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Abstract

Traditional system identification typically involves two steps: initially, training data is
processed to estimate a model of the system of interest; then, the model is used to predict
outputs for new input queries. In contrast, recent in-context learning approaches learn a
meta model that maps directly from training data and query inputs to outputs in a zero-
shot fashion, bypassing explicit model estimation. This approach leverages a meta model
trained offline, on large sets of synthetically generated data, to emulate the behavior of a
system identification algorithm. In this work, we advance this meta-learning framework
for system identification in three directions. First, we develop a unified probabilistic meta-
identification architecture that combines a Transformer-based encoder—decoder with tailored
mechanisms for handling long training sequences, enabling calibrated predictions over long
horizons. Second, we show how a pre-trained meta model can act as an uncertainty-aware
synthetic data generator for classical system identification, providing task-specific data that
regularize parametric models when real data are scarce. Third, we systematically evaluate

*This work was partly supported by the Hasler Foundation project “FALCON - Foundation models for
zero-shot adaptive control and prediction for dynamical systems” and as a part of NCCR Automation, a Na-
tional Centre of Competence in Research, funded by the Swiss National Science Foundation (grant number
51NF40_225155).


https://arxiv.org/abs/2610.13411v1

the framework on standard nonlinear system identification benchmarks and on a challeng-
ing out-of-distribution scenario, demonstrating competitive accuracy with state-of-the-art
methods and strong generalization, including cases where input-only adaptation is sufficient
to handle significant distribution shifts.

Keywords: Meta learning; Artificial neural networks; System identification; Synthetic data.

1 Introduction

1.1 System identification and meta learning

System identification (SYSID) provides data-driven methods to construct mathematical models
of dynamical systems from measured input—output data. Given a dataset, the goal is to estimate
a model that captures the underlying behavior with sufficient accuracy for tasks such as sim-
ulation, prediction, and control design. Over the past decades, a broad range of identification
techniques has been developed, ranging from prediction-error and subspace methods for linear
to deep-learning-based approaches for nonlinear model learning; see, e.g., [16, 42, 3, 25, 39, 28|.
In the classical setting, each identification task is posed for a single system, and a model is
fitted using exclusively the data available for that system.

Traditional identification limitations In standard practice, the estimation pipeline relies
heavily on expert intervention. The practitioner must select a suitable model structure (e.g.,
linear vs nonlinear, time-invariant vs time-varying, state-space vs input/output representation,
etc.), choose an identification approach (e.g., prediction error methods, subspace methods,
kernel-based approaches, etc.), and tune hyper-parameters in the numerical optimization rou-
tines used to solve the identification problem (e.g., learning rate in gradient-based methods,
regularization weights, stopping criteria to prevent overfitting, etc.). These design and tuning
choices are typically repeated from scratch for each new system of interest.

In many applications, however, the goal is not to model a single isolated plant, but to
repeatedly identify related systems (for example, members of a given benchmark family or class
of processes). In such settings, traditional pipelines treat each system independently: for every
new dataset, the modeling and tuning steps described above are repeated, and a separate model
is estimated from scratch. This per-system workflow does not exploit information gained from
previously identified systems and can be computationally demanding when many systems must
be modeled. Moreover, classical approaches typically yield a different model for each system,
which complicates downstream tasks such as deploying a shared controller across a fleet of
systems or transferring prior knowledge to new tasks. While uncertainty-aware identification
methods and advanced long-sequence models exist, they are not generally designed to provide
class-level, zero-shot predictions for new systems from a short context trajectory.

Proposed meta-learning approach To address these challenges, we adopt a meta-learning
viewpoint in which the basic object of interest is a class of dynamical systems rather than a single
plant. Building on the in-context system identification paradigm introduced in [18], this paper
presents a novel SYSID paradigm inspired by meta learning techniques [20]. We consider a meta
model that is trained once, offline, on a large synthetic corpus generated from a distribution
over systems. At inference time, this pre-trained meta model receives a context input—output
sequence from a new system and a query input, and directly predicts the corresponding output
in a zero-shot fashion eliminating the need to implement any system identification algorithm
and avoiding the selection of model structure and hyper-parameters.

This class-level meta-modeling addresses the limitations discussed above in the following
ways:



o Reuse of knowledge across systems: a single meta model is shared by all systems in the
class, so information gained during offline training is amortized across tasks instead of
being discarded after each identification.

e Reduced per-system design effort: architecture and training hyper-parameters are chosen
once at the class level. For a new system, the meta model is applied without revisiting
model-structure selection or hyper-parameter tuning for each trajectory.

e Zero-shot prediction from short contexts: given a limited context from a new system,
the meta model can produce output predictions for new inputs without any task-specific
gradient-based adaptation, in contrast to classical pipelines that require solving a new
optimization problem per system.

This enables knowledge reuse across systems and reduces the need to repeatedly perform
full identification procedures—including structure and hyper-parameter selection—for every
new trajectory.

We emphasize that addressing the above limitations comes at its own cost. In particular, the
proposed meta-learning paradigm relies on a substantial offline pre-training phase on synthetic
data, and a performance gap with carefully tuned classical system identification methods may
still appear when abundant task-specific data are available or when strict requirements on
parsimonious models for control design are imposed. These trade-offs, and the regimes in which
the meta-modeling approach is most advantageous, are examined in detail in the subsequent
sections.

The proposed meta learning approach is analogous to Large Language Models (LLMs) like
GPT-4, LLaMA, Gemini, and DeepSeek, which are pre-trained on vast text corpora to un-
derstand and generate text. Similarly, our meta learning approach enables users to generate
output predictions by providing context and a related query, leveraging knowledge acquired in
pre-training to efficiently handle various system identification tasks.

1.2 Related Literature

Meta learning, also referred to as learning to learn, is a branch of machine learning introduced in
the late 1980s [36] that has gained significant momentum in recent years. In a broad sense, the
goal of meta learning is to enhance model and algorithm efficiency by leveraging experience from
multiple related tasks. While standard machine learning trains models for a single task, meta
learning approaches aim to capture common patterns and similarities across tasks, enabling
rapid adaptation to new ones with minimal data and computational resources.

One of the most popular meta learning algorithms is Model-Agnostic Meta Learning (MAML) [15],
which aims to find model parameters that can quickly adapt to new tasks. MAML has proven
particularly effective in few-shot learning scenarios across various domains and applications,
including computer vision for few-shot image classification tasks [2], reinforcement learning to
accelerate policy learning in new environments [15], materials science for predicting material
properties and accelerating materials discovery [46], as well as in system identification, opti-
mization and control [21, 8, 33, 7].

Another instance of meta learning is represented by in-context learning, where large models
are trained on diverse and extensive datasets, enabling them to process a context—a demon-
stration of the task at hand—along with a query input, and directly predict the corresponding
output without further training [22, 12]. In this framework, zero-shot prediction emerges as a
powerful feature of in-context learning, where models leverage their extensive pre-training on
diverse datasets to adapt to new tasks without requiring additional fine-tuning or retraining.
Typical application of in-context learning include Natural Language Processing [45], vision [43],
speech recognition [11], and robotics [44], just to cite a few. In the field of system identifica-
tion, in-context learning has recently demonstrated promising results for zero-shot prediction,



leveraging knowledge gained from estimating the behavior of systems similar to the target one
[18, 34, 14].

