.
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Generator training. At each training step we sample two mini–batches: (i) points z = (t, x, u)
from a fixed box in state–space, used in the algebraic losses (closure, Jacobi, bilinearity, indepen-
dence), and (ii) on–shell jets from the neural Burgers rollouts, used in the infinitesimal and flow
invariance losses. The generator parameters ψ are optimized with Adam on a weighted sum of all
losses,

Lgen = w1Lclosure + w2LJacobi + w3Lskew + w4Lbilin + w5Lindep + w6Linf + w7Lflow, (29)

with a simple stagewise schedule over (w1, . . . , w7) to first stabilize the Lie algebra and then enforce
PDE invariance. All derivatives (for both fθ and vi) are computed via JAX automatic differentiation,
and all operations are fully vectorized over batch points. 4

4The complete JAX/Haiku implementation, including spectral discretization, neural PDE surrogate, and all
losses, is provided in the supplementary code.
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E SENSITIVITY ANALYSIS OF LOSS WEIGHTS

In our main experiments, all loss weights in L (e.g., wanti, wjac, winv, wflow, etc.) are of O(1). This
choice is motivated by two design decisions: (i) each constituent loss Li is normalized by batch size
(and, when appropriate, by the number of evaluated points), so that their typical magnitudes are of
comparable order; and (ii) using wi = 1 keeps the optimization problem well-conditioned while
avoiding an additional layer of hyperparameter tuning, and makes the contribution of each regularizer
easy to interpret.

To verify that the method is not unduly sensitive to these weights, we performed an explicit sensitivity
study on the harmonic oscillator benchmark as the dynamical systems in the paper (free particle,
harmonic oscillator, Van der Pol) are trained with the same generator architecture, normalization
scheme, and composite loss L =

∑
i wiLi. The per-term magnitudes E[Li] and their gradient norms

are empirically of similar scale across these benchmarks, so any strong sensitivity to the set {wi}
would already be visible on a single representative system.

Experimental setup: We focus on the weights winv and wflow multiplying the Lie–invariance
regularizers Linv and Lflow, which are among the more nonlinear constraints in the generator loss.
Starting from the baseline model, we train new generators under identical optimization settings while
varying

winv, wflow ∈ {0.2, 0.4, 0.6, 0.8, 1.0}.
For each pair (winv, wflow) we measure, on a fixed validation set, the post-training maximum principal
angle. The maximum principal angles serve as a measure of alignment between the learned algebra
and the ground-truth algebra.

Results: The measured maximum principal angles are reported in Table 9. Across the entire
sweep, the values remain in a relatively narrow band around the baseline choice w6 = w7 = 1, with
no indication of instability or catastrophic degradation for moderate changes in either weight. In
particular, for 0.4 ≤ winv, wflow ≤ 1.0 the variation is modest and the qualitative dynamics of the
trajectories remain essentially unchanged, showing the insensitivity of training result to winv and
wflow.

Note that in the above experiments, during all the three stages, the weights winv and wflow were kept
fixed. This reveals the importance of dynamic weights during training since fixing weights doesn’t
produce the smallest maximum principal angle observed (≈ 10◦) attained with training under 3-stage
dynamic weights.

Table 9: Sensitivity of the harmonic oscillator generator to the loss weights winv and wflow. Each
entry shows the post-training maximum principal angle (in degrees) observed on the validation set
with the corresponding pair of weights.

wflow winv Max angle wflow winv Max angle
0.0 0.2 28.85 0.6 0.4 23.63
0.0 0.4 28.43 0.6 0.6 27.06
0.0 0.6 38.24 0.6 0.8 26.80
0.0 0.8 19.62 0.6 1.0 22.27
0.0 1.0 21.55 0.8 0.2 22.74
0.2 0.2 21.61 0.8 0.4 18.31
0.2 0.4 23.32 0.8 0.6 21.10
0.2 0.6 21.08 0.8 0.8 21.90
0.2 0.8 22.85 0.8 1.0 23.67
0.2 1.0 24.89 1.0 0.2 21.57
0.4 0.2 39.96 1.0 0.4 22.94
0.4 0.4 26.32 1.0 0.6 21.17
0.4 0.6 24.09 1.0 0.8 23.26
0.4 0.8 23.31 1.0 1.0 23.60
0.4 1.0 26.20

The harmonic oscillator study serves as a conservative probe of loss–weight sensitivity under the
exact training pipeline used in all experiments. The observed robustness to moderate variations of
winv and wflow supports our choice to set all loss weights of O(1) (wi = 1) in the main text. Given
the shared architecture, normalization, and loss structure across benchmarks, repeating the full sweep
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for every system would be redundant and would not change our recommended ratios among the
weights.
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F PROOF OF LIE ALGEBRA DIMENSION BOUND FOR 2ND-ORDER SCALAR
ODES

Claim. For a scalar second-order ODE uxx = H(x, u, p), p := ux, the Lie algebra sym of point
symmetries has dimension ≤ 8. Moreover, the bound is sharp and is attained exactly by the equation
uxx = 0.

Proof starts△:

1) SETUP AND THE DETERMINING EQUATION

Let v = ξ(x, u) ∂x+ϕ(x, u) ∂u be the infinitesimal generator of a local one-parameter group of point
transformations. Its first and second prolongations to the jet space with coordinates (x, u, p, uxx)
have the standard 1-D formpr(2) v = ξ ∂x + ϕ∂u + ϕ(1) ∂p + ϕ(2) ∂uxx

, where (using Dx =
∂x + p ∂u + uxx ∂p):

ϕ(1) = Dxϕ− pDxξ, ϕ(2) = Dxϕ
(1) − uxxDxξ.

