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Abstract

We present a novel graph-informed transformer operator (GITO) architecture
designed for learning complex partial differential equation systems defined on
irregular geometries and non-uniform meshes. GITO consists of two main modules:
a hybrid graph transformer (HGT) and a transformer neural operator (TNO). HGT
leverages a graph neural network (GNN) to encode local spatial relationships, an
intermediate graph-transformer layer operating on selected supernodes to capture
mesoscopic relational dependencies, and a global transformer to model long-range
interactions. A self-attention fusion layer then integrates local, intermediate, and
global signals to produce richer, more expressive graph embeddings. The TNO
module employs linear-complexity cross-attention and self-attention layers to
map encoded input functions to predictions at arbitrary query locations, ensuring
discretization invariance and enabling zero-shot super-resolution across any mesh.
Empirical results on benchmark PDE tasks demonstrate that GITO outperforms
existing transformer-based neural operators, paving the way for efficient, mesh-
agnostic surrogate solvers in engineering applications.

1 Introduction

Solving partial differential equations (PDEs) underpins a vast array of phenomena in engineering and
physical sciences, from fluid flow and heat transfer to fracture mechanics and structural deformation.
Traditional numerical methods offer rigorous error bounds and adaptable frameworks, but they often
incur substantial computational costs when applied to high-dimensional, nonlinear, or time-dependent
problems [Olver et al., 2014]. This computational burden can become prohibitive in real-time control
and optimization tasks, motivating the search for surrogate models that deliver rapid yet accurate
PDE solutions.

In recent years, deep neural network–based surrogates have emerged as a powerful alternative,
demonstrating orders-of-magnitude speedups over classical solvers while maintaining competitive
accuracy [Zhu and Zabaras, 2018, Bhatnagar et al., 2019]. These data-driven models can learn
solution operators from precomputed simulation data, enabling instantaneous inference once trained.
Physics-informed neural networks (PINNs) [Raissi et al., 2019] introduced a paradigm shift by
embedding the governing PDE residual directly into the loss function, thus bypassing the need for
labeled solution data. While PINNs have been successfully applied to a wide range of forward and
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inverse problems, each new setting of initial conditions, boundary values, or forcing terms requires
retraining from scratch, constraining their applicability to a single PDE configuration [Chen and
Koohy, 2024, Ramezankhani and Milani, 2024].

Neural operators extend the concept of surrogate modeling by directly mapping infinite-dimensional
input-output spaces, effectively learning solution operators for a family of PDEs. Foundational
architectures such as DeepONet [Lu et al., 2021] and the Fourier Neural Operator (FNO) [Li et al.,
2020a] show that a single model can generalize across varying PDE conditions and enable zero-shot
super-resolution. Inspired by the success of the transformer architecture [Vaswani et al., 2017] in
natural language processing and computer vision, recent works explored attention-based surrogate
models to simulate physical systems. Typically, these models are trained on function samples defined
over fixed discretization grids, which limits their ability to generalize across varying meshes [Cao,
2021, Han et al., 2022]. To address this, a new class of transformer-based neural operators has
emerged, which enables super-resolution and discretization-invariant query of the output function [Li
et al., 2022a, Hao et al., 2023, Alkin et al., 2024]. They employ cross-attention to aggregate input
features and predict outputs at arbitrary spatial/temporal coordinates, regardless of the underlying
input grid.

Despite these early successes, significant challenges remain in scaling transformer-based operators
to realistic engineering applications. In particular, modeling systems with irregular geometries
and non-uniform meshes demands more powerful mechanisms to capture complex interactions and
dynamics among spatial nodes. To address these challenges, we propose a novel graph-informed
transformer operator (GITO) architecture tailored for mesh-agnostic operator learning on arbitrary
domains (Figure 1). Our framework comprises two core modules: a hybrid graph transformer (HGT)
and a transformer neural operator (TNO). HGT combines graph neural networks (GNNs) to model
intricate local spatial relations, an intermediate graph-transformer layer on selected supernodes
to learn mesoscopic relational dependencies, and global transformer layers to capture long-range
interactions. A dedicated fusion layer then applies self-attention to merge the local, intermediate,
and global embeddings, producing richly expressive relational representations. Building on these
embeddings, TNO applies cross-attention for discretization-invariant querying of the output domain,
followed by self-attention to capture dependencies among enriched query embeddings. Our main
contributions are: 1) a novel graph-transformer-based neural operator architecture that seamlessly
integrates local and global feature learning on irregular meshes and geometries, and 2) superior
performance on benchmark PDE tasks, outperforming existing transformer-based neural operators.

