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Abstract

Neural operators provide data-driven mappings for modeling dynamical systems.
Extending them to families of systems typically requires explicit condition-
ing variables such as physical parameters, geometries, or boundary conditions.
In many real-world settings, these quantities are unobserved. Here, we formu-
late neural operator discovery (NOD) as the problem of learning both shared
solution operators and system-specific variation directly from heterogeneous
trajectories without access to labeled governing factors. We introduce a factor-
ized latent-conditioning formulation that jointly learns a neural operator and a
low-dimensional latent representation through factorized prediction, trajectory-
decoupled sampling, and dimension selection. Across diverse systems, the learned
latent representation captures the intrinsic dimensionality of system variation
and organizes system instances in a smooth and approximately invertible latent
structure aligned with the underlying governing factors. This organization enables
generalization to previously unseen system instances, including zero-shot extrap-
olation across regimes and stable long-horizon prediction. These results establish
an interpretable paradigm for operator learning in the absence of explicit factor
supervision.

Keywords: Neural operator, Operator discovery, Dynamical systems, Self-supervised
learning, Representation learning
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Across the physical sciences, trajectory data are often collected from systems that
share a common governing law but differ across experimental conditions, geometries, or
boundary settings. In many experimental datasets and legacy simulation archives, the
factors that distinguish individual system instances are unobserved, unrecorded, or not
directly measurable. The resulting data therefore consist of heterogeneous trajectories
generated by multiple underlying configurations without explicit annotation of the
variables driving their variation. A central challenge is to learn predictive models that
capture both the shared dynamics of a system family and the differences between
system instances directly from trajectory data, without access to labeled governing
factors.

One established approach to this challenge is symbolic regression, which seeks to
recover governing equations together with system-specific coefficients directly from
trajectory data without requiring factor labels [1–3]. However, its expressivity is con-
strained by the chosen primitive library, while computational cost grows rapidly with
system complexity (Supplementary Section S3.6). In practice, these limitations restrict
symbolic regression largely to low-dimensional systems and hinder its application to
high-dimensional spatiotemporal dynamics governed by partial differential equations.

Neural operator learning, by contrast, provides fast and accurate data-driven sur-
rogates for such spatiotemporal dynamics [4–7]. Prevailing formulations either model
a single dynamical system or, when extended to families, learn the solution operator
in a supervised manner with factors as explicit inputs (parametric neural operators,
PNO) [8–11]. This assumption is violated in the setting considered here, where the
factors distinguishing system instances are unobserved.

Alternative approaches partially address this limitation. Foundation-model-style
surrogates (autoregressive neural operators, ANO) [12–15] avoid explicit parameter
supervision by conditioning prediction on long histories of observed states, referred
to here as the past-state window. However, these representations are high-dimensional
and unstructured with respect to the underlying governing factors. As a result, autore-
gressive conditioning accumulates rollout error during self-prediction [16, 17] and does
not yield an identifiable representation of system variation.

A separate line of work infers latent representations from trajectory data and
uses them to condition prediction. Existing approaches, however, trade off expressiv-
ity, scalability, or interpretability. Variational autoencoders compress low-complexity
dynamics into latent representation under Gaussian priors [18], restricting the capac-
ity of the learned solution operator. Gradient-based meta-learning methods recover
system descriptors through inner-loop adaptation [19], but backpropagation through
the inner loop becomes prohibitively expensive for high-dimensional spatiotemporal
systems.

We observe that both the past-state window used in ANO and the inferred latent
representation used in latent-conditioned models serve the same role: encoding the
system-specific variation underlying a shared solution operator. Motivated by this
perspective, we formulate the problem of learning both a shared solution opera-
tor and system-specific variation from heterogeneous trajectories without parameter
supervision as Neural Operator Discovery (NOD).
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To address this problem, we consider a factorized realization consisting of two com-
ponents (Fig. 1a): a trajectory encoder fϕ, which maps a past-state window from a
system instance to a low-dimensional latent representation c, and a state-evolution
operator gθ, which predicts future states conditioned on this representation. Two com-
plementary constraints are imposed on c. First, the representation is restricted to be
low-dimensional, with its dimension selected as the smallest value sufficient to capture
variation across system instances. Second, the conditioning trajectory and prediction
trajectory are sampled from different initial conditions of the same system instance
(Fig. 1b), encouraging the encoder to retain only cross-trajectory invariants. Together,
these constraints promote latent representations that capture governing factors while
suppressing trajectory-specific features.

Under this formulation, the learned representations organize system instances in
a structured latent space C that reflects the underlying physical variation. Across
multiple systems, this latent space exhibits a smooth and approximately invertible
correspondence with the true governing factor space P , despite being learned without
parameter supervision. The resulting model supports both accurate long-horizon pre-
diction and generalization to previously unseen system instances. In particular, new
systems can be handled either by inferring the latent representation from a single
observed trajectory (one-shot inference) or by sampling directly in the latent space to
obtain the corresponding latent representation c (zero-shot inference), as illustrated
in Fig. 1b.