1.3 Paper Contribution

This paper builds upon the preliminary work on in-context learning for system identification
introduced in [18] and further developed in [30, 35]. The aim is to provide a unified framework
that integrates and extends these previous contributions, establishing a comprehensive and
probabilistic formulation of in-context learning for system identification. Within this unified
setting, the present work introduces the following technical contributions:

+ Extended methods for long-context processing: A novel ensemble-based strategy
with probabilistic weighting is proposed to efficiently handle long input—output context
sequences. Compared with the patching approach of [35], the new method achieves higher
in-distribution accuracy and reduced meta-training time, at the cost of a slight increase
in meta-inference time.

o Probabilistic synthetic data generation: The data generation strategy of [30] is
reformulated within the probabilistic framework, enabling the production of uncertainty-
aware synthetic datasets for training classical system identification algorithms.

o Benchmark validation: Where [18, 35] focused mainly on simulated scenarios, we sys-
tematically evaluate the full proposed architecture on multiple nonlinear system identifi-
cation benchmarks from the nonlinear benchmark initiative [1], demonstrating robustness
and generalization on real experimental data.

o Model adaptation study: We assess the framework in an out-of-distribution (OOD)
scenario in which both the dynamical systems and the input signals differ from those
used during meta model training. We show that fine-tuning by matching only the inputs,
while keeping the family of training systems fixed, achieves performance comparable to
full adaptation. This result is practically relevant for scenarios where the system dynamics
are uncertain but the excitation signals, chosen by the user, are known in advance.

Taken together, these contributions go beyond our previous works [18, 30, 35| in several
ways. First, the probabilistic formulation of synthetic data generation yields uncertainty-aware
synthetic datasets and a principled mechanism to down-weight unreliable synthetic samples,
addressing the growing need for more reliable synthetic data in machine learning. Second, the
adaptation study shows that fine-tuning only the input side of the meta model can already re-
cover most of the benefits of full adaptation, which is particularly relevant in applications where
excitation signals can be designed but the system dynamics remain uncertain. Finally, by com-
bining these elements with long-context processing in a single architecture and by carrying out a
systematic evaluation on standard nonlinear benchmarks, including systems that differ from the
WH training class, the paper validates the sim-to-real capabilities of the in-context approach
and provides some of the first concrete tools for using meta-learning in system identification,
considering the emerging interested in this research direction.

The rest of the paper is organized as follows. In Section 3, we review the meta modeling
framework originally introduced in [18]. We first formulate a point estimation problem of system
outputs as in [18], and then extend this formulation to the more general case of probabilistic
predictions. Model architectures and training algorithms are discussed in Section 4, followed by
novel approaches to manage long context sequences. The first one is based on sequence patching
and inspired by the Vision Transformer [13] for image classification. The second one relies on an
ensembling of the meta model predictions associated with different (short) context sequences.
Section 5 details how the pre-trained meta model can generate synthetic data useful for classical



system identification to estimate a parametric model of a dynamical system of interest when
the training data are scarce or insufficiently informative. Examples showcasing the effectiveness
of the meta learning paradigm are reported in Section 6, including benchmark performance and
model adaptation analyses. Concluding remarks are drawn in Section 7, along with directions
for future research.

2 Notation

Vectors are denoted by lowercase letters (e.g., u). Subscripts indicate the time index (e.g., u;).
For compactness, u,., denotes the sequence {uq,uqt1,...,up}. A superscript in parentheses,
such as u(?, denotes the i-th sample drawn from a dataset or distribution. A superscript without
parentheses, such as u’, denotes the i-th subsequence extracted from a longer sequence. The
same notation applies to the corresponding model outputs associated with each subsequence
or sample. Ep[-] denotes the expectation with respect to a probability distribution p. The
Euclidean-norm of a vector u is denoted as ||u||. Estimated quantities are indicated by a hat,
e.g., 7 is an estimate of y. N(-;u,02) denotes a Gaussian probability density function with
mean 4 and variance o2.

3 Meta learning framework

3.1 System Class

Let us consider a class S of dynamical systems. This class could correspond, for example, to
Linear Time-Invariant (LTI) systems, fading memory nonlinear systems, or a more restricted
subset of dynamics describing specific real-world systems. Examples of such restricted classes
include the set of all robotic manipulators with a maximum number of degrees of freedom or
the set of all vehicles with specific characteristics, to name just a few.

We assume to have access to a (potentially infinite) stream of input/output datasets gen-
erated by different systems {S®),i = 1,2,...} extracted from a probability distribution p(S)

defined over the class S. For each system S(®), a context dataset (uﬁn, y@n) and a query dataset
(71@“ ﬂ%lzl) are available, with wuy, i, € R™, yp, 91 € ]RT(“; T(h)ese two datasets are obtained by
(] ~(2

processing two randomly generated input sequences u;.,,,%;., through the same system S @),
starting from different random initial conditions.

The systems S may be instances of a high-fidelity simulator of a process of interest, with
physical parameter randomly distributed according to domain knowledge. Overall, we assume
there is an underlying distribution p(D) of datasets generated by the system distribution p(.5)

and the random input distribution. The distribution p(D) may not be explicitly known, but

samples { D) (ug )m,yyzn) (Ngzil,ﬂy,)l),z =1,2,...} can be drawn from p(D).

3.2 Classic system identification vs meta modeling

Classic system identification aims to estimate a different model for each system S based on

the available dataset D). A classic approach might require choosing a model structure and a

learning algorithm, using the context data (ug )m, yyzn) Then, the system state at a time step

¢ < n of the query may be estimated from the input/output samples (ﬂgi)c, ;QYZ) up to time c. By

simulating the identified system model starting from the estimated initial condition and for the

remaining query input sequence ugll ., one could make predictions yé 421 ., of the output yé 421 .

001 = My 820 91 w0 w0, (1)



where M represents the combined identification, system state estimation, and simulation pro-
cedure applied to the dataset D),

In the meta learning approach discussed in this paper, a single meta model is estimated for

all systems in the class S. Given a context dataset generated by a specific system S and a

query input, the meta model directly provides an estimate of the corresponding query output.

Specifically, we introduce a (black-box) map Mg, parameterized by ¢, which processes the same
inputs as in (1):

001 = Mo T G0 050, 0100, (2)

The map M, is trained to behave as a meta model for the system class S by minimizing

the expected simulation error over the dataset distribution p(D) in an end-to-end supervised

manner, i.e.,
=J(¢)

&= argminEyp) [[lder1in — Mo(X)]], (3)

where J(¢) is the loss function, and X = (tey1:m, Ui:e,
U1, Ul:m, Y1:m) s introduced to compact the notation and represents all the input variables to
the meta model M.

The expectation over p(D) is approximated by a Monte Carlo average over b system in-

stances from the class S and corresponding measured context (ug 371, yg Zn) and query sequences

(~(i) ~(7)

Ui yl:n)7 1.e.,

leyc+1n Mo(XD)]2. (4)

3.3 Probabilistic Prediction

The meta model in (2) provides point estimates of the future outputs. While informative, these
estimates lack the expressiveness of a full probabilistic description, which would also quantify
predictive uncertainty. To address this limitation, the meta model M, is modified to output,
at each time step, the parameters of a probability distribution over future outputs.

