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ABSTRACT

As breakthroughs in deep learning transform key industries, models are increas-
ingly required to extrapolate on datapoints found outside the range of the training
set, a challenge we coin as out-of-support (OoS) generalisation. However, neural
networks frequently exhibit catastrophic failure on OoS samples, yielding unre-
alistic but overconfident predictions. We address this challenge by reformulating
the OoS generalisation problem as a sequence modelling task in the weight space,
wherein the training set is partitioned into concentric shells corresponding to dis-
crete sequential steps. Our WeightCaster framework yields plausible, interpretable,
and uncertainty-aware predictions without necessitating explicit inductive biases,
all the while maintaining high computational efficiency. Emprical validation on a
synthetic cosine dataset and real-world air quality sensor readings demonstrates
performance competitive or superior to the state of the art. By enhancing reliability
beyond in-distribution scenarios, these results hold significant implications for the
wider adoption of artificial intelligence in safety-critical applications.

1 INTRODUCTION

Over the past decade, deep learning has revolutionised pivotal industries, ranging from natural
language processing [Vaswani et al., 2017; Guo et al., 2025] and autonomous driving [Badue et al.,
2021; Dhaif and El Abbadi, 2024] to drug discovery [Jumper et al., 2021; Blanco-Gonzalez et al.,
2023]. Despite vast data quantities required for training, unfamiliar testing scenarios undermining
model reliability persist. For instance, a language model trained exclusively on English text may fail
catastrophically on French queries, exemplifying the out-of-distribution (OoD) challenge. Within
these problems, very few have captured the interest of the scientific community as much as cases
where testing and training supports are disjoint, which we characterise as out-of-support (OoS).

Traditional OoS solutions rely on incorporating inductive biases, such as enforcing known dynamics
[Nzoyem et al., 2025; Rackauckas et al., 2020] or prioritising discriminative features [Keshtmand
et al., 2026]. However, these methods falter when valid inductive biases are unavailable. Strategies
like Distributionally Robust Optimisation [Kuhn et al., 2025] and meta-learning [Caruana, 1997;
Hospedales et al., 2021] similarly necessitate prior knowledge of potential test distributions. While
non-parametric approaches like Gaussian Processes [Williams and Rasmussen, 1995] offer inherent
uncertainty estimates, they scale poorly to large datasets.

Leveraging recent advances in sequence modelling and weight-space learning [Schürholt et al., 2024;
Nzoyem et al., 2026], we propose WeightCaster : a framework recasting OoS generalisation tasks
as forecasting problems through the partitioning of the training set into concentric shells that we call
“rings”. By mapping each ring to a discrete time step, we learn sequential dynamics extrapolatable to
the test set. Our contributions are threefold: (1) a computationally efficient, parametric, interpretable,
and inductive bias-free framework for OoS generalisation; (2) a linearisation strategy enabling the
framework to provide uncertainty estimates both in-distribution (InD) and OoS; and (3) empirical
validation on synthetic sinusoidal and real-world air quality experiments revealing superior or
competitive performance at low parameter count.
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1.1 PROBLEM SETTING

In this typical machine learning problem, we are interested in learning the parametrised mapping
fθ : RDx 7→ RDy such that y = fθ(x), ∀(x, y) ∼ p, where θ is the array of model parameters,
and p denotes the joint probability distribution of the data. We denote by ptr the training data
distribution from which a fixed number of training inputs X tr ∈ RNtr×Dx are sampled along with
their corresponding outputs Y tr ∈ Y .1

OoS requires models to maintain predictive power on input samples X te ∈ RNte×Dx from pte
defined in regions of the input space where the training density is zero. Concretely, this means
Supp(X tr) ∩ Supp(X te) = ∅, where Supp denotes the support of a discrete set of points, i.e., the
range of RDx covered by these points.