Results

This section first illustrates the NODnet structure, then validates it on three fam-
ilies of partial differential equations: the Burgers’ equation with varying viscosity,
which tests the capture of sharp, regime-dependent dynamics under shocks of O(ν)
width; the cylinder flow wake on an unstructured mesh, which tests scalability
under sparse supervision; and the FitzHugh–Nagumo reaction–diffusion system with
two independent kinetic factors, which tests recovery of multi-factor variation. Four
additional case studies in the Supplementary Information extend the evaluation
to geometric, boundary-condition, and resolution variation, spanning convolutional,
recurrent, Fourier Neural Operator, and Neural-ODE implementations of fϕ and gθ
(Supplementary Table S1).

Method overview

We consider families of dynamical systems governed by a shared equation form but
differing in system-specific factors such as physical coefficients, boundary conditions,
or geometric parameters. Let pi ∈ P denote the factors associated with system instance
i, where P ⊂ R

d is the underlying factor space. The dynamics evolve according to an
operator

∂x

∂t
= G(xt; pi), (1)

where the governing operator G and the factors pi are both unknown.
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Fig. 1 Neural Operator Discovery. (a) Comparison between conventional history-conditioned
neural operators and Neural Operator Discovery. Conventional autoregressive neural operators con-
dition prediction directly on a past-state trajectory window x0:t. In NODnet, the trajectory window
is first mapped to a low-dimensional latent representation c through an encoder fϕ, and a condi-
tional decoder gθ then predicts future dynamics from initial state xt conditioned on c. (b) Training
and inference with NODnet. During training, trajectory-decoupled sampling pairs two trajectories
x′
0:s and xt:t+H from the same system instance but different initial conditions, using one trajectory

for latent inference and the other for supervision. During inference, prediction can proceed either
by inferring the latent representation from an observed trajectory (one-shot inference) or by directly
sampling the latent space (zero-shot inference). Both modes generalize to system instances unseen
during training, denoted as “unseen trajectory” in one-shot inference and “unseen factor” in zero-
shot inference.

Each system instance generates trajectories τ = x0:T on the computation domain
Ω with a time window [0, T ], yielding a heterogeneous dataset D = τij , where i denotes
system instance, j denotes trajectory initial state x0. In the setting considered here,
only the trajectories and their grouping by system instance are available; the governing
factors themselves are unobserved. Importantly, the grouping information does not
directly specify the underlying factors. For example, a two-dimensional factor space
sampled at five values along each dimension produces 25 distinct system instances,
while the observed data contain only trajectories grouped by instance rather than
explicit factor coordinates.

Our goal is to learn both a shared solution operator in discrete form,

xt+1 = G′(xt; pi), (2)

and a low-dimensional latent representation that captures the underlying system-
specific variation. To achieve this, our formulation combines three elements: factorized
prediction, trajectory-decoupled sampling, and dimension selection.
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Factorized prediction.

Conventional autoregressive neural operators predict future states directly from a
window of past observations:

xt+1 = G′

ψ(xt;x0:t), (3)

where the past-state window x0:t implicitly carries both dynamical information and
system-specific variation. In NODnet, we instead factorize prediction into two com-
ponents: a latent representation inferred from past trajectories, and a conditional
state-evolution operator:

c = fϕ(x0:t), x̂t+1 = gθ(xt; c). (4)

Here, the encoder fϕ maps a trajectory segment to a low-dimensional latent represen-
tation c that captures system-specific variation, while the decoder gθ predicts future
states conditioned on this representation. Training minimizes mean-squared error of
prediction:

L = ∥x̂t+1 − xt+1∥2. (5)

Trajectory-decoupled sampling.

To prevent the latent representation from encoding trajectory-specific initial-condition
information, we train the encoder and decoder using trajectories generated from dif-
ferent initial conditions of the same system instance. Specifically, the encoder infers a
latent representation

c = fϕ(x
′

0:s), (6)

from a conditioning trajectory x′

0:s, while the decoder predicts the evolution of a
separate trajectory xt:t+1 from the same system instance:

x̂t+1 = gθ(xt; c). (7)

Because the conditioning and prediction trajectories share governing factors but
differ in initial conditions, the encoder is encouraged to retain only cross-trajectory
invariants rather than transient trajectory-specific features.

Dimension selection.

To ensure that the latent representation captures only system-specific variation, we
select its dimension as the smallest value sufficient to explain differences across system
instances. The selection follows a two-stage procedure over a sweep of representa-
tion dimensions d = 0, 1, 2, . . . . In the first stage, candidate dimensions are identified
from the training-loss curve as the smallest dimensions beyond which increasing d
no longer yields improvements exceeding the variability across random seeds. In the
second stage, the final dimension d∗ is selected as the smallest candidate whose cor-
responding d+1 model does not produce additional factor-aligned structure in the
learned latent space, assessed using principal component analysis of the per-instance
latent representations. Applied to the three main case studies, this procedure yields
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d∗ = (1, 1, 2), matching the number of independent governing factors in each system
family. Full details, threshold criteria, seed configurations, and latent-space analysis
are provided in Supplementary Sections S2.1–S2.3.