Training of the meta model My is then performed with the aim of approximating the
unknown conditional probability distribution p(get+1.,|X) with a parameterized distribution
46 (Uet1:m|X). To this aim, we introduce the Kullback-Leibler (KL) divergence KL(p || ¢¢)
between p and gg:
p<gc+1in‘X) ‘| (5)
q¢(gc+1:n‘X) ‘

The parameters ¢ defining M, (and hence g4) are chosen to minimize the expected KL diver-
gence over the conditioning variables X:

P(Je+1:n|X) ]

KL(p || 48) = Epges1.01%) llog

E v [KL —F ]
»(x) [KL(p || ¢5)] p(D)[qu¢(gc+1:n|X)

J(¢)
- EP(D) [_ log ) (gc+1:n|X)} +K, (6)

where J(¢) is the loss function minimized with respect to ¢, and K is a constant independent

of ¢.
As in the point-estimate formulation, the expected loss J(¢) is approximated by a Monte
Carlo average:

J(9 bz log g (31| X V). (7)
=1



where ggfﬁl:n and X (with 4 = 1,...,b) are samples from p(D) associated with the system

S,

In this paper, we parameterize the distribution g, as a multivariate Gaussian with a diagonal
covariance matrix. For notation simplicity, we present the case of single-output systems (i.e.,
ny = 1). Thus, gy is factorized as:

wesralX) = TT a0, (s)
k=c+1
4o (k) X) = N (Gi; 1(X, 8), 0 (X, $)?) (8b)

The vectors of means .41, and standard deviations o.y1.,, both of dimension n — ¢, are
the outputs of the meta model M, when fed by the query input wcy1:p, initial input/output
measurements 1.c, §1.., and context data ui.m, Y1.m:

He+1:n5 Oc+1:n = M¢(ac+1:na Ul:c, gl:a UL:m, yl:m)~ (9)

Here, ptcy1.n corresponds to the previous point estimate §ci1.n, While ocy1., quantifies the
associated predictive uncertainty.

Intuitively, the meta model M, acts as a system identification algorithm that infers the
dynamics of each system S from its input/output context (ugl)m,yygn) Using this inferred
knowledge, it generates predictions and corresponding uncertainty estimates (fict1:n, Oct1:n) fOr
the query sequence. Once trained, Mg can produce predictions for previously unseen systems
using only an input/output context and a query input cyi.,, without the need to identify a
dedicated model for each system.

3.4 Meta model architecture and training

The meta model is implemented using an encoder-decoder Transformer architecture similar to
the one introduced in [40] for language translation, see Fig. 1 for a visual representation. With
respect to [40], a recurrent patching network, described in details in Section 4.1, transforms the
context data (ui.m,y1.m) into a shorter sequence py.ps, with p; € Rémodel and M = %, where
L is an integer greater than 1. The encoder backbone then processes pi.3; and maps it into
(1.0, With (; € Rémodel (left side of Fig. 1). Then, the decoder processes the query input tcy1.p
causally in time through masked self-attention, to generate the estimated distribution param-
eter lei1m,Oct1m, incorporating the knowledge of (1.5s through a cross-attention mechanism.
Conceptually, the encoder can be interpreted as a system identification module, where (y.5s is
an implicit representation of the system, and the decoder is a simulator.

Before the decoder block (right side of Fig. 1), the initial conditions (namely, initial in-
put/output measurements) are processed by a linear layer that maps each time step from R« "
to Rmodel . Similarly, the query input @ey1., undergoes a separate transformation from R™ to
Rémodel (hottom-right blocks in Fig. 1). These processed sequences are concatenated to form a
unique sequence of length n, with each element having dimension dpyodel- Then, a positional
encoding is performed to preserve the temporal structure before the sequence enter the decoder
backbone of the Transformer. The final layer of the decoder (upper-right block in Fig. 1) out-
puts both the mean 1., and standard deviation o.41., of the probability distribution of the
system output at each future time step c+1,...,n.

Training of My is performed via stochastic (or mini-batch) gradient-descent, minimizing
the loss J(¢) in (7). At each iteration, a batch of b systems S® (with i = 1,...,b) is drawn
from the class p(S) and the corresponding dataset D ig generated to compute the loss.
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Figure 1: Encoder-decoder Transformer for in-context system identification. The main differ-
ences with respect to the original Transformer architecture [40] are highlighted in blue and pink.
Additionally, an extra layer preceding the encoder backbone, referred to as recurrent patching
neural network and highlighted in green, is incorporated to manage long context sequences.

4 Handling long sequences

An intrinsic limitation of the Transformer architecture is that the attention mechanism has a
computational complexity that grows quadratically with the sequence length. This results in a
limitation on the length of context sequences that the meta model My can efficiently handle.
In this section, we propose two different approaches to address these limitations: one is applied
during training, and the other during inference.

4.1 Patching

The patching approach, originally introduced in [13] for image processing, was later adapted
for time series data in [26]. This method partitions the context sequence into smaller sub-
sequences, referred to as patches, which are individually processed by a patching network to
reduce the time dimensionality. This approach significantly reduces the computational cost of
training by shortening the sequence length before processing by the Transformer. Specifically,
the input/output context sequence (Ui.m,¥1.m) is divided into M mnon-overlapping patches,
each of length L = §; and dimension n,, + n,. These patches are then processed by a recurrent
neural network (RNN), which maps each patch to a single vector of dimension dpyogel- The
resulting patch embedding sequence, p1.ps, is enriched with positional encoding to take into
account temporal order information before being passed to the encoder backbone (bottom-left
green block in Fig. 1). A visual representation of this approach is shown in Fig. 2.

This approach reduces the sequence length processed by the multi-head attention mechanism
by a factor of L, leading to a computational complexity reduction of a factor L? for the training
of the meta model M.

1For simplicity, we assume m is a multiple of M.
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Figure 2: Visual representation of the implemented patching approach. For clarity, a single-
input (n, = 1, blue) single-output (n, = 1, red) system is depicted

4.2 Ensembling

Differently from the patching strategy, the ensembling method described in this section is ap-
plied only during the inference phase, i.e., after meta model training. The approach is based on
averaging multiple predictions to improve robustness. This idea builds on the well-established
principle that predictive performance can often be improved through ensembling, which com-
bines the outputs of multiple models rather than relying on a single one [5, Chapter 14].

We consider the case where the Transformer has been trained on context sequences of length
m, but a longer sequence (U1, Y. ) With m’ > m is available from the real system at inference
time. From this longer sequence, we extract shorter overlapping subsequences {(ul.,,,, y4..,)} i1
of length m. Considering all overlapping sub-sequences, s = m’ — m + 1. Each subsequence
(ui.,.,yt.,) is provided as context to the pre-trained Transformer, along with a fixed query
input, to generate multiple predictions for the same query output, i.e.,

i ) —
:uc—i-lzn?a—c—f—l:n -
M¢(ac+1:n; Ul:c, gl:w uzl:m7 yi:m)? i = 17 EEERD (10)

where !, and o', ., represent the predicted mean and uncertainty for the query output
based on the i-th context subsequence (u.,,, yt. ).