1.2 RELATED WORK

OoS problems have traditionally been studied under the umbrella of OoD generalisation. Distribu-
tionally Robust Optimisation (DRO) [Kuhn et al., 2025] remains one of the strongest approaches, as
it trains models to perform well under worst-case scenarios. DRO, however, requires the specification
of a complex ambiguity set of possible testing distributions pte. Engression [Shen and Meinshausen,
2025] is designed to bridge the gap between traditional regression and full distributional modelling,
specifically targeting the support-shift limitations of standard DRO. Beyond simple point estimates,
Engression captures the stochastic nature of the data generation process itself.

Recent literature has shifted toward Invariant Learning [Arjovsky, 2020] and causal discovery
to identify features that remain relevant outside the training support [Keshtmand et al., 2026].
Concurrently, non-parametric methods, most notably Gaussian Processes (GPs) [Williams and
Rasmussen, 1995], have been revitalised for OoS tasks due to their principled approach to uncertainty.
Unlike most parametric models that collapse in unseen regions, non-parametric approaches revert to
a prior belief when the test data escapes the support of the training set. This comes at a cost, and our
approach addresses the main limitation of GPs by requiring significantly less computational resources
to fit large training sets X tr.

Another family of OoS generalisation techniques is meta-learning [Caruana, 1997; Hospedales et al.,
2021; Nzoyem, 2025; Finn et al., 2017], which aims to fine-tune (a subset of) the model’s parameters
θ at test time on a new task. Like DRO, however, a successful meta-learner requires some inductive
bias of what the target testing distribution could be. In contrast, our approach attempts to extrapolate
beyond the training domain by providing the most likely OoS predictions under a sequence model
assumption, thereby eliminating the need for explicit inductive biases and test-time fine-tuning.

Our approach is also heavily connected to the nascent area of weight-space learning (WSL) [Schürholt
et al., 2024]. Remarking on the growing capacity of public model repositories such as CivitAI and
HuggingFace [Jain, 2022], WSL has recently captured the attention of the deep learning community,
showcasing huge breakthroughs in implicit neural representations [Dupont et al., 2022], generalisation
error prediction [Unterthiner et al., 2020], and sequence modelling [Nzoyem et al., 2026].

2 METHOD

Fig. 1 summarises our proposed WeightCaster using a 1D sine wave as our example. We begin
by selecting an anchor point from the training dataset, and we decompose the training domain into
successive hyperspherical shells (equivalent to intervals in 1D or annuli in 2D). While their geometric
structure might be different depending on Dx and the chosen distance metric, we refer to these shells
as “rings” for simplicity. Each ring corresponds to a step in a sequence model, and a weight-space
sequence model learns to predict suitable weights for each step.

In the following paragraphs of this section, we detail the ingredients of the WeightCaster framework.
We begin by outlining the input domain decomposition and weight-space sequence modelling
strategies. Deterministic training and inference algorithms are discussed, followed by a stochastic
framework for uncertainty estimation.

1Y could be a subset of RDy for regression, or a discrete set such as {0, 1} for classification.
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Figure 1: Illustration of the two main steps of the WeightCaster framework for sinusoidal extrap-
olation. (a) First, an anchor point is chosen and the input domain R1 is decomposed into T = 10
“rings”, here clearly delineated as intervals. Within each ring, we consider a simple linear model
ŷ = θ1 · x + θ2, where θ = [θ1, θ2]T contains the slope and intercept to anchor, respectively. (b)
Optimal weights {θt}Ttr

t=1 for the data in each ring are subsequently computed by fitting a weight-space
sequence model, one ring corresponding to one time step. Suitable weights for OoS datapoints are
obtained by rolling out the sequence model for time steps t ≥ Ttr (in this example, Ttr = 9).

2.1 DOMAIN DECOMPOSITION

Domain decomposition is the first stage of the WeightCaster framework. Since the input domain is a
metric space, we can define a distance metric d(·, ·) on RDx . Next, an anchor point x is chosen. For
each point in either the training or testing dataset, we can compute its distance to x.