Evaluation overview

Inference modes of NODnet.

Once trained, the learned latent space organizes system instances according to their
underlying physical variation, enabling two modes of inference. In zero-shot inference,
a latent representation is sampled directly from the learned latent space and used to
condition the decoder for prediction. In one-shot inference, the latent representation is
first inferred from a short trajectory segment using the encoder, after which prediction
proceeds using the same conditional decoder.

For Burgers’ equation and cylinder flow wake, we evaluate one-shot inference,
where the latent representation must be inferred from observed trajectories. For the
FitzHugh–Nagumo reaction–diffusion system, we evaluate both one-shot and zero-shot
inference to examine the structure and generalization properties of the learned latent
space.

Baselines and fair comparison.

We compare against two baselines that isolate different conditioning strategies while
maintaining matched model capacity within each case study. The autoregressive
baseline (ANO) conditions predictions directly on a window of past states, without
learning an explicit latent representation of system instances. The single-system base-
line (SNO) removes the encoder entirely, corresponding to a shared neural operator
trained across all trajectories without distinguishing between instances. The predic-
tive capacity of SNO is matched to the decoder component of our model, while ANO
is matched to the full model capacity. These baselines isolate the contribution of learn-
ing a low-dimensional latent representation for system-specific variation, independent
of architectural scaling. A parameter-supervised reference (PNO), in which the true
governing factors are provided as input, is reported in Supplementary Section S2.4 as
a non-comparable upper-bound benchmark.

Burgers’ Equation

As a one-dimensional special case of the Navier–Stokes equations, Burgers’ equation
describes the interplay between nonlinear convection and viscous diffusion. As vis-
cosity decreases, solutions develop shock fronts of O(ν) width, producing sharp
regime-dependent dynamics that are difficult to resolve. The governing equation is

∂u

∂t
+ u

∂u

∂x
= ν

∂2u

∂x2
, (8)

where u is the fluid velocity and ν is the kinematic viscosity, the only varying factor
across the system family.
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(b) NODnet Predictions on Various Viscosities (d) NODnet and NODnet-AR: Variance of Latents

(c) Cross-sectional Comparison of Different Models  

(a) Latent Dim Influence on Rollout and Convergent Loss
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Fig. 2 Burgers’ equation results. (a) Dimension selection. The 50-step rollout error (left, L2RE
×10−2) and converged training MSE (right, ×10−3) are evaluated across latent dimensions and three
random seeds. The dimension-selection procedure identifies d∗=1, consistent with viscosity being
the only varying governing factor (Supplementary Section S2.1). (b) Predictions across viscosity
regimes, including the inviscid limit (ν=0), in-distribution viscosities (ν=0.005, 0.05), and an unseen
viscosity within the training range (ν=0.03). Rows show ground truth, prediction, and absolute
error. (c) Comparison of long-horizon prediction profiles for the parameter-supervised upper bound
(PNO), the single-system baseline (SNO), the latent-conditioned model (NODnet), the autoregressive
latent-conditioned variant (NODnet-AR), and the autoregressive baseline (ANO). Results are shown
at rollout horizons H=5 (top) and H=50 (bottom). (d) Relationship between the learned latent
representation and viscosity. The full-field predictor learns a smooth monotonic latent organization
extending continuously to the inviscid limit, whereas the autoregressive variant collapses to a nearly
constant representation and fails to separate viscosity regimes.

We evaluate generalization across three settings: unseen initial conditions at trained
viscosities (ID), unseen viscosities within the training range (OOD), and the inviscid
limit ν=0, which tests extrapolation to a singular regime. Training data cover nine
viscosities in the viscous regime.

Sweeping the latent representation dimension from d=0 to 4 reveals an optimum
at d∗=1, consistent with the fact that viscosity is the only varying factor across the
system family (Fig. 2a). Predictions remain accurate across all three evaluation splits
(Fig. 2b). At ν=0, the ground truth corresponds to the entropy solution of the invis-
cid Burgers’ equation [20, 21], which classical numerical integration typically reaches
only by switching from parabolic to hyperbolic discretization schemes. In contrast,
the learned latent representation varies smoothly and monotonically with viscosity,
extending continuously to the inviscid regime (Fig. 2d, left). One-shot inference from
a single unseen trajectory recovers a consistent latent representation for the inviscid
system instance.