A single prediction is then obtained by combining the s predictions through a weighted
average. Specifically, at a generic query time step k, the ensembled prediction is computed as:

S
e =3 whh. (11)
=1

where w}, are non-negative weights that determine the contribution of each prediction. The goal
is to select the weights to obtain an unbiased estimate of ¢ with minimum variance.
From (8b), we may interpret Mi; as a “noisy” estimate of the true unknown output g:

(i) = N (ks G, (93)%)- (12)

Consequently, the ensembled mean gy, in (11) is also Gaussian, with mean fiy = g5 371 wi. To
ensure that py is an unbiased estimator of ¢, the weights must satisfy the constraint:

> wp =1 (13)
=1

Furthermore, assuming that ,u}% are independent of each others for all ¢ = 1,..., s, the variance

2 : )
0y, of py can be written:
S

T = D_(wioh)*. (19)

i=1



Under constraint (13), it can be proven that the variance aik in (14) is minimized by the
weights:

i\—2
B i/ Yy (15)
k s Jy—2
j:l(ak)
A detailed derivation of (15) is reported in the appendix.
Note that, in the case of o}, equal to each other for all i = 1,...,s, then w} = % and pg in

(11) is given by an unweighted ensemble average.

5 Synthetic data generation for system identification

In this section, we discuss how the pre-trained meta model can be leveraged for classical system
identification, where the goal is to estimate a (parsimonious) model G of a dynamical system
Sp based on observed data.

The use of synthetic data in this context is motivated by regimes in which the available real
training dataset Dy, is small or weakly informative (e.g., limited excitation bandwidth or short
experiments). In such cases, flexible parametric models G trained only on Dy, tend to overfit
and extrapolate poorly. The pre-trained meta model provides a class-level prior over plausible
input—output trajectories, which we exploit to generate synthetic data conditioned on Dy, that
enrich the training set and act as a regularizer for G.

This strategy rests on one key assumption: S, can be reasonably well described by Mg, i.e.,
Dy, used as context, allows the meta model to meaningfully predict the trajectories of S,.

In this setting, the meta model does not replace classical system identification but com-
plements it. By generating synthetic trajectories conditioned on the same training data Dy,
it creates additional scenarios tailored to the specific system of interest, rather than generic
WH realizations. The resulting two-step pipeline, “generate context-aware synthetic data —
estimate a parametric model”, therefore trains G on a richer dataset composed of Dy, together
with synthetic trajectories adapted to the target system, instead of training G directly on Dy,
combined with unconditioned WH simulations.

Let us consider an observed input/output data sequence (u1.n,y1.n) (referred so far as
context sequence) generated by system of interest S,. Since this dataset represents the available
information about S,, it can be used either as a context for the meta model or as a training
dataset for estimating a model G of the system S,, or both. For this reason, (u.m, y1.m) will be
interchangeably referred to as the “context dataset” or “training dataset”, and will be denoted
as Dyy.

We consider a parametric model G characterized by a parameter vector 6, where .(6)
represents the output of G for a given input sequence up to time t, i.e.,

9:(0) = G(ur.t;0). (16)

For simplicity of exposition, we assume a single-output system.
According to classical parametric system identification, the model parameters 6 are typically
obtained by minimizing an average loss function ¢ over the training dataset Dy, i.e.,

m
6 = argmin — 3" ¢y, 51(6)). (17)

0 m i
To enrich the training set Dy, we aim to generate an additional, potentially infinite, set
of synthetic input/output sequences ﬂi:T,yji:T where ¢+ = 1,2,... is used to represent the ¢-th
synthetic trajectory and T is the length of the synthetic trajectories, that for simplicity of
notation, is assumed to be the same for all synthetic datasets. The synthetic trajectories are
drawn from a common probability distribution p(@,.f, 7;.7), ideally matching the one underlying

Dy,

10



The main idea behind the data augmentation strategy proposed in the paper is to use the
pre-trained meta model M, to generate the synthetic input/output trajectories. Indeed, the
meta model has the ability to infer the behavior of the specific query system S, directly from
the training (or, equivalently, context) dataset Dy, which implicitly encodes key characteristics
of the system S,. This trained meta model can then predict the output ;.7 for any synthetic
input sequence i,.7, thereby facilitating generation of a potentially infinite dimensional set of
synthetic data, by implicitly transferring knowledge across systems within the same class.

The following sections discuss two approaches for combining the training dataset Dy, with
synthetic data generated by the pre-trained meta model My. These approaches are related,
as both incorporate the synthetic dataset as an additional regularization term in the original
loss function in (17). However, they differ in how this regularization term is constructed. In
the first approach, discussed in Section 5.1 and originally introduced in [30], equal weights in
the regularization term are assigned to all synthetic samples. In contrast, the second approach,
presented in Section 5.2, derives the regularization term based on a maximum-likelihood for-
mulation and considers the uncertainty of the synthetic samples in constructing the training
loss.

5.1 Deterministic regularization

The parameters 6 that define the model G(+, ) of the system S, are estimated by minimizing an
expected loss that incorporates both the real data Dy, generated by the system S, and synthetic
data generated by the pre-trained meta model My, i.e.,

> UGk (9)) | (18)

where ¢ (#) is the model’s estimation output for a synthetic input sequence ., i.e., i () =
G(ty1.x,0).

The regularization hyper-parameter A > 0 controls the relative importance of real versus
synthetic data. Setting A = 0 results in training on real data only, which may cause overfitting,
particularly with complex models or limited datasets. A higher A value emphasizes synthetic
data, which can introduce distributional biases from the synthetic data generation process.
Thus, A should be chosen based on the quantity of real training data and on the quality of
the synthetic data. In this work, A is chosen via hold-out validation. Early stopping over a
validation set is used to prevent overfitting, which may occur in case of small-size D, and when
synthetic data are not employed. To not use additional data beyond what is already used for
model estimation with early stopping, the same validation set can also be used for tuning A.

The expected Value in (18) is approximated with a sample average, by applying ¢ synthetic
input sequences u' - (for i = 1,...,q) as input in the decoder, generating the corresponding

LT
outputs yl,f,z. Consequently, the estimation problem becomes:

A~ 1 & “
f = arg min— Zf(yt,yt(9))+
g m —

+A~ZZ€ G (0 (19)

2 As initial conditions in the generation of the output trajectory y1 we can consider the last ¢ samples of the
context Dyir.

11



The optimization problem (19) can solved using mini-batch stochastic gradient descent, with
g new synthetic input/output sequences generated at each iteration.

5.2 Maximum-likelihood based regularization

In this section, we present an alternative approach based on maximum likelihood for integrat-
ing real training data D, and synthetic data into a unified loss function for estimating the
parameters 6 of the model G.

We assume that there exists an unknown “true” parameter #° such that, for any given input
sequence u1.¢, the true system output yy at time ¢ is given by:

yi = G(ua:,0°). (20)
The measured training output is then modeled as:

Y = G(uyy,0°) + e, t=1,...,m, (21)
—_———

o

Yi

where e; is independent and identically distributed (i.i.d.) Gaussian noise, i.e., e; ~ N(0,02).
Thus, the likelihood function of the model parameters 6 given the training dataset Dy, can
be factorized as:

p(yl:m|u1:ma 9) = HN(yt; G(“l:tv 0)7 0'2)- (22)
t=1

The predicted mean provided by the meta model is used as synthetic output g, namely:
Jk(@1k, D) = (G, Do)y k=1,...,T, (23)

where we emphasize the dependence of pj (and consequently %) on the training dataset Dy,
(or, equivalently, the context).

