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Abstract

Prior-Data Fitted Networks (PFNs) offer a path toward foundation models for
scientific and engineering systems– by learning to emulate Bayesian and Gaus-
sian Process (GP) inference in a single forward pass. Instead of re-optimizing
kernel parameters or retraining surrogates for each configuration, a pre-trained
PFN can instantly produce posterior predictions across families of physical equa-
tions—effectively automating GP learning. However, conventional Transformer-
based PFNs struggle in high-dimensional regimes due to entangled input–output
attention. We attempt a Decoupled-Value Attention (DVA), which computes
similarities purely from inputs while propagating outputs through values, mirror-
ing the GP update rule but remaining kernel-free. This localized attention shows
substantial reduction in bias and scaling bottlenecks, cutting PFN validation loss
by over 50% in five- and ten-dimensional tasks and matching GP accuracy on
64-dimensional power flow learning—at over 80× computational speedup. The
findings highlight that attention, not architecture, governs PFN generalization, and
position PFNs as a scalable, physics-aware foundation modeling framework for
automated scientific inference. Full pre-print: https://arxiv.org/abs/2509.20950.

1 Introduction

Prior-Data Fitted Networks (PFNs) perform amortized Bayesian inference by learning to approxi-
mate the posterior predictive of a Gaussian Process (GP) in a single forward pass, using synthetic
tasks drawn from a prior [Müller et al., 2022, Hollmann et al., 2025]. This makes them strong
candidates for foundation models of science and engineering—capable of generalizing across
families of physical systems without repeated GP training or kernel tuning. While GP inference
offers principled uncertainty quantification and smooth function estimation [Williams and Rasmussen,
2006], its cubic scaling in training and need for frequent re-optimization hinder deployment in dy-
namic settings such as power grids [Tan et al., 2025] or stochastic design problems. PFNs bypass this
cost by mapping context data directly to predictive distributions, effectively automating GP learning.
However, standard Transformer-based PFNs face scaling and bias issues in high-dimensional tasks
because their self-attention over concatenated (x,y) embeddings dilutes input locality and increases
compute load [Müller et al., 2022, Hollmann et al., 2025, Wang et al., 2025, Nagler, 2023], while
Transformer backbones remain memory-intensive and less suited to domain-specific architectures.

To address these limitations, we propose Decoupled-Value Attention (DVA), a localized attention
mechanism that mirrors GP inference while remaining kernel-free. The Proposed DVA computes
attention affinities (queries and keys) solely from inputs and propagates labels only through values,
aligning with the GP property that predictive means are weighted sums of training targets based
on input similarity [Williams and Rasmussen, 2006]. This design restores locality, reduces bias,
and enables PFNs to scale across architectures—including both Transformers and CNNs—without
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sacrificing accuracy. Summary of our main findings are: Localized PFN inference. DVA enforces
input-space localization, cutting PFN validation loss by over 50% on 5D and 10D regression tasks
compared to standard attention [Müller et al., 2022]. Architecture independence. With DVA,
CNN-based PFNs perform on par with Transformer-based ones, confirming that attention—not the
backbone—governs generalization and bias reduction [Nagler, 2023]. Scalable physical equation
learning. On a 64D power-flow benchmark, DVA-equipped PFNs reach mean absolute errors of
O(10−3), matching GP surrogates while being over 80× faster [Pareek and Nguyen, 2021, Liu and
Srikantha, 2022, Molzahn et al., 2019].

Positioning: We do not propose a general-purpose attention, but a specialized design enabling
localized PFNs to emulate GP inference efficiently. Unlike kernel-based attentions such as linearized
[Katharopoulos et al., 2020], Nyström [Xiong et al., 2021], random-feature [Choromanski et al.,
2021], or cross-kernel [Wang and Others, 2025] methods aimed at language and vision scaling, DVA
makes PFNs scalable, bias-reduced, and domain-adaptive for physical equation learning [Hollmann
et al., 2022]. By learning data-driven similarity instead of fixed kernels, DVA-equipped PFNs remain
robust across functions and operating regimes, as shown for AC power flow [Tan et al., 2025].