We next examine how decoder supervision influences factor identification. Under
shock dynamics, most of the spatial domain remains smooth, while the shock front
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occupies only a small region whose position depends strongly on viscosity. We there-
fore compare two variants that share the same encoder but differ in prediction strategy.
The first (NODnet-DeepONet) predicts the full spatiotemporal field in a single forward
pass using a DeepONet-style decoder [7], receiving supervision across all (x, t) locations
simultaneously. The second (NODnet-AR) replaces the decoder with an autoregressive
stepper trained only on one-step transitions. In the autoregressive setting, the training
loss is dominated by smooth-region errors that vary weakly with viscosity, providing
limited gradient signal for separating system instances. As a result, the autoregres-
sive variant fails to distinguish viscosities and collapses to a nearly constant latent
representation, whereas the full-field predictor learns a monotonic latent organization
aligned with viscosity (Fig. 2d, Table 1).

This effect is also reflected in long-horizon prediction performance. The autore-
gressive baseline achieves low one-step error but accumulates substantial rollout drift,
producing the largest 50-step prediction error among all models (Fig. 2c, Table 1).
By contrast, the latent-conditioned full-field predictor maintains the lowest 50-step
error across the ID, OOD, and inviscid splits, and remains within a bounded gap of
the parameter-supervised reference reported in Supplementary Section S2.4. The no-
conditioning baseline converges to a family-averaged solution because it receives no
information distinguishing one viscosity regime from another.

Cylinder Flow Wake

The cylinder flow wake provides a challenging setting for evaluating Neural Operator
Discovery under sparse and geometrically complex data. In the laminar Reynolds-
number regime considered here (Re ∈ [75, 400]), vortex shedding patterns and drag
vary smoothly with viscosity. The governing equations are the 2D incompressible
Navier–Stokes equations:

∂u

∂t
+ (u · ∇)u = ν∇2u−∇p/ρ

u |∂Ωin
= u∞

(9)

where ν is the kinematic viscosity, u∞ is the inlet velocity, and u = (u, v) is the velocity
field. Across the system family, viscosity ν is the only varying governing factor, while
variations in u∞ modify the initial flow development through the boundary condition.

This case probes scalability along two dimensions: the flow is defined on an unstruc-
tured mesh, and the training data are sparse, consisting of only 16 trajectories spanning
four viscosity values and four inlet velocities. The ID split evaluates generalization
to unseen u∞ at trained viscosities, while the OOD split evaluates extrapolation to
viscosities outside the training range (Fig. 5II(c)).

Sweeping the representation dimension from d=0 to 4 reveals an optimum at d∗=1,
consistent with viscosity being the only governing factor varying across the system
family (Supplementary Section S2.2). Larger representations degrade long-horizon
rollout performance, indicating that additional dimensions capture trajectory-specific
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(c) Rollout to 50 Steps on Unstructured Mesh
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Fig. 3 Cylinder flow wake results. (a) Dimension selection based on long-horizon training and
OOD rollout errors identifies d∗=1 (Supplementary Section S2.2). (b) Irregular-mesh prediction set-
ting. The encoder infers the latent representation from a conditioning set (red), while the decoder
predicts flow evolution on a separate prediction set (blue). (c) 50-step rollouts on the ID split (unseen
u∞) and OOD split (unseen ν). (d) Relationship between the inferred latent coordinate and viscosity.
System instances organize along a smooth monotonic curve in latent space, with a convex loss land-
scape across prediction horizons. (e) Continuous rollout-error landscape as the latent representation
value is perturbed. The error-minimizing latent value remains aligned with the inferred representa-
tion as rollout horizons increase. (f) Drag coefficient CD at Re=300. The latent-conditioned model
recovers the reference drag coefficient C̄D=1.36 and the correct vortex shedding frequency, whereas
the autoregressive baseline exhibits frequency drift and develops nonphysical drag behavior.

features rather than meaningful system variation. At d=1, the inferred representa-
tion varies monotonically with viscosity (Fig. 3d), suggesting that the latent space
organizes system instances according to the underlying physical structure.

To examine how the learned representation influences prediction, we perturb the
inferred latent coordinate and evaluate the resulting rollout error. The error land-
scape remains smooth across rollout horizons, with prediction error minimized near
the inferred latent representation (Fig. 3e). On the OOD split, representations inferred
from previously unseen trajectories remain consistent with the learned structure
(Fig. 3d), and one-shot inference achieves comparable performance. Together, these
results suggest that the learned latent space generalizes smoothly beyond the training
viscosity range.

To evaluate robustness under sparse and geometrically complex data, we train
the model using only 16 trajectories defined on an unstructured mesh with 4,869
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nodes per prediction step. Both the encoder and decoder are implemented using Point
Transformer backbones [22], enabling latent conditioning and prediction directly on
irregular geometries. Additional architectural details and ablation studies on encoder–
decoder capacity allocation are provided in Supplementary Section S2.2 and Table S4.