The infinitesimal invariance criterion for the single equation ∆ := uxx − H(x, u, p) = 0 is
pr(2) v(∆)

∣∣
∆=0

= 0. Since pr(2) v(∆) = ϕ(2) −
(
ξHx + ϕHu + ϕ(1)Hp

)
, the condition is:

ϕ(2) − ξHx − ϕHu − ϕ(1)Hp = 0 whenever uxx = H(x, u, p) (1)

2) EXPLICIT EXPANSION AND SPLITTING

We now compute ϕ(1) and ϕ(2) explicitly in terms of ξ, ϕ and their x, u-derivatives. Writing p = ux,
a direct (but routine) calculation gives:

ϕ(1) = ϕx + (ϕu − ξx) p− ξu p2,

ϕ(2) = ϕxx + (2ϕxu − ξxx) p+ (ϕuu − 2ξxu) p
2 − ξuu p3 + uxx

(
ϕu − 2ξx − 3ξu p

)
.

Substitute uxx = H(x, u, p) in ϕ(2) and then into equation (1). Collecting powers of p yields a
cubic polynomial identity in p whose coefficients are linear in the second derivatives of ξ, ϕ. After
simplifying the terms involving H and Hp one obtains the linear system:

p3 : − ξuu = 0, (E3)

p2 : ϕuu − 2ξxu +Hp ξu = 0, (E2)

p1 : 2ϕxu − ξxx −Hp(ϕu − ξx)− 3H ξu = 0, (E1)

p0 : ϕxx − ξHx − ϕHu −Hp ϕx +H(ϕu − 2ξx) = 0. (E0)

3) SOLVING FOR THE HIGHEST DERIVATIVES AND COUNTING FREE DATA

The unknowns in (E3)–(E0) are the six second derivatives ξxx, ξxu, ξuu, ϕxx, ϕxu, ϕuu. The four
equations above immediately give:

ξuu = 0 from (E3),
ϕuu = 2ξxu −Hp ξu from (E2),

ϕxu = 1
2

(
ξxx +Hp(ϕu − ξx) + 3H ξu

)
from (E1),

ϕxx = ξHx + ϕHu +Hp ϕx −H(ϕu − 2ξx) from (E0).

Thus four of the six second derivatives are uniquely determined in terms of the lower-order jet:(
ξ, ϕ, ξx, ξu, ϕx, ϕu

)
and the known coefficients H,Hx, Hu, Hp at the chosen jet (x, u, p).

What remains undetermined in (E3)–(E0) are exactly two independent linear combinations of second
derivatives, which we may (for instance) choose as the two components of the second jet of ξ:

ξxx and ξxu are free.
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Everything else at second order is then fixed by the displayed relations. Consequently, at this stage
the free data are

ξ, ϕ︸︷︷︸
2 constants

⊕ ξx, ξu, ϕx, ϕu︸ ︷︷ ︸
4 constants

⊕ ξxx, ξxu︸ ︷︷ ︸
2 constants

,

— a total of 2 + 4 + 2 = 8 free constants.

4) FINITE-TYPE CLOSURE (NO ADDITIONAL FREEDOM APPEARS)

Differentiating (E3)–(E0) with respect to x, u produces a linear system for the third derivatives of
ξ, ϕ; because the original system is algebraic in the second derivatives and already solves them up to
the two free entries ξxx, ξxu, the differentiated system recursively determines all higher derivatives in
terms of the 8 free constants above and derivatives of H . Hence no new independent constants arise
at higher orders, and the local solution space of the determining system has dimension at most 8.

Therefore dim sym ≤ 8.

5) SHARPNESS AND THE 8-DIMENSIONAL MODEL

It is standard that uxx = 0 has an 8-dimensional symmetry algebra—the projective group in the
(x, u)-plane—so the bound is sharp. Moreover, an equation achieves the maximal value 8 iff it is
point-equivalent to uxx = 0.

Proof ends. □
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G LIE ALGEBRA DIMENSION BOUND FOR GENERAL n-TH ORDER SCALAR
ODE FOR n ≥ 3

Proof starts△:

Statement and notation. Let u(n) = H(x, u, u1, . . . , un−1), uk := dku
dxk be a scalar n-th order

ordinary differential equation of maximal rank. Consider point transformations with infinitesimal
generator v = ξ(x, u) ∂x + ϕ(x, u) ∂u. Write the equation as the constraint

∆(x, u, . . . , un) := un −H(x, u, . . . , un−1) = 0,

and let Dx denote the total x-derivative on jet space:
DxP = Px + u1Pu + u2Pu1 + · · ·+ uk+1Puk

+ · · · .

Infinitesimal invariance in characteristic form. Consider the scalar n-th order ODE of maximal
rank:

∆(x, u(n)) := un −H
(
x, u, u1, . . . , un−1

)
= 0, uk :=

dku

dxk
.