Depending on the desired granularity, we construct T > 1 rings {Rt}Tt=1 of equal radii δ. Using
precomputed distances to the anchor, we assign a ring identifier to each data point. The data within the
ring Rt is denoted X tr

t for train samples, and X te
t for testing samples. Necessarily, Ttr that identifies

the outermost ring containing a training datapoint is such that Ttr ≤ T .

Conventional machine learning seeks to learn a single model ŷ = fθ(x), ∀x ∈ X tr ≜
⋃Ttr

t=1 X
tr
t . In

contrast, WeightCaster seeks to fit one model θt for each ring, such that ŷ = fθt(x), ∀x ∈ X tr
t . We

achieve this via weight-space sequence modelling.

2.2 WEIGHT-SPACE SEQUENCE MODELLING

The domain decomposition above naturally provides a sequential ordering for the weights θt, which
we use to formulate an initial value problem (IVP). Specifically, our optimisation procedure is the
weight-space learning problem defined as follows2

ϕ∗, θ∗1 = argmin
ϕ,θ1

Ttr∑
t=1

E
(x,y)∼(X tr

t ,Y
tr
t )

[ℓ(fθt(x), y)] , subject to {θt}Ttr
t=2 = Gϕ(θ1), (1)

where:

• ℓ(·, ·) is a discrepancy function, such as mean squared error (MSE) or cross-entropy;

• Gϕ(·) is a higher level neural functional, a state-to-sequence3 model parametrised by ϕ.

Our goal is to not only find optimal parameters ϕ∗, but also the initial weights θ∗1 for the IVP via
gradient descent. Note how Eq. (1) provides no supervision signal beyond Ttr. This is at the core
of our approach, as the sequence model Gϕ will predict OoS weights {θt}Tt=Ttr+1 using the same
dynamics that were learned within the training domain.

By learning the dynamics of the weights θt through exposure to disjoint but consecutive rings,
WeightCaster effectively takes a global view of the data and learns a generalisable predictive distri-
bution, rather than the local view taken by conventional deep learning. The overall algorithms for
training and testing are presented in Algorithm 1.

2Note the use of the sum and not the average; this is because some rings might be empty.
3Conventional sequence-to-sequence models such as Transformers, SSMs, LSTMs, WSL-RNN are equally

suitable for this task [Nzoyem, 2025].
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Algorithm 1 WeightCaster Training and Inference

Training
1: Input: Data X tr, Y tr, anchor x, distance d(·, ·),
2: ring width δ, random ϕ and θ1,
3: batch size B
4: Output: Trained ϕ, θ1
5:
6: Partition X tr into subsets {X tr

t }
Ttr
t=1 using

7: d(x, ·) and δ
8:
9: {θ}Tt=2 ← Gϕ(θ1)

10:
11: while not converged do
12: Ltot ← 0
13: for t = 1 to Ttr do
14: (X,Y )← Subsample(X tr

t , Y
tr
t , B)

15: Ltot ← Ltot +
1
B

∑
x,y∈X,Y

ℓ(fθt(x), y)

16: end for
17: Update ϕ, θ1 via ∇Ltotal
18: end while

Inference
1: Input: Test point x, anchor x,
2: distance d(·, ·), ring width δ,
3: trained ϕ and θ1
4: Output: Prediction ŷ
5:
6: dtest = d(x, x)
7:
8: ttest = ⌊dtest/δ⌋
9:

10: {θ}ttest
t=2 ← Gϕ(θ1)

11:
12: ŷ = fθttest

(x)

2.3 STOCHASTIC FRAMEWORK FOR REGRESSION

To handle uncertainty, we extend the weight-space sequence model to a stochastic framework. Instead
of a point estimate θt, the Gϕ outputs the parameters of a distribution over weights. This approach
allows us to propagate uncertainty from the weight space to the prediction space.

Reparameterisation trick. We assume the weights at time step t follow a Gaussian distribution
θt ∼ q(θt) = N (µt, diag(σ2

t )). To enable backpropagation through the sampling process, we employ
the reparameterisation trick [Kingma et al., 2013]

θt = µt + σt ⊙ ϵ, ϵ ∼ N (0, I) (2)

where µt and σt are the mean and standard deviation predicted by Gϕ, and⊙ denotes the element-wise
product. 0 and I are respectively the zero vector and the intentiy matrix of suitable dimensions.