Sparse supervision presents a second challenge: the model must simultaneously
learn a generalizable solution operator and distinguish between different viscosity
regimes from limited trajectories. To improve robustness, the encoder and decoder
operate on spatially separated regions, where the encoder infers the latent rep-
resentation from a conditioning window while the decoder predicts flow evolution
on a distinct prediction domain (Fig. 3b). We additionally introduce a supervised
contrastive regularization term [23] that encourages separation between latent repre-
sentations associated with different system instances during early training. Together,
these mechanisms stabilize latent-space organization under sparse supervision.

Despite the limited training data, the latent-conditioned model remains stable
across both ID and OOD splits, achieving the lowest 50-step rollout error among
the compared models (Table 1); a comparison to the viscosity-supervised reference is
reported in Supplementary Section S2.4. The autoregressive baseline remains compet-
itive at short horizons but accumulates rollout drift under distribution shift (Fig. 3c).
The no-conditioning baseline performs well at very short horizons, where distinguish-
ing viscosity is less critical, but deteriorates at longer horizons (Table 1), highlighting
the importance of inferring system-specific variation.

Beyond rollout error metrics, we evaluate physical consistency through the drag
coefficient at Re=300 (Fig. 3f). The latent-conditioned model recovers the reference
drag coefficient C̄D=1.36 [24–26] and Strouhal number 0.205 [24] (St = 0.2037),
whereas the autoregressive baseline develops frequency drift (St = 0.2451) and
nonphysical drag behavior.

FitzHugh-Nagumo Reaction-Diffusion

The FitzHugh–Nagumo reaction–diffusion system [27, 28] models nerve impulse prop-
agation through excitable wave dynamics, where the qualitative regime of the system
(quiescent, oscillatory, traveling pulses, or spiral patterns) is jointly determined by the
stimulus parameter k and the recovery rate β. The governing equations are

∂u

∂t
= γu∇

2u+ u− u3 + k − v

∂v

∂t
= γv∇

2v + β (u− v)

(10)

where u is the membrane potential, v is the recovery variable, and periodic boundary
conditions are imposed.

This system provides a setting for evaluating whether the learned latent space
captures interpretable system-level variation and supports generalization beyond the
training regime. Training uses 9 (k, β) pairs. The ID split evaluates unseen initial
conditions at these parameter pairs, the OOD-Intra split evaluates 4 unseen parameter
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(a) Latent Dim Influence on Rollout and Convergent Loss (b) Discovered Latent Space as Diffeomorphism

(c) One-Shot Generalization: NODnet-Hier, NODnet, ANO Models on ID, OOD--Intra, OOD-Extra Datasets
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Fig. 4 FitzHugh–Nagumo reaction–diffusion results. (a) Dimension selection across three
random seeds identifies d∗=2, consistent with the two governing factors (k, β) (Supplementary
Section S2.3). (b) Learned latent-space organization for the 9 training system instances together with
a quadratic mapping between latent and parameter spaces. Representations inferred from unseen
system instances remain consistent with the learned structure. (c) Predictions and error maps for
the hierarchical latent-conditioned model, the single-step latent-conditioned model, and the autore-
gressive baseline from the same initial condition. (d) Zero-shot prediction error as a function of the
mapping complexity between latent and parameter spaces. Quadratic mappings improve prediction
accuracy relative to affine mappings, while cubic mappings provide negligible additional benefit. One-
shot inference is shown as a reference.

pairs inside the training hull, and the OOD-Extra split evaluates 12 pairs outside the
training range (Fig. 5III(c)).

Sweeping the representation dimension from d=0 to 4 reveals an optimum at d∗=2,
consistent with the two independent governing factors (k, β). Although prediction
error continues to decrease slightly at d=3, principal component analysis of the learned
representations shows that the third dimension remains effectively unused (Supple-
mentary Section S2.3). The resulting latent space organizes system instances according
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Table 1 Generalization performance across the three dynamical systems. Errors are

reported as L2 relative error (×10−2, mean±std) at 1-, 5-, and 50-step rollout horizons.
Latent-conditioned models (NODnet), no-conditioning baselines (SNO), and autoregressive
baselines (ANO) are compared across in-distribution and out-of-distribution settings. The
parameter-supervised reference (PNO), provided for context, is reported in Supplementary
Section S2.4. Reported statistics for latent-conditioned and no-conditioning models are averaged
over three random seeds, with variability computed across both seeds and evaluation
trajectories (Supplementary Sections S2.1–S2.3). Model definitions and evaluation splits are
provided in Methods.