We write the total x-derivative as Dx = ∂x + u1 ∂u + u2 ∂u1 + · · · + un+1 ∂un .. A necessary
invariance condition for a symmetry group generated by v is pr(n) v(∆) = 0 whenever ∆ = 0..
Since ∆ = un −H(x, u, . . . , un−1),

pr(n) v(∆) = ϕ(n) − ξ Hx − ϕHu −
n−1∑
j=1

Huj
ϕ(j),

where pr(n) v = v+
∑n
j=1 ϕ

(j) ∂uj
. Replace v by the evolutionary representative vevo = (ϕ−ξu1)∂u,

using pr(n) v = pr(n) vevo + ξ Dx.. Because Dx(∆) = 0 on solutions, the criterion is equivalent
to:

pr(n) vevo(∆) = 0 on ∆ = 0.

Now we want to compute pr(n) vevo(∆). Since vevo has only a vertical coefficient,

pr(n) vevo(un) = D n
x

(
ϕ− ξu1

)
, pr(n) vevo(H) = Hu

(
ϕ− ξu1

)
+

n−1∑
j=1

Huj
D j
x

(
ϕ− ξu1

)
.

Therefore,

pr(n) vevo(∆) = D n
x (ϕ− ξu1) − Hu (ϕ− ξu1) −

n−1∑
j=1

Huj D
j
x (ϕ− ξu1).

We now can write the determining equation as the infinitesimal criterion becomes:

D n
x (ϕ− ξu1) −

n−1∑
j=1

Huj
D j
x (ϕ− ξu1) − Hu (ϕ− ξu1) = 0 on ∆ = 0.

Using DxH = Hx +Huu1 +
∑n−1
j=1 Hujuj+1 and pr(n) v = pr(n) vevo + ξDx, the compact form

is equivalent on-shell to the expanded form:

D n
x (ϕ− ξu1) − ξ Hx − ϕHu −

n−1∑
j=1

Huj D
j
x (ϕ− ξu1) = 0 on ∆ = 0.

This is a textbook consequence of the general prolongation formulae and the identity pr(n) v =
pr(n) vchar +

∑
i ξ
iDi specialized to one independent variable. For point symmetries, the character-

istic (written without introducing a new symbol) is ϕ− ξu1.

Henceforth treat the unrestricted jet (x, u, u1, . . . , un−1) as independent coordinates and expand as
a polynomial in these jet variables (all appearances of uk with k ≥ n are eliminated using ∆ = 0

and its total x-derivatives Dr
x(∆) = 0, e.g. un+1 = DxH = Hx +Huu1 +

∑n−1
j=1 Huj

uj+1, etc.).
The coefficients of distinct monomials in the highest derivatives (e.g. u3n−1, u

2
n−1un−2, u

2
n−1, etc.)

must vanish separately.
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1) PRINCIPAL-PART CONSTRAINTS

Set:
A := ϕ− ξu1.

A direct (but routine) induction with the total derivative shows that the only cubic monomial in un−1

that can appear in the left-hand side of IIC arises from D n
x A, more precisely from the repeated

differentiation of the quadratic piece −ξu u21 ⊂ Ax. Eliminating un, un+1, . . . using ∆ = 0 and
its x-derivatives does not produce any new cubic terms in un−1, because H depends at most on
(x, u, . . . , un−1) and is itself polynomial of degree ≤ 1 in the highest jet variable once ∆ = 0
is imposed.5 A careful bookkeeping (or an application of Faà di Bruno with weights) yields the
schematic leading term

D n
x A = c3(n) (−ξuu)u3n−1 + lower-degree terms in un−1,

with a nonzero combinatorial coefficient c3(n) for all n ≥ 3. Since no other term in IIC contributes
to u3n−1, the coefficient must vanish, and we conclude

ξuu = 0.

Next, consider monomials of type u2n−1un−2. The same leading-part analysis shows that the only
surviving source is the mixed derivative of the same quadratic piece, producing

c2,1(n) (−ξxu)u2n−1un−2,

with c2,1(n) ̸= 0 for n ≥ 3. Hence:
ξxu = 0.

Finally, the quadratic monomial u2n−1 receives two independent contributions: one from D n
x (−ξu1)

proportional to ξu, and one from D n
x (ϕ) proportional to ϕuu, and nothing else cancels them at this

degree. Therefore these coefficients must both vanish:

ξu = 0, ϕuu = 0.

We have proved the affine-in-u form

ξ = ξ(x), ϕ = α(x)u+ β(x). (30)

2) TRIANGULAR CLOSURE AFTER SUBSTITUTION

Insert into IIC. Define A = αu+ β − ξu1. A short induction establishes the closed formula, valid
for every j ≥ 0,

D j
xA =

j∑
m=0

α(m)(x)uj−m + β(j)(x) −
j∑

m=0

ξ(m)(x)uj+1−m, (31)

where we adopt the convention u0 := u. (Differentiate once to check the case j = 1, then argue
by induction using Dxuk = uk+1 and Dxα

(m) = α(m+1).) Substituting into IIC, replacing un
(and, when it occurs, un+1) by H and DxH , and then splitting with respect to the independent
jet coordinates (un−1, un−2, . . . , u) produces a triangular linear system for the unknown scalar
functions ξ, α, β:

(i) The coefficient of un−1 involves only ξ and its derivatives up to order 3. (Indeed, ξ(k) for
k ≥ 4 cannot appear multiplied by any jet at this level once un and un+1 are eliminated;
the highest derivative of ξ that can appear linearly alongside un−1 is ξ(3).) Thus, for each
x0, the value of ξ(k)(x0) for k ≥ 3 is determined linearly by ξ(x0), ξ′(x0), ξ′′(x0) and the
value of the lower-jet data in H at (x0, u0, . . . , un−1,0).