Figure 1: Overall architecture of GITO. The input function and query points are first converted into
graph representations and encoded via edge and node encoders. These encoded graphs are then
processed by the hybrid graph transformer (HGT) module to learn informative relational features. The
output representations from the HGT are used as key/value and query inputs to the transformer neural
operator (TNO) module, which integrates contextual information from input function observations to
enrich the query representations. Finally, an MLP decoder maps the query embeddings to real spatial
coordinates.
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Figure 2: (Top) The hybrid graph transformer (HGT) module consists of a GNN layer, an intermediate
graph-transformer layer, a self-attention global layer, and a self-attention fusion layer that jointly learn
graph-based representations. (Bottom) The transformer neural operator (TNO) module employs cross-
attention and self-attention mechanisms to integrate and process representations of input functions
and query points. For clarity, standard components such as layer normalization, residual connections,
and feed-forward networks are omitted.

2 Methodology

2.1 Graph construction and feature encoding

We represent both the input function and query points as separate graphs G = (V, E), where each
node i ∈ V corresponds to a spatial location (e.g., a mesh cell or a query point) and each edge
(i, j) ∈ E connects node i either to its k nearest neighbors or to nodes within a specified Euclidean
radius. The value of k and radius are considered as model hyperparameters. Each node feature vector
Vi includes the spatial coordinates xi. For nodes corresponding to the input function, the observed
field value ui is concatenated to the node features. Edge features Eij comprise relative displacements
(xi −xj), Euclidean distances |xi −xj |, and, in case of input function graphs, differences in solution
values between connected nodes ui − uj [Brandstetter et al., 2022]. Both node and edge features are
passed through dedicated MLP-based encoders to generate initial embeddings, which are then fed
into the HGT layers for subsequent representation learning (Figure 1).

2.2 Hybrid graph transformer (HGT) module

Local and Global Graph Representations. Despite their strengths, GNNs suffer from fundamental
limitations due to sparse message passing, notably over-smoothing [Oono and Suzuki, 2019] and
over-squashing [Alon and Yahav, 2020]. Graph transformers (GTs) [Dwivedi and Bresson, 2020,
Ying et al., 2021, Mialon et al., 2021] address these shortcomings by allowing nodes to attend to all
others in the graph; however, they often overlook edge features, hindering accurate representation
learning. Hybrid architectures such as GPS Graph [Rampášek et al., 2022] and Exphormer [Shirzad
et al., 2023] combine GNN and transformer layers to overcome these challenges: the GNN component
captures local interactions and integrates edge information, while the transformer module models
long-range and global dependencies and mitigates over-smoothing and over-squashing. Following
this paradigm, we employ a GNN layer (Local) alongside a linear self-attention module (Global) to
learn the graph dynamics (Figure 2).

Intermediate Relational Learning. Aside from capturing immediate local neighborhoods and
distant global contexts, PDE systems defined on complex, irregular meshes exhibit rich interactions
at intermediate scales that are neither purely local nor fully global—making mid-level relational
features crucial for accurate operator learning Fortunato et al. [2022], Lam et al. [2023], Wen et al.
[2025]. By modeling these mesoscopic dependencies, a surrogate can propagate information across
varying ranges and resolutions, effectively overcoming the bottlenecks inherent in single-scale GNNs.
Building on these insights, our architecture also inserts an intermediate layer, a hybrid module
combining GNN and graph transformer blocks, operating on a purpose-designed mid-level graph.
This layer learns relational patterns at intermediate scales, seamlessly bridging local continuity with
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global coherence before the final decoding stage. In particular, the intermediate layer Intermediate
constructs a set of supernodes, a randomly chosen subset of the original graph’s nodes, through
which mesoscopic information propagation is performed (Figure 2). First, using a pre-specified
radius, features flow from the full graph to each supernode via GNN message-passing, effectively
downsampling the representation. Next, these aggregated supernode embeddings engage in inter-
supernode communication through a graph-transformer module, leveraging self-attention to avoid
information bottlenecks at the intermediate scale. Finally, the refined supernode representations are
upsampled back to the original graph via a second GNN message-passing phase, and a concluding
GNN layer ensures that this enriched information seamlessly permeates all nodes. This hybrid
downsample–transform–upsample design enables our model to learn mid-level relational patterns
along with capturing local details or global dependencies.