Model Subset
L2 error (×10−2)

1-step 5-step 50-step

Burgers’ Equation

SNO-DeepONet (5.0M) ID 5.14±2.50 12.78±9.15 27.62±25.80
OOD 5.38±2.47 14.05±9.05 30.35±25.84
OOD-inviscid 5.29±1.49 12.90±4.85 24.98±9.38

NODnet-DeepONet (10M) ID 4.46±1.87 7.56±3.60 17.62±13.07

OOD 4.59±1.85 7.52±3.65 17.71±14.09

OOD-inviscid 4.74±1.42 9.17±4.09 20.34±9.05

NODnet-AR (10M) ID 3.47±3.68 12.02±10.92 61.48±36.14
OOD 4.09±4.02 13.76±11.56 64.42±36.38
OOD-inviscid 2.15±0.98 8.95±4.71 55.18±20.97

ANO↓ (9.8M) ID 0.92±0.67 6.19±3.41 62.88±34.34
OOD 0.99±0.73 6.49±3.53 64.73±34.31
OOD-inviscid 1.31±0.74 6.72±2.89 64.86±29.31

Cylinder Flow Wake

SNO (3.5M) ID 1.47±0.65 3.46±1.93 36.09±15.17
OOD 1.63±0.84 6.11±3.76 34.53±13.76

NODnet (15M) ID 1.69±0.79 4.00±2.60 29.89±16.61

OOD 1.72±0.86 4.38±2.34 31.04±15.11

ANO↓ (14M) ID 2.21±0.82 5.33±2.90 31.63±12.26
OOD 1.99±0.95 4.52±2.32 36.31±9.43

FitzHugh-Nagumo Reaction-Diffusion

SNO-Hier (2.5M) ID 1.31±0.09 1.78±0.10 7.33±1.63
OOD-Intra 1.28±0.06 1.75±0.07 7.05±1.24
OOD-Extra 1.38±0.11 1.96±0.16 9.31±2.28

NODnet-Hier (3.1M) ID 0.91±0.06 1.20±0.10 2.52±0.67

OOD-Intra 0.90±0.04 1.19±0.09 3.05±0.93

OOD-Extra 1.03±0.19 1.61±0.66 5.49±4.38

NODnet (3.1M) ID 0.79±0.03 2.21±0.15 22.56±2.81
OOD-Intra 0.79±0.02 2.18±0.11 21.83±2.41
OOD-Extra 0.79±0.04 2.27±0.16 23.70±3.41

ANO↓ (2.8M) ID 1.06±0.20 2.07±0.55 46.70±5.73
OOD-Intra 0.97±0.13 1.85±0.36 44.68±2.80
OOD-Extra 1.34±0.24 2.69±0.58 50.79±8.05

to the underlying parameter variation (Fig. 4b). A quadratic mapping between the
latent space and the parameter space generalizes to held-out system instances with
R2=0.9937 and a Jacobian condition number of 13.6±7.0, indicating that the learned
correspondence remains smooth and stable beyond the training set (Eq. S7).
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We next examine how supervision structure influences factor identification. At
matched model capacity, replacing the hierarchical decoder in NODnet-Hier with a
single-step decoder in NODnet increases long-horizon rollout error by approximately
an order of magnitude (Table 1). The hierarchical decoder supervises prediction simul-
taneously at lead times 1, 3, and 9, feeding longer-horizon dynamical information back
into the encoder and stabilizing recovery of the latent organization (Fig. 4b, right).
This parallels the Burgers’ system, where the supervision geometry of the decoder
strongly influences the ability to identify governing factors.

The learned latent space further enables zero-shot generalization to previously
unseen system instances. To evaluate this behavior, we fit analytical mappings of
increasing complexity between the latent space and the parameter space and generate
predictions directly from sampled latent representations. The mappings include: affine
(first-order), quadratic (second-order), and cubic (third-order), with details in Supple-
mentary Information S2.3. A quadratic mapping improves prediction accuracy relative
to an affine fit, while higher-order polynomial fits provide negligible additional benefit
(Fig. 4d). The comparable performance of one-shot and zero-shot inference (Fig. 4c)
indicates that the latent space captures physically meaningful system variation that
extrapolates beyond the training regime.

Baseline comparisons further support the role of latent conditioning in long-horizon
prediction. Within the (k, β) training hull, the latent-conditioned hierarchical model
achieves nearly uniform performance across the ID and OOD-Intra splits, with the
lowest 5- and 50-step rollout error among the compared models (Table 1). The no-
conditioning baseline fails to distinguish between parameter regimes and accumulates
substantially larger long-horizon error. The autoregressive baseline performs worse
still, as it conditions prediction only on past-state histories and accumulates rollout
drift over time (Fig. 4c). Notably, even without hierarchical prediction, the latent-
conditioned model achieves roughly half the 50-step prediction error of the autoregres-
sive baseline, indicating that latent conditioning together with trajectory-decoupled
sampling accounts for much of the performance gain.

Discussion

We introduced Neural Operator Discovery as the problem of learning both a shared
solution operator and a representation of system-specific variation directly from het-
erogeneous trajectories without parameter supervision. Across the systems studied
here, the learned latent space aligns consistently with the underlying governing fac-
tors, while long-horizon prediction outperforms autoregressive and no-conditioning
baselines (Table 1) and remains within a bounded gap of the parameter-supervised
reference reported in Supplementary Section S2.4. These results suggest that latent
conditioning can provide an interpretable and scalable alternative to explicit parameter
supervision in operator learning.