According to the meta modeling assumption in (8), the true output gy = G(u1.5,6°) of the
system of interest S, for a query input .5 follows a Gaussian distribution:

p(gl(c)|a1:kaDtr) :N(gz;/_ﬁk,gg), (24)
and
T
p(gT:T’ﬂLT’Dtr) = HN(Q](3§M]€,O']%). (25)
k=1

In the above equations, the dependence of uj; and U]% is omitted not to burden the notation.

From the choice of the synthetic output g in (23), and due to the symmetry of the Gaussian
distribution, the likelihood function of the model parameters 6 given the single synthetic output
sequence 1. and the training dataset Dy, is:

ﬂ L (_(uk—Gwlsk,e))?) (26)

2
20},
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Thus, the joint likelihood function of the model parameters 6 given both the training and
synthetic output is:
p(ylzma gl;T|u1:ma ﬂl;’f’a 9) =
p(yl:m‘ulm’w e)p(gl’f|a1f’7 UL:ms Yl:m,s 9) -
————

Dtr

HN(yta Ult, 7 H N yk7 Ul :ky ) U’%) =
t=1
m _ )2
[T exp (_(yt G(u;.t,e)) ) y
1V 2mo? 20¢
T ~ 2

1 — &, 0
=1 /27m0} 205,

Thus, the log-likelihood function is given by:

logp(ylzma gl T|u1'm7 ﬂl T 9) =

m T
(yt — G(u1, 0 (e
et §

t=1

- G(al:lm 9))2
20,%

+C, (28)

where C is a constant term that does not depend on the model parameters 6.
Maximizing the log-likelihood with respect to 6 is equivalent to solving the following opti-
mization problem:

yt ulta T /.Lk - ul kae))2
IIllIl Z Z . (29)

202 2‘7k

Since the noise variance o2 is constant (and might also be unknown), problem (29) is equivalently
rewritten by introducing a hyper-parameter \ that weighs the second summation, i.e.,

m T ~ 2
. — G(t1.%,0
man(yt o G(“l:t, 9))2 +\ Z (Nk (;le )) ’ (30)
v = k=1 Tk

with A tuned through cross-validation to balance the contribution of the synthetic data term,
as also discussed in Section 5.1.
The extension to the case of multiple synthetic sequences is straightforward, leading to:

¢ T (i _G(a 2
mlnz yr — G(uqy, ))2_|_)\ZZ (441 (é}( 12:k79)) .

i=1 k=1

(31)

Summarizing, the optimization problem (31) aims at minimizing the sum of squared errors,
where the first term accounts for the discrepancy between the model predictions and the ob-
served real data, while the second term incorporates synthetic data. The synthetic data con-
tributions are weighted inversely to their associated uncertainty, as reflected by the variance
terms (0,’;)2. Consequently, synthetic samples with high uncertainty have a lower influence on
the loss, ensuring that the estimation process prioritizes more reliable data points.

The effectiveness of synthetic data is therefore not assumed a priori, but controlled at the
point of use through this uncertainty weighting. The probabilistic meta model provides a
per-sample uncertainty o, and the maximume-likelihood loss weights synthetic contributions
inversely to o7, so that synthetic samples deemed uncertain have limited impact on the estima-
tion of G, while high-confidence synthetic predictions carry more weight. In addition, before
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relying heavily on synthetic trajectories, the practitioner can perform simple consistency checks
on their distribution (e.g., input spectrum, amplitude range, operating region) relative to the
available real data, and restrict the use of synthetic data to regimes where the meta model is
both confident and the synthetic inputs remain within the domain explored by the real system.

6 Examples

In this section, we demonstrate the capabilities of the meta modelling paradigm through several
simulation examples, as well as system identification benchmarks using real data.

Trainings and inferences are performed using an Nvidia RTX 4090 GPU with 24GB of
RAM. To ensure the reproducibility of all experiments, the complete codebase, including dataset
generation, training routines, and trained meta models, has been made publicly accessible in a
GitHub repository [32].

6.1 Meta model training
6.1.1 System class

The meta model M, is trained on synthetic datasets generated by simulating Wiener-Hammerstein
(WH) systems characterized by the structure G7 —F — Gy, where F represents a static nonlin-
earity positioned between two LTI blocks, G; and Gs. The discrete-time LTI blocks G; and
G4 are randomly generated, with their orders uniformly sampled in the range [1,10], ensuring
variability in their dynamic behavior. The pole locations of G; and Gy are parameterized by
magnitudes and phases, which are independently drawn from uniform distributions over the
intervals (0.5,0.97) and (0,7/2), respectively. The nonlinear function F' is implemented as
a feedforward neural network with a single hidden layer that contains 32 hidden units. The
network weights are drawn from a Gaussian distribution with Kaiming scaling [19].

This choice of training class is principled rather than arbitrary. Any fading-memory nonlin-
ear system admits an arbitrarily close approximation by a finite-order Volterra series [6], and
parallel Wiener—-Hammerstein structures can exactly represent finite-order Volterra kernels [4].
As a result, the WH-based synthetic corpus spans a rich family of nonlinear dynamics and
provides a domain-informed pre-training distribution, rather than a system-specific simulator.

The inputs 1., used as context signals, are discrete multisine signals of length m, with
unitary amplitude and random phase, resulting in a flat spectral density. The active frequency
components are constrained within a passband defined by the spectral index range [ fumin, fmax),
with fiin > 1 and fimax < [m/2], with [-] denoting the ceiling operator, and [m/2] correspond-
ing to the Nyquist frequency for a discrete signal. The upper bound f.x is randomly selected
from a uniform distribution over the range [1, [m/2]]. The lower bound fuyi, is then assigned
based on the following scheme:

e with probability 0.5, we set finin = 1, enforcing a low-pass filtering effect;

o with probability 0.5, we sample fuin from a uniform distribution over [1, fmax]-

The signals are synthesized in the frequency domain and transformed into the time domain
using an inverse Discrete Fourier Transform. Finally, they are normalized to maintain zero
mean and unit standard deviation. Query input signals 1., are constructed similarly.

To simulate measurement errors coming from sensors, white Gaussian noise with a standard
deviation of oppise = 0.01 is added to the outputs.

In the experiments presented here, the WH-based synthetic corpus is generated by a para-
metric model. In practice, the same meta-learning framework can be instantiated using any
available simulator or physics-based model of a target application domain (e.g., robotics, pow-
ertrain, process control). The essential requirement is access to a simulator that captures a class
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of plausible systems, not necessarily a perfect representation of the specific plant of interest. As
we will discuss in Section 6.2.3, discrepancies between the simulator and the real system can be
compensated by lightweight adaptation using a relatively small amount of data.

Remark 1. In contrast to large-scale foundation models trained on heterogeneous data with
billions of parameters, the proposed meta model has a modest parameter count and is trained
on synthetic trajectories drawn from a physically motivated class of systems. The WH-based
design leverages existing knowledge on universal approximation for fading-memory nonlinear
systems, rather than relying solely on brute-force scale.