1.1 PFN Background and Limitations of Joint Attention

The PFNs approximate the posterior predictive distribution (PPD) of a Bayesian model in a single
forward pass. Trained on many synthetic datasets Dk ∼ p(D), PFNs minimize the negative log-
likelihood Müller et al. [2022]

Negative Log-Likelihood (NLL) ℓθ =

K∑
k=1

[
− log qθ(y

k | xk,Dk)
]
. (1)

where qθ outputs over discretized target bins. After training, PFNs perform amortized Bayesian
inference: for a new dataset Dtrain and query xtest, they produce qθ⋆(ytest | xtest,Dtrain) ≈ p(ytest |
xtest,Dtrain) in one forward pass. PFNs usually use a Transformer with self-attention over joint
embeddings zi = enc(xi)+enc(yi). This design faces two key issues in high-dimensional regression
[Hollmann et al., 2025, Wang et al., 2025]: Curse of dimensionality: Similarity computed in joint
(x, y) space becomes dominated by spurious output variation, degrading performance beyond ∼10
dimensions. Bias from broken localization: Mixing inputs and outputs in attention conflicts with
theory [Nagler, 2023] that only local inputs should influence posteriors, adding bias that worsens
with dimension. These limitations motivate decoupled value attention (DVA), where queries and keys
depend only on inputs, while values carry outputs, preserving localization and GP-like behavior.

2 Proposed Decoupled-Value Attention

We propose Decoupled-Value Attention (DVA), an input-localized attention mechanism for training
PFNs. The proposed DVA is structurally aligned with GP inference by treating input x and output y
separately at the attention stage. We enforce a strict separation of roles: attention affinities (queries
and keys) are computed solely from the inputs, while the aggregated information (values) comes
from the corresponding outputs– during both PFN training and prediction. Below, we explain DVA
mathematically along with comparative assessment against Vanilla Attention (VA) Müller et al.
[2022] and a kernel-based attention Wang and Others [2025].

Consider a PFN training dataset D = {X,y} where X ∈ RN×d and y ∈ RN×1 with N input
samples of dimension d. In DVA we calculate query Q, key K and value V as

Q = Wq φx(X), K = Wk φx(X), V = Wv φy(y), (2)

with encoders φx, φy and trainable linear maps Wq ∈ Rd×dk ,Wk ∈ Rd×dk ,Wv ∈ Rd×1. Then,
attention is then computed as Att(Q,K, V ) = softmax

(
QKT

/√
dk

)
V . Now, via (2), proposed

DVA enforces that similarity is calculated purely in input space, while labels flow only through values.
This is unlike VA used in PFNs, which mixes inputs and outputs in a joint embedding.

Inference: At test time, the mechanism is identical except that training dataset forms the context
set and the “queries” are now the real unseen inputs i.e. we do not know the true output y for test
inputs. Given a training dataset Dtrain ≡ Dcontext for unseen function learning via GP, we obtain the
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Figure 1: Bias Reduction in PFN Training: Validation loss (NLL) behavior with number of training
points for various PFNs (Number of training points = epochs × steps per epoch × batch-size ×
dataset size. Dataset size is 100 for 1D/2D, 400 for 5D and 500 for 10D PFN). Validation loss was
calculated on 64 out-of-sample datasets and Transformer + VA is taken from Müller et al. [2022].

predicted output with Q⋆ = Wqφx(X⋆) for test input X⋆ as

ŷtest = g
(
softmax

(
Q⋆K

T
tr

/√
dk

)
Vtr

)
(3)

This ensures that the weight assigned to each context point’s value v(yi) depends only on the similarity
between the query input x⋆ ∈ X⋆ and the context input xi ∈ Dtrain, mirroring the GP’s use of an
input-space kernel function, as discussed in the following subsection.

2.1 Localization Effect of DVA and Alignment with GP Inference

In DVA, attention weights for a test point x⋆ are

αi(x⋆) =
exp

(
⟨Wqφx(x⋆),Wkφx(Xi)⟩/

√
dk

)∑n
j=1 exp

(
⟨Wqφx(x⋆),Wkφx(Xj)⟩/

√
dk

) . (4)

Unlike joint embeddings, yi does not influence affinities, appearing only in the values. This ensures
that the attention concentrates on inputs near x⋆, recovering the input-space localization property
[Nagler, 2023]. DVA aligns with GP inference: in a GP, predictions are weighted sums of outputs
with weights depending only on inputs, µ(x⋆) =

∑
i βi(x⋆)yi withβ(x⋆) = k(x⋆, X) [K(X,X) +

σ2I]−1. Similarly, DVA weights act as a positive kernel on inputs (via the exponential inner product),
producing predictions as weighted sums of outputs, preserving the input-output dependency structure
of a GP. Alternative kernel-based attentions (e.g., RBF) can mimic GP weights, but they restrict
flexibility and require tuning of kernel parameters γ, whereas DVA learns localization from data.