Multi-Scale Fusion Layer. In addition, we introduce a dedicated fusion layer, Fusion, which
leverages multi–head self-attention to seamlessly weave together local, intermediate, and global
signals. This joint aggregation allows the model to dynamically weight information from all three
scales—neighborhood, supernode, and global—producing richer, more discriminative graph em-
beddings that capture complex relational patterns across the entire domain. (Figure 2). In the HGT
module, node representations are updated by concatenating the outputs of the Local, Global and
Intermediate layers, followed by processing the combined embedding through the Fusion layer:

VG, E = Local(V,E) (1)
VT = Global(V ) (2)
VI = Intermediate(VG, E) (3)

V̂ = Fusion (VG ⊕ VT ⊕ VI) . (4)

The modularity of the hybrid graph transformer enables seamless integration of diverse GNN architec-
tures and transformer modules, allowing the model to be tailored to specific application requirements.

2.3 Transformer neural operator (TNO) module

To empower zero-shot super-resolution and fully decouple input and output representations, we
integrate a cross-attention layer capable of querying the output domain at arbitrary spatial locations
(Figure 2). This design parallels the branch and trunk networks in the DeepONet [Li et al., 2020b],
seamlessly fusing input function embeddings with output queries to achieve discretization-invariant
evaluation, regardless of the underlying input mesh [Li et al., 2022a]. The cross-attention layer takes
as input the query embeddings and the input function representations generated by the HGT modules.
The cross-attention enriches the query embeddings with the information from the input functions. A
subsequent self-attention module then captures interactions and dependencies among the enriched
query points. Finally, an MLP decoder translates the resulting embeddings into the target physical
output values.

2.4 Model implementation details

To efficiently learn operators for large-scale physical systems with numerous input and query locations,
we adopt the linear-complexity attention mechanism proposed by Hao et al. [2023]. Similar to Fourier
and Galerkin attention mechanisms [Cao, 2021], this approach can capture complex dynamics while
avoiding the quadratic computational cost of softmax-based attention. We adopt a “Norm-Attn-
MLP-Norm” with residual connections for all attention layers. To handle cases with multiple input
functions, we use a dedicated encoder for each input function. These encoded representations are then
processed by the cross-attention module in TNO, specifically designed to handle multiple key-value
(K/V) combinations, enabling efficient interaction across heterogeneous inputs. We incorporate a
mixture of experts module following each attention mechanism. The gating network assigns weights
to the experts based on the spatial location of the query points, effectively promoting a form of soft
domain decomposition, which has been shown to enhance the learning of physical systems in prior
work [Chalapathi et al., 2024, Hao et al., 2023]. In the HGT module, we use the Graph Attention
Network (GATv2) [Brody et al., 2021] as the GNN layer and apply the same linear-complexity
attention mechanism as in TNO for the global, intermediate and fusion layers. The graph construction
strategies are detailed in ablation studies section. In this work, we choose to use the HGT module
only for query points for learning more expressive relational features. For the intermediate layer, We
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select approximately 10% of the nodes as supernodes for all case studies and use the same k or radius
as the original graph for supernodes upsampling and downsampling.