(ii) The coefficients of uj for 0 ≤ j ≤ n − 1 in the terms
∑j
m=0 α

(m)uj−m give first-order
linear ODE constraints that solve α(k)(x0) for all k ≥ 1 in terms of α(x0).

5More precisely, H contains no un; differentiating H with Dx raises indices by at most one and multiplies
by at most one copy of any uk, hence can only produce monomials of total degree ≤ 2 in the highest derivative.
The unique cubic comes from differentiating −ξuu

2
1 enough times so that each u1 becomes un−1.
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(iii) The coefficients of the “purely x-dependent” part (no uk) fix β(k)(x0) for all k ≥ n in terms
of the finite jet {β(x0), β′(x0), . . . , β

(n−1)(x0)}.

Because the occurrences of higher derivatives are strictly upper-triangular in this sense (each equation
at level k only involves derivatives beyond those already fixed at lower levels), the linear system
closes and yields at most finitely many functional degrees of freedom: three constants for ξ (its
0, 1, 2-jets at a point), one constant for α, and n constants for β (its 0, . . . , n− 1 jets at a point).

3) COUNTING FREE INITIAL DATA

Fix any point of the unrestricted (n − 1)-jet, say (x0, u0, . . . , un−1,0). By (i)–(iii), the free initial
data that can be prescribed independently at x0 are

ξ(x0), ξ
′(x0), ξ

′′(x0)︸ ︷︷ ︸
3

⊕ α(x0)︸ ︷︷ ︸
1

⊕ β(x0), β
′(x0), . . . , β

(n−1)(x0)︸ ︷︷ ︸
n

.

Therefore
dim sym ≤ n+ 4.

This “splitting with respect to jets” procedure is the standard way to compute determining equations
for point symmetries.

4) SHARPNESS FOR THE FLAT MODEL u(n) = 0

Consider the flat equation u(n) = 0. It is invariant under:

• the projective algebra on the line generated by

X1 = ∂x, X2 = x ∂x, X3 = x2 ∂x + (n− 1)xu ∂u,

(the u-term in X3 supplies the correct weight to keep dn/dxn covariant under projective
reparametrizations),

• the scaling in the dependent variable U1 = u ∂u,
• and the n-dimensional abelian algebra of vertical translations by polynomials of degree
≤ n− 1:

Uk = xk−1 ∂u, k = 1, 2, . . . , n.

Indeed, ∂x, x∂x, x2∂x generate the sl2-action of the projective group on the independent variable x;
adjoining (n− 1)xu ∂u to x2∂x compensates the weight of u(n). Meanwhile, adding a polynomial
p(x) of degree ≤ n− 1 to u leaves u(n) unchanged because dn

dxn p(x) ≡ 0. Altogether we obtain a
Lie algebra of dimension 3 + 1 + n = n + 4, proving that the bound is sharp. (For the projective
algebra on the line and its generators, see the discussion of the SL(2) action.)

Thus we conclude that every scalar n-th order ODE (n ≥ 3) of maximal rank has a point-symmetry
Lie algebra of dimension at most n+ 4, and the flat model u(n) = 0 attains this maximum.

Proof ends. □
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H COMPLETE LIE–POINT SYMMETRY DERIVATION FOR FREE PARTICLE

Consider the second-order ODE:
∆ ≡ utt = 0.

1) INFINITESIMAL GENERATOR AND PROLONGATION

Take a general point-symmetry generator

X = ξ(t, u) ∂t + ϕ(t, u) ∂u.

For a scalar second-order ODE, the prolonged coefficients are

ϕ(1) = Dt(ϕ)− utDt(ξ), ϕ(2) = Dt

(
ϕ(1)

)
− uttDt(ξ),

where Dt = ∂t + ut ∂u + utt ∂ut
. Writing q = ut and noting ξ, ϕ depend only on (t, u),

Dtξ = ξt + q ξu, Dtϕ = ϕt + q ϕu, ϕ(1) = ϕt + q(ϕu − ξt)− q2ξu.

2) INFINITESIMAL INVARIANCE CONDITION

The invariance criterion is

pr(2)X(∆)
∣∣∣
∆=0

= 0 ⇐⇒ ϕ(2) = 0 on utt = 0,

because ∂t∆ = ∂u∆ = ∂ut∆ = 0 for ∆ = utt.

3) COMPUTE ϕ(2) AND COLLECT BY POWERS OF q = ut

Using utt = 0,
ϕ(2) = Dt(ϕ

(1)) .

With ϕ(1) = ϕt + q(ϕu − ξt)− q2ξu,

Dt(ϕ
(1)) = ϕtt + 2q ϕtu + q2ϕuu︸ ︷︷ ︸

fromDtϕ

− q
(
ξtt + 2q ξtu + q2ξuu

)︸ ︷︷ ︸
fromDt(q Dtξ)

.

Thus the invariance equation ϕ(2) = 0 yields, by equating coefficients of q3, q2, q, 1,

q3 : ξuu = 0,

q2 : ϕuu − 2ξtu = 0,

q1 : 2ϕtu − ξtt = 0,

q0 : ϕtt = 0.

4) DETERMINING EQUATIONS AND SOLUTION FOR ξ, ϕ

From ξuu = 0:
ξ(t, u) = A(t)u+B(t).