3 Numerical Results and Discussion

Figure 1 summarizes PFN validation loss across increasing input dimensions (1D, 2D, 5D, 10D) for
CNN and Transformer backbones using vanilla attention (VA, dashed) and decoupled value attention
(DVA, solid). Bias Reduction: Across all dimensions, VA-equipped PFNs saturate at higher loss,
revealing persistent residual bias. DVA consistently reaches lower validation loss, with the effect
more pronounced in higher dimensions (5D and 10D), where VA models quickly plateau while DVA
continues improving. In 5D and 10D, DVA also shows lower initial loss, indicating faster convergence
and a reduced asymptotic bias floor.

Architecture-Agnostic Behavior: The choice of attention dominates performance differences:
both CNN- and Transformer-based PFNs achieve comparable loss with DVA, while VA exhibits
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Figure 2: Comparison with GP: MSE for 5D and 10D PFNs as a function of context size. All
models are tested using ntest = 500, for Ncontext. The results show that error consistently decreases
with larger context sizes, and that CNN- and Transformer-based PFNs with DVA approach the
performance of exact GP inference even in higher dimensions. Exact GP baselines were fit using
scikit-learn with Ncontext training samples.

Table 1: Voltage prediction on a 64D power-flow test bed: Trained on 500 samples; evaluated on
4,500 test samples. Time (t) is for evaluating all 32 node voltages, and MSE/MAE correspond to the
maximum across buses.

Exact GP CNN + DVA Transformer + DVA
∆Load MSE MAE t (s) MSE MAE t (s) MSE MAE t (s)
5% 2.2e-7 0.0004 10.88 4.5e-7 0.0005 0.13 1.5e-6 0.001 0.17
10% 3.5e-7 0.0004 10.94 1.7e-6 0.001 0.13 2.8e-6 0.001 0.17
30% 3.2e-7 0.0005 11.61 1.5e-5 0.003 0.14 1.6e-5 0.003 0.17
50% 2.2e-7 0.0003 11.89 4.2e-5 0.005 0.13 4.4e-5 0.005 0.17

a larger gap. DVA narrows architecture-induced variance, enabling smaller CNNs to match larger
Transformers in both 5D and 10D tasks, confirming PFNs are largely architecture-agnostic once
attention is specified.

Comparison with GP: Figure 2 shows PFN MSE as a function of context size. DVA-equipped PFNs
approach GP performance, with error decreasing steadily as more context points are available, even
in high-dimensional tasks. VA-equipped models remain biased, highlighting the critical role of DVA
in high-dimensional, data-efficient Bayesian inference.

Power Flow Learning: In this experiment, we model the IEEE 33-bus system, treating real and
reactive power demands at 32 load buses as uncertain inputs, resulting in a 64-dimensional input
space. The task is to predict steady-state bus voltage magnitudes, effectively learning the nonlinear
AC power flow mapping Voltage = f(Loads) . Table 1 benchmarks performance under 5%–50%
load perturbations. Exact GPs achieve the lowest MSE and MAE but require training one model per
bus, making repeated queries impractical. DVA-equipped PFNs (CNN+DVA and Transformer+DVA)
slightly increase error but are over 80× faster, achieving voltage predictions accurate to 10−3 p.u.,
sufficient for practical use. Note that, vanilla-attention PFNs failed to train for this 64D problem.
Training time for both DVA models is approximately 14 hours on an NVIDIA 4500ADA GPU.

4 Conclusions and Future Work

We propose Decoupled-Value Attention (DVA) to train Prior-Data Fitted Networks (PFNs) for high-
dimensional GP inference, showing that DVA halves residual bias in 5D and 10D tasks and allows
CNN- and Transformer-based PFNs to achieve comparable accuracy once equipped with the attention
mechanism. Leveraging this, DVA enables PFNs to serve as efficient surrogates for high-dimensional
power flow learning: on the IEEE 33-bus system with 64-dimensional load variations, DVA-equipped
PFNs achieved voltage prediction accuracy on the order of 10−5 while delivering over 80× speedup
versus exact GP. Future work includes scaling PFNs to larger networks and higher-dimensional
uncertainties, designing architectures that better capture input-space localization, and addressing
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DVA’s limitation of lacking output affinities, aiming for real-time, uncertainty-aware decision making
in modern power systems.
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