A central observation of this work is that the learned latent space exhibits smooth
structure across system instances and supports both one-shot and zero-shot generaliza-
tion. In particular, the FitzHugh–Nagumo system demonstrates extrapolation beyond
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the convex hull of the training regime, despite the model never observing those param-
eter combinations during training. Although the method is trained only to minimize
prediction error, two aspects of the formulation appear important for this behavior.
First, trajectory-decoupled sampling encourages the encoder to retain only information
shared across trajectories from the same system instance, suppressing dependence on
transient initial-condition features. Second, restricting the latent representation to the
minimal dimension sufficient to distinguish system instances limits the capacity avail-
able for encoding trajectory-specific variation. Together, these constraints encourage
a compact latent organization that reflects system-level structure.

The results also suggest that factor identification depends strongly on the super-
vision geometry of the decoder. In both the Burgers’ and FitzHugh–Nagumo systems,
decoders receiving longer-horizon or full-field supervision recover more structured
latent representations and achieve more stable long-term rollouts than autoregressive
predictors trained only on local transitions. This indicates that accurate system iden-
tification may require supervision signals that remain sensitive to governing-factor
variation over extended temporal horizons.

The Neural Operator Discovery setting also connects naturally to broader ques-
tions of identifiability in latent-variable models. Khemakhem et al. [29] establish
identifiability in nonlinear ICA through auxiliary variables, while Locatello et al. [30]
analyze weakly supervised disentanglement under shared latent factors. Hyvärinen et
al. [31] identify latent structure through temporal contrastive learning. In our set-
ting, trajectories grouped by system instance provide an implicit supervisory signal,
while latent dimension selection introduces an additional model-selection component
absent from most existing approaches. Supplementary Sections S3.2–S3.6 further dis-
cuss connections to latent-variable models for scientific data [32, 33], gradient-based
meta-learning [19], symbolic regression, and generative modeling [34].

Several limitations remain. The present study considers continuously varying
factors in low-dimensional Euclidean spaces; discrete system classes, bifurcating
dynamics, and topologically nontrivial factor manifolds remain unexplored. All experi-
ments are conducted on 1D and 2D systems, and extension to large-scale 3D dynamics
remains an important direction for future work. The datasets considered here are
simulation-generated; robustness under experimental noise, sparse sensing, and miss-
ing observations requires further investigation. In addition, the minimum number of
system instances required for reliable latent-space formation remains unclear, partic-
ularly in sparse-data regimes. Finally, while the learned latent spaces exhibit smooth
and approximately invertible correspondence with governing factors across the systems
studied here, a formal theoretical characterization of these properties remains open.

Methods

This section summarizes the implementations used across the three primary case
studies, including dataset generation and encoder and decoder architectures. The
Burgers’ system uses a CNN encoder paired with a DeepONet-style decoder; the
cylinder flow wake uses Point Transformer backbones for both encoder and decoder;
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and the FitzHugh–Nagumo system uses a recurrent encoder with a hierarchical U-
CNN decoder. Full architectural details, hyperparameters, and dimension-selection
procedures are provided in Supplementary Sections S2.1–S2.3.

Burgers’ Equation

Burgers’ equation is solved using spatial and temporal discretizations satisfying the
CFL stability condition (∆x=5× 10−4, ∆t=5× 10−3). Simulations are generated on
a 4001× 1001 grid and downsampled to 401× 101 for learning. The training set spans
nine viscosity values in the viscous regime, while evaluation includes both interpolation
within the training range and extrapolation to the inviscid limit ν=0 (Fig. 5I(c)). For
each system instance, 50 trajectories are generated from different initial conditions.

Following the factorized formulation in Eq. 4, the encoder infers a latent representa-
tion from a conditioning trajectory, while the decoder predicts the full spatiotemporal
field from an initial condition and the inferred representation.

Encoder

The encoder is implemented as a convolutional neural network that processes the
conditioning trajectory as a (T,X) image and outputs a scalar latent representation
through global pooling and a small multilayer perceptron (MLP).

Decoder

The decoder is implemented using a DeepONet-style architecture that predicts the
solution field at arbitrary spatiotemporal coordinates in a single forward pass:

û(t, x) = u0(x) + αres

〈

b(u0, c), τ
(

γ(x, t)
) 〉

, (11)

Branch and trunk networks are implemented as MLPs, and the coordinate inputs
are sinusoidally positional encoded to improve representation of sharp shock fronts
(Supplementary Section S2.1). Training minimizes mean-squared prediction error over
randomly sampled spatiotemporal query points. The NODnet-AR architecture can
also be found in Supplementary Section S2.1.