From ϕuu − 2ξtu = 0 with ξtu = A′(t):

ϕuu = 2A′(t) ⇒ ϕ(t, u) = A′(t)u2 + C1(t)u+ C0(t).

From 2ϕtu − ξtt = 0:

2
(
2A′′(t)u+ C ′

1(t)
)
−
(
A′′(t)u+B′′(t)

)
= 0 ⇒ A′′(t) = 0, B′′(t) = 2C ′

1(t).

From ϕtt = 0:
ϕtt = C ′′

1 (t)u+ C ′′
0 (t) = 0 ⇒ C ′′

1 (t) = 0, C ′′
0 (t) = 0.

Hence

A(t) = a0 + a1t, B(t) = b0 + b1t+ c11t
2, C1(t) = c10 + c11t, C0(t) = c00 + c01t.
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GENERAL LIE–POINT GENERATOR

X = ξ ∂t + ϕ∂u,

ξ(t, u) = (a0 + a1t)u+
(
b0 + b1t+ c11t

2
)
,

ϕ(t, u) = a1 u
2 +

(
c10 + c11t

)
u+

(
c00 + c01t

)
,

with eight independent constants a0, a1, b0, b1, c00, c01, c10, c11.

A CONVENIENT BASIS OF STRICT LIE–POINT GENERATORS

Setting one constant to 1 at a time (others 0) gives

X1 = ∂t [b0 = 1],

X2 = ∂u [c00 = 1],

X3 = t ∂u [c01 = 1],

X4 = u ∂t [a0 = 1],

X5 = t ∂t [b1 = 1],

X6 = u ∂u [c10 = 1],

X7 = t2 ∂t + tu ∂u [c11 = 1],

X8 = tu ∂t + u2 ∂u [a1 = 1].
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I COMPLETE LIE–POINT SYMMETRY DERIVATION FOR HARMONIC
OSCILLATOR

1) INFINITESIMAL GENERATOR AND PROLONGATION

Take a general point-symmetry generator

X = ξ(t, u) ∂t + ϕ(t, u) ∂u.

For a scalar second-order ODE, the prolonged coefficients are

ϕ(1) = Dt(ϕ)− utDt(ξ), ϕ(2) = Dt

(
ϕ(1)

)
− uttDt(ξ),

where Dt = ∂t + ut ∂u + utt ∂ut
.

2) INFINITESIMAL INVARIANCE CONDITION

Let ∆ ≡ utt + 4u. The invariance criterion is

pr(2)X(∆)
∣∣∣
∆=0

= 0 ⇐⇒ ϕ(2) + 4ϕ = 0 on utt = −4u.

3) COMPUTE ϕ(2) AND COLLECT BY POWERS OF q = ut

Writing q = ut and substituting utt = −4u, one obtains

0 = ϕtt + 2q ϕtu + q2ϕuu − q
(
ξtt + 2q ξtu + q2ξuu

)
− 4u

(
ϕu − 2ξt − 3q ξu

)
+ 4ϕ.

Since this must hold for all (t, u, q), equate coefficients of q3, q2, q, 1.

4) DETERMINING EQUATIONS AND SOLUTION FOR ξ, ϕ

From q3: ξuu = 0⇒ ξ = A(t)u+B(t).

From q2: ϕuu − 2ξtu = 0⇒ ϕ = A′(t)u2 + C1(t)u+ C0(t).

From q1: 2ϕtu − ξtt + 12u ξu = 0⇒ A′′ + 4A = 0, B′′ − 2C ′
1 = 0.

From q0: ϕtt − 4uϕu + 8u ξt + 4ϕ = 0⇒ C ′′
0 + 4C0 = 0, C ′′

1 + 8B′ = 0.

Solving the linear ODEs:

A(t) = a1 cos(2t) + a2 sin(2t), C0(t) = c1 cos(2t) + c2 sin(2t).

From B′′ − 2C ′
1 = 0 and C ′′

1 + 8B′ = 0: B′′′ + 16B′ = 0, hence

B′(t) = b1 cos(4t) + b2 sin(4t) ⇒ B(t) = b0 +
1
4b1 sin(4t)−

1
4b2 cos(4t),

and
C1(t) =

1
2B

′(t) + k = 1
2 [b1 cos(4t) + b2 sin(4t)] + k.

GENERAL LIE–POINT GENERATOR

X = ξ ∂t + ϕ∂u,

ξ(t, u) =
(
a1 cos 2t+ a2 sin 2t

)
u + b0 +

1
4b1 sin 4t−

1
4b2 cos 4t,

ϕ(t, u) =
(
− 2a1 sin 2t+ 2a2 cos 2t

)
u2 +

(
1
2b1 cos 4t+

1
2b2 sin 4t+ k

)
u

+ c1 cos 2t+ c2 sin 2t,

with eight independent constants a1, a2, b0, b1, b2, k, c1, c2. This yields the full 8-dimensional Lie
algebra of point symmetries.
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5) A CONVENIENT BASIS OF STRICT LIE POINT GENERATORS

Setting each constant to 1 in turn (others 0) gives the basis

X1 = ∂t (time translation) [b0 = 1],

X2 = u ∂u (scaling in u) [k = 1],

X3 = cos(2t) ∂u, X4 = sin(2t) ∂u (superposition) [c1 = 1, c2 = 1],

X5 = u cos(2t) ∂t − 2u2 sin(2t) ∂u [a1 = 1],

X6 = u sin(2t) ∂t + 2u2 cos(2t) ∂u [a2 = 1],

X7 = 1
4 sin(4t) ∂t +

1
2u cos(4t) ∂u [b1 = 1],

X8 = − 1
4 cos(4t) ∂t +

1
2u sin(4t) ∂u [b2 = 1].
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J COMPLETE LIE–POINT SYMMETRY DERIVATION FOR VAN DER POL

1) INFINITESIMAL GENERATOR AND PROLONGATION

Take a general point-symmetry generator

X = ξ(t, u) ∂t + ϕ(t, u) ∂u.