Marginalisation via linearisation. A primary challenge in OoS generalization is obtaining the
predictive distribution p(y|x), which requires marginalising over the weights

p(y|x) =
∫

p(y|x, θ)q(θ)dθ. (3)

Since this integral is analytically intractable for deep neural networks, we perform a first-order Taylor
expansion of the model fθ(x) around the mean weights µt

fθ(x) ≈ fµt(x) + J(θ − µt), (4)

where J = ∂fθ(x)
∂θ

∣∣∣
θ=µt

is the Jacobian of the model outputs with respect to the weights. Under this

linear approximation, we write the predictive distribution as

ŷ ∼ N (µy,Σy) with
{
µy = fµt(x),

Σy = Jdiag(σ2
t )J

⊤ + σ2
noiseI,

(5)

where σnoise is a hyperparameter included for numerical stability and to account for underlying noise
in the ground truth output measurements. This allows us to obtain not only mean predictions but also
a principled covariance Σy that reflects model uncertainty.
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Loss function regularisation. To prevent the model from producing overconfident predictions in
OoS regions, we regularise the loss function in Eq. (1). We introduce a KL divergence term between
the predicted distribution and a standard Gaussian prior p(ŷ) = N (0, I). The loss function becomes

L(ϕ, µ1, σ1) =

Ttr∑
t=1

E
(x,y)∼(X tr

t ,Y
tr
t )

[ℓ(fµt
(x), y)] + β ·DKL (N (µy,Σy)|N (0, I)) , (6)

where µ1, σ1 are respectively the learned initial mean and standard deviation weights, and β is a
scaling hyperparameter. This loss promotes a graceful reversal toward the prior rather than collapsing
as the model moves further from the training support.

3 MAIN RESULTS

3.1 EXPERIMENTAL SETUP

We evaluate WeightCaster on two regression benchmarks designed for OoS generalisation: a synthetic
periodic function and a real-world sensor correlation task.

Cosine Dataset. A classic 1D regression problem where y = cos(10x) + 0.5x + ϵ, where ϵ ∼
N (0, 25e− 6). The data is partitioned into disjoint train and test sets. This task requires the model to
extrapolate the trend and periodicity into the unseen intervals. We set β = 1e− 2. The anchor x is
chosen as the average across X tr. We specify T = 600 rings to simulate the weight-space sequence,
of which Ttr = 300 overlap the training data.

AirQuality Dataset. Derived from the UCI Air Quality dataset [Vito, 2008], we model the relation-
ship between two chemical sensors: PT08.S5 (O3) as the input x and PT08.S3 (NOx) as the target y.
Once normalised, we split the data based on a threshold of the O3 sensor readings (x > 1), creating a
distinct support shift between training and testing distributions. We use β = 5e− 2. The anchor x is
chosen as the minimum across X tr. For this dataset, we set T = 80 and Ttr = 40.

For both regression tasks, we use a linear regression model fθ(x) = x ·θ1+θ2 with 2 scalar learnable
parameters. For the sequence model Gϕ, we considered an autoregressive linear recurrence in weights
space θt+1 = ϕθt, with ϕ ∈ R2×2 as a learnable matrix. The discrepancy metric ℓ(·, ·) is the MSE.
Training WeightCaster is performed using the Adabelief optimiser [Zhuang et al., 2020] within the
JAX ecosystem [Bradbury et al., 2018]. We consider three baselines: a standard MLP [McCulloch
and Pitts, 1943], a Gaussian Process [Williams and Rasmussen, 1995], and an Engression model
[Shen and Meinshausen, 2025].
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Figure 2: Performance of WeightCaster compared to baselines. (Top Row) Extrapolation on the
Cosine wave experiment. (Bottom Row) OoS generalisation on the AirQuality sensor dataset. Shaded
areas represent the pointwise 2σ uncertainty estimates.