Cylinder Flow Wake

The dataset is generated from high-fidelity simulations of incompressible flow past
a cylinder on the 2D domain Ω = [−9, 21] × [−6, 6]. Inlet velocity takes values
u∞ ∈ 15, 16, 17, 18, 19, 20 and viscosity ν ∈ 0.005, 0.008, 0.011, 0.014, 0.017, 0.020.
With cylinder diameter fixed at 0.1, the resulting system family spans Reynolds num-
bers from 75 to 400, and the simulations are validated against reference statistics [24].
To evaluate learning under sparse supervision, training uses only 16 trajectories sam-
pled across (ν, u∞) combinations (Fig. 5II(c)). Generalization is evaluated on two
settings: unseen inlet velocities at trained viscosities, and unseen viscosities outside
the training range.

The decoder predicts the next-step velocity field autoregressively from the current
state and a latent representation inferred by the encoder from a separate conditioning
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Fig. 5 System descriptions and learning configurations. I. Burgers’ equation: (a) sampled
spatiotemporal fields across viscosity regimes, (b) CNN encoder and DeepONet-style decoder with
positional encoding, (c) training and evaluation splits in viscosity space. II. Cylinder flow wake:

(a) sampled trajectory on the irregular mesh, (b) Point Transformer encoder and AdaLN-conditioned
Transformer decoder, (c) training and evaluation splits across viscosity and inlet velocity, (d)
supervised contrastive regularization of the latent space under sparse supervision. III. FitzHugh–

Nagumo reaction–diffusion: (a) sampled trajectory, (b) recurrent encoder and hierarchical U-CNN
decoder, (c) parameter-space splits across (k, β) pairs, (d) symmetry-based data augmentation under
O(2) transformations.
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trajectory generated under the same viscosity but different initial conditions. Condi-
tioning trajectories are chosen adjacent to the prediction window so that the prediction
setting remains comparable to history-conditioned autoregressive neural operators.

Encoder and decoder

Both encoder and decoder are implemented using Transformer architectures designed
for irregular meshes [22, 35] (Fig. 5II(b)). The encoder processes a localized spatiotem-
poral conditioning window to infer the latent representation from wake dynamics, while
the decoder predicts flow evolution over the target prediction region using AdaLN-
Zero conditioning [36]. Rotary Position Embedding (RoPE) [37] is used to preserve
relative spatial information on the irregular mesh. Additional architectural details and
ablation studies are provided in Supplementary Section S2.2.

Latent space regularization

To stabilize latent space organization under sparse supervision, we introduce a
supervised contrastive regularization term [23] that encourages separation between
representations associated with different system instances (Fig. 5II(d)). The contribu-
tion of this regularization is gradually annealed during training so that the prediction
objective dominates optimization at later stages.

FitzHugh-Nagumo Reaction-Diffusion

The FitzHugh–Nagumo reaction–diffusion dataset is generated on a 1282 grid across
25 distinct system instances: 9 for training, 4 for the OOD-Intra split (interpolated
parameter pairs), and 12 for the OOD-Extra split (extrapolated parameter pairs)
(Fig. 5III(c)). For each system instance, 50 trajectories are generated from Gaussian
random-field initial conditions, with 40 used for training and 10 reserved for evaluation
of initial-condition generalization.

The decoder predicts the next-step fields (u,v)′t+1 autoregressively from the cur-
rent state (u,v)′t and a latent representation inferred by the encoder from a separate
conditioning trajectory generated under the same (k, β) pair but different initial
conditions.

Encoder

To process high-dimensional spatiotemporal trajectories, the encoder incorporates a
recurrent inductive bias:

hi = Ψ(hi−1, ψ(xi)), i = 0, . . . , s,

c = o(hs),
(12)

where Ψ(·, ·) denotes a recurrent unit (GRU [38] or LSTM [39]) operating on learned
per-frame representations ψ(xi). The final hidden state is projected to the latent
representation c (Fig. 5III(b)).
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Decoder

Because the dynamics are high-dimensional and evolve over long temporal horizons,
the decoder predicts future states autoregressively using a hierarchical prediction
strategy inspired by hierarchical temporal aggregation [40] and multi-output fore-
casting [41]. Three steppers with lead times of 1, 3, and 9 steps share a U-shaped
CNN backbone (Fig. 5III(b)). Longer-horizon supervision stabilizes rollout prediction
and improves recovery of system-level variation by feeding long-timescale dynamical
information back into the latent-conditioning process.

Representing prediction horizons hierarchically also reduces the number of network
function evaluations required for long rollouts from O(N) to O(log3N) for the N -th
prediction step. For example,

x̂25 = g
(2)
9 ◦ g

(2)
3 ◦ g

(1)
1 (x0, c).

Symmetry-aware data augmentation

Under periodic boundary conditions, the FitzHugh–Nagumo system is equivariant
to spatial translation, mirroring, and rotation (Fig. 5III(d)). Applying these trans-
formations enlarges the effective dataset by approximately 10× while preserving the
underlying system instance. This augmentation encourages the encoder to identify
governing factors independently of the spatial orientation or position of excitation
patterns and improves robustness across initial conditions.
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