For a scalar second-order ODE, the prolonged coefficients are

ϕ(1) = Dt(ϕ)− utDt(ξ), ϕ(2) = Dt

(
ϕ(1)

)
− uttDt(ξ),

with Dt = ∂t + ut ∂u + utt ∂ut
. Writing q = ut and noting ξ, ϕ depend only on (t, u),

Dtξ = ξt + q ξu, Dtϕ = ϕt + q ϕu, ϕ(1) = ϕt + q(ϕu − ξt)− q2ξu.

2) INFINITESIMAL INVARIANCE CONDITION

For the Van der Pol oscillator

∆ ≡ utt − µ(1− u2)ut + u = 0 (µ ̸= 0),

the invariance criterion is

pr(2)X(∆)
∣∣∣
∆=0

= 0 ⇐⇒ ϕ(2) + ϕ∂u∆+ ϕ(1) ∂ut∆ = 0 on ∆ = 0.

Since ∂t∆ = 0,
∂u∆ = 1 + 2µu q, ∂ut

∆ = −µ(1− u2).
On the solution set, utt = µ(1− u2)q − u.

3) COMPUTE ϕ(2) AND COLLECT BY POWERS OF q = ut

Let ϕ(1) = a+ bq + cq2 with a = ϕt, b = ϕu − ξt, c = −ξu. Then

Dt(ϕ
(1)) = (at + q au) + (bt + q bu)q + (ct + q cu)q

2 + utt (b+ 2cq),

and hence
ϕ(2) = Dt(ϕ

(1))− utt(ξt + q ξu).

Substitute utt = µ(1− u2)q − u into ϕ(2) and the invariance equation, expand in powers of q, and
equate coefficients of q3, q2, q, 1 to obtain the determining system

q3 : ξuu = 0,

q2 : ϕuu − 2ξtu = 0,

q1 : 2ϕtu − ξtt + 2µuϕu + 3µ(1− u2) ξu = 0,

q0 : ϕtt + ϕ− µ(1− u2)ϕt + µu ξt = 0.

4) DETERMINING EQUATIONS AND SOLUTION FOR ξ, ϕ

From ξuu = 0: ξ(t, u) = A(t)u+B(t).

From ϕuu − 2ξtu = 0: ϕ(t, u) = A′(t)u2 + C1(t)u+ C0(t).

Substitute these into the q1 and q0 equations and separate by powers of u. For µ ̸= 0 this yields

A(t) ≡ 0, C1(t) ≡ 0, C0(t) ≡ 0, B′(t) ≡ 0.

Thus
ξ(t, u) = B0 (constant), ϕ(t, u) ≡ 0.

GENERAL LIE–POINT GENERATOR (GENERIC µ ̸= 0)

X = ξ ∂t + ϕ∂u = B0 ∂t.

Taking B0 = 1 gives the (unique, up to scale) continuous Lie point symmetry:

X1 = ∂t.

42



2268
2269
2270
2271
2272
2273
2274
2275
2276
2277
2278
2279
2280
2281
2282
2283
2284
2285
2286
2287
2288
2289
2290
2291
2292
2293
2294
2295
2296
2297
2298
2299
2300
2301
2302
2303
2304
2305
2306
2307
2308
2309
2310
2311
2312
2313
2314
2315
2316
2317
2318
2319
2320
2321

Under review as a conference paper at ICLR 2026

K COMPLETE LIE–POINT SYMMETRY DERIVATION FOR LOTKA–VOLTERRA

Consider the 2D autonomous first-order system{
ut = F (u,w) ≡ αu− βuw,
wt = G(u,w) ≡ −γw + δuw,

α, β, γ, δ ∈ R \ {0}.

1) INFINITESIMAL GENERATOR AND FIRST PROLONGATION

Take a general point-symmetry generator
X = ξ(t, u, w) ∂t + ϕ(t, u, w) ∂u + ψ(t, u, w) ∂w.

For a first-order system, the first prolongation reads

pr(1)X = X + ϕ(1) ∂ut
+ ψ(1) ∂wt

,

with
ϕ(1) = Dt(ϕ)− utDt(ξ), ψ(1) = Dt(ψ)− wtDt(ξ),

and total derivative
Dt = ∂t + ut ∂u + wt ∂w.

2) INFINITESIMAL INVARIANCE CONDITIONS

Let
∆1 ≡ ut − F (u,w) = 0, ∆2 ≡ wt −G(u,w) = 0.

The invariance criterion is

pr(1)X(∆1)
∣∣∣
∆=0

= 0, pr(1)X(∆2)
∣∣∣
∆=0

= 0.

Using ∂ut∆1 = 1, ∂wt∆2 = 1 and ∂t∆i = 0 (autonomy), these become

ϕ(1) −X(F ) = 0, ψ(1) −X(G) = 0 on ut = F, wt = G.