3 Experimental results

3.1 Datasets and baseline models

Datasets. To evaluate GITO’s scalability on complex geometries, we test it on four challenging
datasets: Navier-Stokes [Hao et al., 2023], Heat Conduction [Hao et al., 2023], Airfoil [Li et al.,
2022b] and Elasticity [Li et al., 2022b]. A brief overview of the datasets is provided below:

• 2D steady-state Navier-Stokes (NS): This dataset involves steady 2D fluid flow governed
by Navier-Stokes equations in a rectangular domain with varying cavity positions . The goal
is to predict velocity components u, v, and pressure p from the input mesh.

• Multilayer 2D Heat Conduction (Heat): This dataset models heat conduction in composite
media with multiple boundary shapes and spatially varying boundary conditions . The task
is to predict temperature T from multiple input functions.

• Airfoil: This dataset involves the Mach number M distribution over different airfoil shapes .
The task is to predict M from the input mesh and the geometry of the airfoil.

• Elasticity: This dataset simulates solid mechanics governed by elastokinetics equations .
The domain is a unit square containing an irregular cavity, and the objective is to predict the
stress field given the input mesh.

Baseline Models. We benchmark our model against both conventional neural operator architectures,
including FNO [Li et al., 2020a], Geo-FNO [Li et al., 2022b], and MIONet [Jin et al., 2022], as
well as recently developed transformer-based operators, namely, GNOT [Hao et al., 2023], Galerkin
Transformer (GKT) [Cao, 2021], and OFormer [Li et al., 2022a]. To ensure a fair comparison, we
re-implement GNOT and evaluate it under the same experimental settings as our model, using a
comparable or slightly larger number of parameters. For all the datasets, we directly report the
baseline performances from Hao et al. [2023].

3.2 Results

Table 1 summarizes the mean relative L2 error across all test datasets for the compared models, with
lower values indicating higher prediction accuracy. The relative L2 error is defined as |ŷ−y|2

|y|2 , where
ŷ is the model prediction and y is the ground truth. This metric provides a normalized measure of
prediction accuracy that is consistent across datasets with varying magnitudes. GITO consistently
achieves the lowest error across all datasets and variables, outperforming existing neural operator
baselines.

Dataset Subset MIONet FNO GKT Geo-FNO OFormer GNOT GITO (Ours) Improvement

NS
u 2.74e-2 6.56e-2 1.52e-2 1.41e-2 2.33e-2 1.05e-2 8.19e-3 22 %
v 5.51e-2 1.15e-1 3.15e-2 2.98e-2 4.83e-2 2.33e-2 2.02e-2 13.3 %
p 2.74e-2 1.11e-2 1.59e-2 1.62e-2 2.43e-2 1.23e-2 1.07e-2 3.6 %

Heat T 1.74e-1 – – – – 5.42e-2 3.79e-2 30.07 %

Airfoil M – – 1.18e-2 1.38e-2 1.83e-2 1.80e-2 6.29e-3 46.7 %

Elasticity σ 9.65e-2 5.08e-2 2.01e-2 2.20e-2 1.83e-2 9.04e-3 8.38e-3 7.3%

Table 1: Comparison of GITO with existing operator learning methods on the NS, Heat, Airfoil
and Elasticity datasets. The metric used for this comparison is relative L2 error, with lower scores
indicating better performance. The top first and second best results are highlighted. For all datasets,
baseline results are taken directly from Hao et al. [2023] except GNOT. For a fair comparison, we
trained a smaller GNOT model to match GITO’s model size. Missing values in the table indicate
that the respective models were unable to handle the specific challenges posed by the dataset, such
as irregular geometries, multiscale patterns, or multiple input functions, as discussed in Hao et al.
[2023].
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4 Conclusion

In this work, we introduced GITO, the Graph-Informed Transformer Operator, a novel architecture
that unifies graph neural networks with transformer attention to learn mesh-agnostic PDE solution
operators for arbitrary geometries. By combining hybrid message-passing at local, intermediate,
and global scales, discretization-invariant cross-attention, and scalable linear-complexity attention
mechanisms, GITO delivers zero-shot super-resolution and outperforms existing transformer-based
operators across diverse benchmarks. These results underscore GITO’s promise as an accurate and
efficient surrogate model for complex engineering applications.
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