6.1.2 Meta model architecture

The Transformer architecture representing the meta model Mg comprises njayers = 12 layers,
each with dyodgel = 128 hidden units. Attention mechanisms are implemented with npeaqs = 4
in both the encoder and decoder. The query input/output sequences consists n = 130 samples,
with the initial ¢ = 30 samples used as initial conditions.

To assess performance across different context sequence complexities, two meta models are
trained: one for a context length of m = 400 and another for m = 16000. This setup enables
exploration of how the length of the context sequence affects model accuracy and computational
efficiency. For the extended context length of m = 16000, the Transformer architecture incor-
porates the recurrent patching approach described in Section 4.1. The context is divided into
M = 400 patches, each of length L = m/M = 40. These patches are sequentially processed by
a vanilla RNN with a single hidden layer with d,oqe1 = 128 units. The final hidden state of each
patch is further transformed through a square linear layer of size diodel, producing a sequence
p1:m- This sequence is then used as input to the Transformer’s encoder backbone. Conversely,
for the shorter context length of m = 400, the recurrent patching method is not employed.
Instead, the encoder input sequence pi.ps, where M = m, is directly obtained by processing the
input/output samples, 41y, and y1.my, through a linear layer that maps n, + ny inputs to dmodel
outputs. In both scenarios, the Transformer architecture is described by approximately 5.5
million parameters, with additional 16896 parameters for the RNN layer used in the patching
strategy.

The meta model My is trained to minimize the negative log-likelihood loss J, defined in
(7) across 3 million epochs, utilizing the AdamW optimizer [23] with minibatches of size b = 32.
The training times for the meta models with context lengths of m = 400 and m = 16000 are 28
and 50 hours, respectively.

6.2 Meta model testing

The predictive performance of the pre-trained meta model M, is assessed not only across
realizations of WH systems belonging to the same class used for meta model training, but also
on simulated systems from a different class excited with non multisine input signals, as well as
on real datasets from the nonlinear system identification benchmarks [1].

For the meta model handling a long context length (m = 16000), the patching-based ap-
proach is adopted, while ensembling is used when the meta model handling a shorter context
(m = 400) is considered. This allows us to leverage the full context data, in case the available
training dataset, at inference, is larger than 400 samples.

6.2.1 In-distribution test data

First, the performance of the pre-trained meta model is evaluated on test samples drawn from
the same distribution as the training data. To this aim, 320 random realizations of simulated
WH systems are generated for testing.
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Table 1: In-distribution systems: Root Mean Square Error (RMSE) and inference time for
patching-based and ensembling approach.

Method ~ RMSE mean (std) Inference time [s]

Patching 0.048 (0.044) 0.019
Ensembling 0.038 (0.050) 0.039

time step (-)

21 —
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Figure 3: In-distribution test results obtained using the patching-based meta model. Top:
aggregated prediction results over 320 WH systems, highlighting the consistency and stability
of the predictions across many system realizations. Bottom: representative WH system showing
the true output y, the predicted mean u, the prediction error y — u, and the uncertainty band
£ 30. The narrow confidence intervals and low error illustrate accurate prediction.

Table 1 reports the mean and standard deviation of the Root Mean Squared Error (RMSE)
achieved over the 320 realizations, along with average inference times to predict the output
on a query window of length n — ¢ = 100. The patching and ensembling approaches achieve
similar predictive performance, with the patching approach being approximately 2 times faster
in making inferences.

Figure 3 illustrates the performance of the trained meta model. For visualization purposes,
only results from the patching approach are displayed. The top panel shows the aggregated
simulation results over the 320 randomly sampled Wiener-Hammerstein systems from the same
distribution used for meta model training, highlighting the consistency of the model predictions
across systems. The bottom panel provides a detailed view of a single WH realization, showing
the true output @e41:.n, the predicted mean output pcy1.n, the corresponding prediction error
Yet1:n— thet1:m, and the uncertainty intervals computed as pie41:n+£30¢+1:n. The tight uncertainty
bounds and low error in the figure demonstrate that the meta model accurately captures the
system dynamics and provides well-calibrated uncertainty estimates

6.2.2 Benchmarks

The pre-trained meta model M, is further evaluated on publicly available nonlinear system
identification benchmarks, namely the WH [37], cascaded tanks with overflow [38], and coupled
electric drives (CED) [41], with CED consisting of 2 input/output trajectories. The adopted
benchmarks consist of real datasets and thus allow us to investigate the meta model’s ability
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to generalize beyond its training domain. Notably, these datasets are used solely for testing,
with no additional training performed on the benchmark-specific training data. The available
training datasets serve only as context for the pre-trained meta model M. In our analysis, we
prioritize demonstrating the zero-shot capabilities of the meta modeling paradigm, rather than
directly comparing predictive performance with existing system identification methodologies.

The benchmark systems are chosen to span a spectrum of structural proximity to the syn-
thetic training distribution, in order to stress-test the framework under varying degrees of
distribution shift:

o Wiener-Hammerstein (WH) benchmark. This is an in-distribution test: the syn-
thetic pre-training data are WH systems, so performance here validates that the frame-
work correctly exploits the pre-training prior on systems drawn from the same class but
generated in an experimental setup.

o Coupled Electric Drives (CED). The CED system is structurally close to a WH model:
it consists of a linear dynamical core followed by a static nonlinearity, which matches the
WH cascade structure. Good zero-shot performance on CED therefore confirms that the
learned prior transfers to near-distribution systems with similar compositional structure.

e Cascaded tanks with overflow. This system exhibits a piecewise-linear overflow non-
linearity embedded in a nonlinear state-space model that does not factorize as a WH
cascade, making it a genuinely out-of-distribution test for the meta model. The cas-
caded tanks benchmark is also characterized by a particularly small real training dataset,
a regime where classical identification methods are prone to overfitting and struggle to
generalize. In this setting, the inductive bias acquired during WH meta-training acts as
a strong regularizer, enabling the framework to achieve competitive, and in some cases
state-of-the-art, performance despite the distributional mismatch.

These observations highlight a regime where the proposed meta-modeling framework is par-
ticularly effective: when real training data per system are limited, the class-level prior learned
from WH-based synthetic data provides a strong regularization effect and improves general-
ization. Conversely, on benchmarks with abundant task-specific data (e.g., systems with very
long and informative training records), carefully tuned classical identification methods can still
achieve higher asymptotic accuracy, whereas the meta model primarily offers the advantage of
zero-shot prediction with modest performance gaps.

According to the benchmark guidelines, the first 50, 5, and 4 samples of the test data can
be used as initial conditions for assessing predictive performance on the WH, cascaded tank,
and CED benchmarks, respectively. As outlined in the previous section, the meta model is
trained to utilize ¢ = 30 initial conditions for inference. For the WH benchmark where 50 initial
conditions are provided, only the last 30 samples are used. Conversely, for the cascade tank
benchmark, zero-padding is applied to construct the sequence of initial conditions fed to the
meta model. For the CED benchmark, where the training and test sequences are known to
be contiguous, the sequence of initial conditions is constructed by concatenating the final 26
samples of the training data with the first 4 samples of the test.