Since Ft = Gt = 0,
X(F ) = ϕFu + ψ Fw, X(G) = ϕGu + ψGw,

with
Fu = α− βw, Fw = −βu, Gu = δw, Gw = −γ + δu.

3) SUBSTITUTE ut = F, wt = G AND EXPAND

Compute
Dtξ = ξt + F ξu +Gξw, Dtϕ = ϕt + F ϕu +Gϕw, Dtψ = ψt + F ψu +Gψw.

Thus
ϕ(1) = ϕt + Fϕu +Gϕw − F

(
ξt + Fξu +Gξw

)
,

ψ(1) = ψt + Fψu +Gψw −G
(
ξt + Fξu +Gξw

)
.

The determining equations are
0 = ϕt + Fϕu +Gϕw − Fξt − F 2ξu − FGξw − ϕ(α− βw) + βuψ,

0 = ψt + Fψu +Gψw −Gξt − FGξu −G2ξw − ϕ(δw)− ψ(−γ + δu).

4) COLLECT BY MONOMIALS IN (u,w) AND SOLVE

Since F = αu−βuw, G = −γw+δuw are at most bilinear, the terms F 2ξu, FGξw, G
2ξw, FGξu

introduce higher-degree monomials u2, w2, u2w, uw2 unless
ξu ≡ 0, ξw ≡ 0.

Hence ξ = ξ(t). The system reduces to
0 = ϕt + Fϕu +Gϕw − F ξt − ϕ(α− βw) + βuψ,

0 = ψt + Fψu +Gψw −Gξt − ϕ(δw)− ψ(−γ + δu).

Separating coefficients of the independent monomials {1, u, w, uw} in these two equations forces
ϕ ≡ 0, ψ ≡ 0, ξt = constant ⇒ ξ(t) = c0.
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GENERAL LIE–POINT GENERATOR (GENERIC PARAMETERS)

X = ξ ∂t + ϕ∂u + ψ ∂w = c0 ∂t.

Setting c0 = 1 gives the (unique, up to scale) continuous Lie point symmetry:

X1 = ∂t.
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L COMPLETE LIE–POINT SYMMETRY DERIVATION FOR 1D VISCOUS
BURGERS’ EQUATION

Consider:
∆ ≡ ut + uux − ν uxx = 0, ν > 0.

1) INFINITESIMAL GENERATOR AND PROLONGATION

Take
X = ξ(t, x, u) ∂t + η(t, x, u) ∂x + ϕ(t, x, u) ∂u.

With Dt = ∂t + ut ∂u + utx ∂ux
+ utt ∂ut

and Dx = ∂x + ux ∂u + uxx ∂ux
, the relevant prolonged

coefficients are

ϕt = Dt(ϕ)− utDt(ξ)− uxDt(η), ϕx = Dx(ϕ)− utDx(ξ)− uxDx(η),

ϕxx = Dx(ϕ
x)− utxDx(ξ)− uxxDx(η).

2) INFINITESIMAL INVARIANCE CONDITION

The criterion
pr(2)X(∆)

∣∣∣
∆=0

= 0

reads
ϕt + uϕx + ux ϕ− ν ϕxx = 0 on ut = νuxx − uux,

with utx eliminated via the x-derivative of ∆ = 0: utx = νuxxx − u2x − uuxx.

3) DETERMINING EQUATIONS

Insert the expressions for ϕt, ϕx, ϕxx, substitute ut, utx from ∆ = 0 and its x-derivative, expand
in the independent jet variables {1, u, ux, uxx, u2x, u ux, . . .}, and equate coefficients to zero. This
yields the linear system

ξu = 0, ηu = 0, ϕuu = 0,

ξx = 0, ηxx = 0, ϕxu +
1
2ϕx = 0,

ξtt − 2ηt = 0, ηt − 2ν ξt = 0, ϕt +
1
2uϕx − ν ϕxx + ν ux

(
ηx − ξt

)
− 1

2ux ϕ = 0,

together with
ϕu + ηx − ξt = 0, ϕx − ν ηxx = 0.

4) SOLUTION FOR ξ, η, ϕ

Solving the determining system gives

ξ(t) = c2 + 2c4 t+ c5 t
2,

η(t, x) = c1 + c3 t+ c4 x+ c5 t x,

ϕ(t, x, u) = c3 − c4 u+ c5 (x− t u),
with arbitrary constants c1, . . . , c5.

GENERAL LIE–POINT GENERATORS

Setting one constant to 1 at a time (others 0) yields the basis

X1 = ∂x,

X2 = ∂t,

X3 = t ∂x + ∂u,

X4 = 2t ∂t + x ∂x − u ∂u,
X5 = t2 ∂t + tx ∂x + (x− t u) ∂u.
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M COMPLETE LIE–POINT SYMMETRY DERIVATION FOR 2D VISCOUS
BURGERS’ EQUATION

Consider the 2D scalar viscous Burgers’ equation

∆ ≡ ut + uux + uuy − ν (uxx + uyy) = 0, ν > 0,

with independent variables (t, x, y) and dependent variable u = u(t, x, y).

1) INFINITESIMAL GENERATOR AND PROLONGATION

Take a general Lie–point vector field

X = ξ(t, x, y, u) ∂t + η(t, x, y, u) ∂x + ζ(t, x, y, u) ∂y + ϕ(t, x, y, u) ∂u.