3.2 DISCUSSION

The results in Fig. 2 and Table 1 demonstrate that WeightCaster effectively sidesteps the catastrophic
extrapolation failures common in standard neural networks. By reformulating the problem as weight-
space sequence modelling, we allow the model to learn the evolution of the function’s parameters.
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Table 1: Train (in-distribution) and test (out-of-support) MSEs across datasets (↓).

Method Cosine (InD) Cosine (OoS) AirQuality (InD) AirQuality (OoS)

Standard MLP 0.00021 2.3672 0.3175 0.2284
Gaussian Process 0.00002 1.3973 0.3203 0.7053
Engression 0.50802 1.3240 0.3240 0.1603
WeightCaster (Ours) 0.00190 0.3502 0.3484 0.1381

The success in the Cosine experiment suggests that our sequence model captures the underlying
periodicity of the weight trajectory, allowing it to “forecast” the weights of the outermost rings
accurately. Interestingly, Engression fails to capture the conditional distribution p(y|x), neither
in-distribution nor out-of-distribution.

In the AirQuality task, WeightCaster performs on-par with state-of-art techniques like Engression,
especially on the testing OoS data. Unlike non-parametric methods like Gaussian Processes that scale
poorly with the training data size, WeightCaster maintains the computational efficiency of parametric
models while providing competitive uncertainty estimates via linearisation.

Crucially, WeightCaster exhibits such powerful performance at extremely low parameter count
DWeightCaster = Dθ +Dϕ = Dθ +D2

θ = 2+ 4 = 6.4 In effect, WeightCaster seeks to fit each θt on a
fraction of the original dataset, which requires less parameters, thus limiting the size of the regression
model θ. This translates to strong computational and memory savings, underscoring a significant
benefit absent in other parametric models such as the standard MLP or Engression.

Additionally, the square matrix ϕ in the linear recurrence Gϕ captures the weight dynamics. An
eigendecomposition of this matrix would reveal important characteristics for generalisation to a
(theoretical) infinitely wide out-of-support domain. This makes our framework highly interpretable,
which is critical when deploying AI models in the real-world.

Conversely, the error bars in Fig. 2 suggest that WeightCaster tends to be just as confident in the
training domain as it is out-of-support. While this can be addressed by careful tuning of the scaling
hyperparameter β, it displays a critical limitation in that WeightCaster introduces several such
hyperparameters (e.g., d, δ, x, β as seen in Algorithm 1), all of which require tuning to achieve
satisfying results.

4 CONCLUSION

In this paper, we introduced WeightCaster , a framework that transforms out-of-support generalisation
into a weight-space sequence forecasting task. By decomposing the input space into concentric rings
and modelling the trajectory of optimal weights, we enable reliable extrapolation with no inductive
biases. Our stochastic formulation further provides uncertainty estimates through model linearisation
and output-space KL regularization. Experimental results on periodic synthetic data and real-world air
quality sensors confirm that WeightCaster outperforms standard regression baselines and competitive
generalisation methods. Future work will explore the theoretical underpinnings of this approach
in the infinite-length T → ∞ regime, along with the scaling to high-dimensional manifold data.
Chosing an appropriate anchor location x remains a challenge we wish to solve. We will also explore
proven strategies for more confident in-distribution uncertainties while simultaneously requiring
conservative out-of-support estimates.

BROADER IMPACT

By enabling generalisation to unseen scenarios, this work could contribute to the mitigation of catas-
trophic failures in critical sectors such as environmental monitoring, healthcare, and infrastructure
management. Our approach encourages a more transparent understanding of a model’s operational
limits, fostering the responsible deployment of predictive AI. To accelerate usability and foster
reproducibility, we provide our code at https://github.com/ddrous/weightcaster.

4In our recurrent implementation, we use an ANODE-style augmentation [Dupont et al., 2019] for increased
representational power, resulting in slightly larger parameters Dϕ = (Dθ + a)2, with a the augmentation size.
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