Since the meta model is able to simulate the output over a query window of size 100,
in order to accommodate the varying test sequence lengths in the benchmarks, an iterative
inference approach is adopted. For the first inference step, the initial conditions provided by
the benchmark dataset are used. In subsequent iterations, the c final simulated output samples
serve as initial conditions for the next test sub-sequence. This iterative approach, combined
with the weighted ensembling strategy, significantly increases the computational time required
for inference. To address this limitation, the following strategies are implemented:

e parallelization: the predictions for the same inference window across all 400-length
context sub-sequences, used for the ensembling, are computed in parallel.
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Figure 4: Prediction results on the CED benchmark for the second output signal. Comparison
between true output y (black) and meta model’s predicted mean pu (blue), along with simulation
error y — p (red) and uncertainty region p + 30 (shaded blue area). Most predictions lie within
the confidence bounds, demonstrating robust zero-shot generalization to real data.

e pre-computation of encoder output: during each inference iteration, only the de-
coder inputs change across different iterations. Consequently, the encoder output remains
constant, allowing the encoder output to be computed only once for all the inference
iterations.

Table 2: Benchmarks: RMSEs and inference time over the test datasets for multiple methods.

Benchmark Method RMSE 'ljrammg/ Meta—
inference time
In-context 0.0014 591 s
WH dynoNet [17] 0.0017 1-60 min
LSTM [9] 0.0015 1-24 hr
ARX [9] 0.0434 1-60 min
In-context 0.429 0.22 s
Cascaded dynoNet [17] 0.421 1-60 min
Tanks  LSTM [9] 0.452 1-24 hr
ARX [9] 0.697 1-60 min
In-context [0.068, 0.055] 0.17 s
CED dynoNet [17] [0.062, 0.047] 1-60 min
LSTM [9] [0.139, 0.111]  1-24 hr
ARX [9] [0.433, 0.179] 1-60 min

Table 2 reports the RMSE values obtained on the test datasets for the three considered
benchmarks, comparing the proposed approach with several baseline methods. It is important
to note that the last column of the table compares the training time of the classical system
identification baselines with the meta-inference time of the proposed approach, rather than its
meta-training time. As discussed in Section 3, the proposed meta model is trained exclusively
on synthetic data and does not use benchmark data during training. Consequently, the only
stage in which benchmark data are employed is during inference. For this reason, the com-
parison between baseline training time and meta-inference time provides a fairer assessment of
computational efficiency, while the meta-training time, already reported in the paper, represents
an offline cost incurred only once. It is worth noting that, although the main advantage of the
proposed meta modeling paradigm is its ability to perform prediction in a zero-shot learning
fashion, the predictive performance is also in line with state-of-the-art system identification
algorithms (see leaderboard in [27]).
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Figure 4 shows the second output trajectory of the CED benchmark, where we can see
the true output §.11., of the test dataset, the predicted mean output p.+1., generated by the
meta model; the associated prediction error §ei1., — flet1:n; and the 99.7% uncertainty interval
computed as fic+1:N £ 30c41.8. The simulation error y — p (red) remains small and within
the uncertainty band for most time steps, indicating reliable generalization to real-world data
despite the model being trained solely on simulated systems. This result highlights the zero-shot
learning capability of the pre-trained meta model.

6.2.3 Model adaptation and fine-tuning

The performance of the pre-trained meta model is also evaluated in an out-of-distribution
scenario characterized by shifts in both the input signals and the system class compared to those
used for meta model training. To this end, we employed a simulator of a continuous stirred
tank reactor (CSTR) with jacket cooling, where a first-order irreversible reaction, A — B,
occurs. The physical dynamics of the system are detailed in [24, Chapter 3]. In our analysis,
the input variable is the flow rate of the cooling medium within the jackets, while the output
is the concentration of reactant A in the reactor. The output is normalized to have 0 mean
and unitary standard deviation. The reactor temperature and the temperature of the cooling
medium are considered as system states.

The input to these systems is a random binary signal (RBS), used to control the flow of the
cooling medium inside the jackets. The context sequence length is set to m = 16000, leveraging
the recurrent patching-based approach, while the number of initial conditions is set to ¢ = 30.
To emulate realistic operating conditions, white Gaussian noise with a standard deviation of
Onoise = 0.1 is added to the normalized outputs.

The analysis is conducted both in zero-shot learning and in few-shot adaptation setting. In
the zero-shot setting, the pre-trained meta model is directly applied to predict the CSTR output.
In the few-shot setting, a lightweight fine-tuning phase is introduced following the methodology
in [29], allowing the meta model to adjust to new conditions with minimal computational effort.

Two distinct fine-tuning scenarios are investigated:

e Scenario 1: Input adaptation only. The pre-trained meta model, originally trained
on WH systems, is adapted by changing only the excitation signal from multisine to RBS,
while keeping the same system class. Fine-tuning is performed for 1000 epochs.

e Scenario 2: Input and system adaptation. Adaptation data are generated by sim-
ulating CSTR systems with randomly perturbed physical parameters and using RBS in-
puts. To mimic a realistic few-shot setting, fine-tuning is carried out over a small set of
25 batches, each containing 32 systems, for a total of 1000 training epochs. Although the
optimization runs for multiple epochs, the model repeatedly sees the same limited set of
systems, making the adaptation effectively few-shot.

While the second scenario allows adaptation to both the excitation signal and the system
class, the first corresponds to a more practical situation in which the user may not know the
exact class of dynamical systems but does have control over the excitation signals.

To evaluate all the cases, 320 distinct CSTR realizations were generated by randomly per-
turbing selected physical parameters. The results, summarized in Table 3, show that the pro-
posed lightweight fine-tuning procedure markedly improves the generalization capability of the
pre-trained meta model. In the zero-shot setting, the WH-trained meta model is applied directly
to the CSTR without any adaptation, resulting in a relatively large RMSE of 1.249. In Sce-
nario 1, we keep the WH training class fixed and adapt only the excitation class from multisine
to RBS, which yields a fivefold reduction in RMSE to 0.242 compared to the zero-shot setting.
In Scenario 2, where both the input and the system class are adapted via CSTR simulations,
the RMSE further decreases to 0.115, which is close to the noise floor oppise = 0.1. It is worth
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Table 3: CSTR case study: RMSE without and with fine-tuning where only the input class
changes (Scenario 1) and where both input and system class change (Scenario 2) during fine-
tuning.

Setting Zero-shot Scenario 1 Scenario 2

RMSE 1.249 0.242 0.115

Training CSTR from scratch

= Trainingloss = Validation loss

Iteration number

Loss

-2
0 2k 4k 6k 8k 10k 12k 14k

Figure 5: Training and validation curves for the meta model trained from scratch on the CSTR
system class. The plot shows the evolution of the negative log-likelihood loss over training
iterations for both the training (blue) and validation (red) datasets. A divergence between
the training and validation losses is observed after approximately 4000 iterations, indicating
overfitting.

noting, however, that the performance achieved in Scenario 1 is already remarkably close to this
lower bound, despite adapting only the excitation input while keeping the meta-training system
class unchanged. This indicates that a simple input-matching step can close a substantial por-
tion of the sim-to-real gap, while the remaining gap can be bridged by a few-shot adaptation
of the system class. Overall, the two scenarios highlight that, in certain practical situations,
adapting the input representation alone is sufficient to recover most of the performance gains
achievable through full adaptation, offering a practical and computationally efficient solution
when the system dynamics are unknown but the input signal can be designed by the user.