Introduce the total derivative operators

Dt = ∂t + ut ∂u + utt ∂ut
+ utx ∂ux

+ uty ∂uy
+ · · · ,

Dx = ∂x + ux ∂u + utx ∂ut + uxx ∂ux + uxy ∂uy + · · · ,
Dy = ∂y + uy ∂u + uty ∂ut

+ uxy ∂ux
+ uyy ∂uy

+ · · · .

The first–order prolonged coefficients are

ϕt = Dt(ϕ)− utDt(ξ)− uxDt(η)− uyDt(ζ),

ϕx = Dx(ϕ)− utDx(ξ)− uxDx(η)− uyDx(ζ),

ϕy = Dy(ϕ)− utDy(ξ)− uxDy(η)− uyDy(ζ).

For the second–order prolongation we need only the coefficients in front of uxx and uyy:

ϕxx = Dx(ϕ
x)− utxDx(ξ)− uxxDx(η)− uxyDx(ζ),

ϕyy = Dy(ϕ
y)− utyDy(ξ)− uxyDy(η)− uyyDy(ζ).

Thus the second prolongation relevant for ∆ is

pr(2)X = X + ϕt ∂ut + ϕx ∂ux + ϕy ∂uy + ϕxx ∂uxx + ϕyy ∂uyy + · · · .

2) INFINITESIMAL INVARIANCE CONDITION

The infinitesimal invariance criterion is

pr(2)X(∆)
∣∣∣
∆=0

= 0.

Since
∆ = ut + uux + uuy − ν (uxx + uyy),

we have
pr(2)X(∆) = ϕt + uϕx + uϕy + (ux + uy)ϕ− ν

(
ϕxx + ϕyy

)
.

On the solution manifold ∆ = 0 we eliminate ut via

ut = ν (uxx + uyy)− uux − uuy.

To eliminate utx, uty from ϕxx, ϕyy we use the x- and y-derivatives of ∆ = 0:

Dx(∆) = 0, Dy(∆) = 0,

which express utx and uty as linear combinations of spatial derivatives
{ux, uy, uxx, uyy, uxy, uxxx, uxxy, uxyy}. Substituting these expressions into ϕxx, ϕyy makes
pr(2)X(∆)

∣∣
∆=0

a linear combination of independent jet variables

1, u, ux, uy, uxx, uyy, uxy, u
2
x, u

2
y, uxuy, . . . .
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3) DETERMINING EQUATIONS

Expanding pr(2)X(∆)
∣∣
∆=0

in the independent jet variables and equating to zero the coefficients of
each monomial yields a linear overdetermined system for ξ, η, ζ, ϕ. In particular one obtains:

ξu = 0, ξx = 0, ξy = 0,

ηu = 0, ηy = 0, ζu = 0, ζx = 0,
so that

ξ = ξ(t), η = η(t, x), ζ = ζ(t, y).

From the coefficients of uxx and uyy we get
ϕx − ν ηxx = 0, ϕy − ν ζyy = 0,

while terms involving u2x, u
2
y, uxuy imply that ϕ is at most affine in u:

ϕuu = 0.

Hence
ϕ(t, x, y, u) = A(t, x, y)u+B(t, x, y),

for some functions A,B.

Coefficients of the first–order jets ux, uy and the zero–order term lead to
A+ ηx + ζy − ξt = 0,

together with linear relations among second–order derivatives
ηxx = ζyy, ηtx = ζty, ξtt − 2ηtx = 0, ξtt − 2ζty = 0.

Collecting all these equations gives the determining system
ξu = ξx = ξy = 0, ηu = ηy = 0, ζu = ζx = 0, ϕuu = 0,

ϕx − ν ηxx = 0, ϕy − ν ζyy = 0, A+ ηx + ζy − ξt = 0,

ηxx − ζyy = 0, ηtx − ζty = 0, ξtt − 2ηtx = 0, ξtt − 2ζty = 0,

with ϕ = Au+B.

4) SOLUTION FOR ξ, η, ζ, ϕ

Solving the determining system (by integrating in x, y, t and using the equalities between mixed
derivatives) yields polynomial dependence in t, x, y. A convenient parametrization is

ξ(t) = c3 + 2c5 t+ c6 t
2,

η(t, x) = c1 + c4 t+ c5 x+ c6 t x,
ζ(t, y) = c2 + c4 t+ c5 y + c6 t y,

ϕ(t, x, y, u) = c4 − c5 u+ c6 (x+ y − t u),
where c1, . . . , c6 are arbitrary constants. One checks directly that these satisfy all the determining
equations above for any choice of constants.

GENERAL LIE–POINT GENERATORS

Setting one constant to 1 at a time (and the others to 0) gives a basis of six Lie–point symmetry
generators for the 2D viscous Burgers’ equation:

X1 = ∂x,

X2 = ∂y,

X3 = ∂t,

X4 = t ∂x + t ∂y + ∂u,

X5 = 2t ∂t + x ∂x + y ∂y − u ∂u,

X6 = t2 ∂t + tx ∂x + ty ∂y + (x+ y − t u) ∂u.
These generators form a 6-dimensional Lie algebra of point symmetries for ∆ = ut + uux + uuy −
ν (uxx + uyy) = 0 and reduce to the standard 1D viscous Burgers’ symmetries upon restricting to
y-independent solutions and dropping the ∂y component.
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