For comparison, an additional analysis is conducted, with a meta model trained from scratch
directly on the CSTR system class. To ensure fairness, the training process utilized the same
number of system realizations used for fine-tuning previously (namely, 25 batches of 32 systems).
As shown in Figure 5, this model overfits the small CSTR training set, and the best validation
model achieves a test RMSE of 0.136, slightly worse than the fine-tuned meta model. Moreover,
training from scratch requires about 4000 iterations to reach its best validation performance,
compared to 1000 iterations for fine-tuning. This comparison highlights a practical advantage
of the proposed approach: even when the simulator used for pre-training does not perfectly
match the target system, a small amount of real or simulator data in the new domain can be
used to adapt the pre-trained meta model more efficiently and effectively than training a new
meta model from scratch.

6.3 Synthetic data generation for CED benchmark

In this section, we consider the CED benchmark to demonstrate the capabilities of the pre-
trained meta model in generating synthetic data, as discussed in Section 5. This benchmark is
known to be challenging because of the small size of the training dataset, which consists of only
400 samples.

Since the deterministic and the maximum-likelihood-based formulations achieved similar
results, we only report the ones achieved with the maximum-likelihood approach.?

3Results related to the determinist formulation for synthetic data generation are reported on a simulation
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Figure 6: Performance comparison on the CED benchmark when training a dynoNet model
with and without synthetic data generated by the pre-trained meta model. Boxplots report the
distribution of the R? index over 100 Monte Carlo runs for both benchmark outputs. Using only
real data (left) leads to higher variance and lower median R?, while augmenting the training
set (right) with meta model-generated synthetic trajectories significantly improves accuracy.

As a parametric model G to describe the CED system, a dynoNet neural network [17] is
employed. Its architecture comprises LTI layers, which process input sequences through filtering
operations, combined with memoryless nonlinear components. Training is performed over 6000
iterations of AdamW. To mitigate overfitting, early stopping is utilized, where the first 300
samples of the training set are used to train the dynoNet, and the remaining 100 samples are
used for validation. The same validation dataset is also employed to tune the regularization
parameter A in the loss function (31). The same 300 training samples serve as a context for
the pre-trained meta model My to generate additional 200 synthetic samples, using a multisine
signal as a query input. A Monte Carlo simulation with 100 runs is conducted, where at each
run, the initial weights of the dynoNet are randomly initialized, and a new synthetic query
input sequence is considered. We remark that the synthetic data was generated by the meta
model My, which was pre-trained on simulated WH models without any further fine-tuning or
prior knowledge of the target system.

Results on the test dataset are reported in Figure 6, which shows a boxplot of the R?
index on the two outputs of the test data over the 100 Monte Carlo runs, with and without
using synthetic data. These results highlight the potential of synthetic data to enhance model
robustness and performance, with a median R? index of 0.70 on the first output (0.88 on the
second one) without synthetic data, and a median of 0.88 on the first output (0.93 on the
second one) when the synthetic dataset is used. It is also noteworthy to observe the variability
of the results across the Monte Carlo runs. Indeed, when no synthetic data is used, variability
is solely due to the initial condition of the dynoNet weights. On the other hand, when using
synthetic data, variability arises from the initial condition of the dynoNet weights, the selected
hyper-parameter A, and the generated synthetic data. Nevertheless, less variability is observed
on the achieved R? when synthetic data is used.

7 Conclusions

In this paper, we presented novel developments on in-context learning for system identification,
which enables zero-shot prediction of a system of interest without the need to estimate a model
for that specific system. This approach eliminates the necessity to implement traditional system

example over the WH systems in the conference paper [30].
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identification algorithms, thereby bypassing the need to select hyper-parameters typically chosen
by system identification experts, such as model type, model order, training algorithm, etc.
Indeed, the meta model is trained offline using a large set of synthetic data and has the capability
to directly infer the behavior of the system of interest based on the available context (namely,
available training data) and then predict the system’s output for any query input.

New developments based on sequence patching and ensembling also allow us to process
long context sequences, circumventing the quadratic complexity of the attention mechanism of
Transformers. Moreover, the meta model can generate synthetic data that can be used for data
augmentation in classic system identification. This synthetic data allows to leverage information
from systems in the class, as well as efficient processing of training data, implicitly learned by
the encoder during the pre-training of the meta model.

Numerical results demonstrate how training a meta model with simulated data allows it to
generalize well to real data or systems from a different class, potentially with quick adaptation.

Current research activities are focused on two distinct and seemingly opposite directions.
On one hand, we aim at scaling to very large-scale meta models, characterized by billions of
parameters. These models are expected to describe very broad classes of dynamic systems,
pushing the boundaries of what dynamics meta models can comprehend and predict. On the
other hand, research is also focusing on creating distilled architectures. These lighter mod-
els aims to enhance computational efficiency and accessibility, making advanced meta models
techniques more feasible for real-time applications and edge devices with limited processing
capabilities.

Limitations The estimated meta model M, is able to predict, in a zero-shot learning fashion,
the output of a given system of interest based on its context input/output sequence and for any
possible query input. However, this predictive meta model also comes with limitations. First,
meta training requires a substantial offline computational effort on a large synthetic corpus,
which is not needed by classical system identification tools when they are applied to a single
system with an ad hoc model structure [31]. Second, the meta model is relatively heavy at
inference time, making it less suitable for embedded or resource-constrained implementations
compared to parsimonious parametric models. Third, while the meta model achieves com-
petitive accuracy in regimes where per-system data are scarce or weakly informative, classical
identification methods trained directly on abundant, high-quality data for a specific system can
still reach higher asymptotic accuracy. Finally, the meta model provides predictions rather
than an immediately interpretable parametric representation, which can be a drawback when
frequency-response analysis, sensitivity studies, or control design require a compact and struc-
tured model of the system of interest, although recent works on transformer-based model pre-
dictive control [10] indicate that such applications are possible but currently more specialized
and computationally demanding.

Further developments in the field are expected to draw inspiration from advancements in
Natural Language Generation algorithms, exploring the use of alternative architectures beyond
Transformers, like Structured State Space and diffusion models. Additionally, there is potential
to leverage open models like LLaMA or DeepSeek, applying low-rank adaptations to their
weights to tailor them for the specific meta modeling challenges of dynamical systems.
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Appendix

A Minimum-variance weights for ensembling

In this appendix section we show that the variance aik, for a specific time step k, in (14) is
minimized by the weights in (15), i.e.,
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The minimal ensembling uncertainty aik in (14) is given by the solution of the the opti-
mization problem:

wy, =

- i _iy2
11111n52(wk0k) . (33)
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subject to the constraint Y ;_; wi = 1. Using the method of Lagrange multipliers, the augmented
Lagrangian is:
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Setting the partial derivatives of L£(wy,7) to zero, we obtain:
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Substituting the expression for v from (36) into (35), we obtain the optimal weights in (15):
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