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Turbulence Atmospheric circulation

Real-world phenomena

Stress

Beyond appearances, these phenomena are governed by
scientific rules.



Partial Differential Equations (PDEs)

Ø Fluid physics:

Ø Solid physics:

Navier-Stokes Equation
for fluid dynamics

Inner stress 
of solid materials



Wide Applications

Airfoil design Weather forecasting

Civil engineering Vehicle manufacturing



Solving PDEs

Classic Numerical Methods

FEM or SpectralNew Task Results

Ø Recalculation for every new sample

Ø Each round will take hours or even days 

for a precise simulation

Huge computation costs



Solving PDEs

Classic Numerical Methods

FEM or SpectralNew Task Results

Ø Recalculation for every new sample

Ø Each round will take hours or even days 

for a precise simulation

Huge computation costs

Neural PDE Solver

Deep ModelsData Loss

Ø Training once, inference a lot

Ø Each inference needs several seconds

An efficient surrogate tool

New Task Results



Solving PDEs: Discretization

Airplane

Car



Challenges in Practical Industrial Design

Task: Estimate the drag coefficient of a given shape:

Surrounding Wind & Surface Pressure



Challenges in Practical Industrial Design

Task: Estimate the drag coefficient of a given shape:

Surrounding Wind & Surface Pressure

1. Large-scale meshes → Huge computation cost 

2. Complex and unstructured geometrics → Complex geometric learning

3. Multiphysics interaction → Intricate physical correlations



Previous Work: Geometric Deep Learning

(1) Mesh

GraphSAGE, MeshGraphNet, etc

(2) Point Cloud

PointNet, Point Transformer, etc



Previous Work: Geometric Deep Learning

(1) Mesh

GraphSAGE, MeshGraphNet, etc

(2) Point Cloud

PointNet, Point Transformer, etc

Excels in geometry modeling but fail in physics learning
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Previous Work: Geometry-General Neural Operators

(1) GNN as Operators

GNO, GINO, etc

(2) FNO-Variants

geoFNO, SFNO, etc

Only focus on local physics or limited to periodic boundary



Transformer-based PDE Solvers

…

(1) Geometries as point sequences (2) Attention as Monte Carlo Integral

OFormer, Galerkin Transformer, etc

1. Quadratic complexity

2. Hard to capture physical correlations among massive points



Transformer-based PDE Solvers

…

(1) Geometries as point sequences (2) Attention as Monte Carlo Integral

OFormer, Galerkin Transformer, etc

How to efficiently capture physical correlations underlying discretized meshes

is the key to “transform” Transformers into practical PDE solvers



Related Work

(1) Linear Transformers

1. Less informative attention

2. Individual points is insufficient for 

physics learning

(2) Vision Transformer

Augment features with patch ✓

Not applicable to irregular meshes



A foundational Idea of Transolver

Discretized Domain

Previous Work

Being “trapped” to superficial and unwieldy meshes

Difficulties in Complexity, Geometry, Physics



A foundational Idea of Transolver

Transolver

Learning intrinsic physical states under

complex and large-scale geometrics

Better Complexity, Geometry, Physics ModelingPhysics Domain

Discretized Domain

Previous Work

Being “trapped” to superficial and unwieldy meshes

Difficulties in Complexity, Geometry, Physics
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(a) Slices for Darcy, 2D Regular Grid
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(b) Slices for Elasticity, 2D Point Cloud (c) Slices for Airfoil, 2D Mesh

(e) Slices for Shape-Net Car Surface Pressure, 3D Mesh
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Learning Physical States

Mesh points under similar physical states will be ascribed to the same slice

and then encoded into a physics-aware token.



Overview of Transolver

Transolver applies attention to learned physical states (Physics-Attention)

① Mesh → physics ② Attention (Integral) ③ Physics → Mesh



Overview of Transolver

① Mesh → physics

To obtain physics-aware tokens



Mesh → physics

1. Assign each point to slices with weights learned from features

𝑵 Points to 𝑴 Slices

Softmax for low-entropy slices



Mesh → physics

1. Assign each point to slices 2. Aggregate slices for physics-aware tokens



Mesh → physics

1. Why slices can learn physically internal-consistent information

2. Learning slice is different from splitting computation area

Ascribe physically similar but spatially distant points to the same slice



Overview of Transolver

② Attention among physics tokens

Approximate Integral to solve PDEs



Attention among physics tokens

1. Complexity: 𝒪(𝑁!𝐶) → 𝒪(𝑀!𝐶)

2. Capture interactions among physics states

3. Theorem: Attention as learnable integral operator

Canonical attention among physics tokens

…
(a) Slices for Darcy, 2D Regular Grid
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Overview of Transolver

③ Physics → Mesh

Project physics information back to mesh



Theoretical Understanding of Transolver

1. Corollary of Attention is a learnable integral

Since attention mechanism is applied to tokens encoded from slices, the step 2 

(attention part of Transolver) is a learnable integral for the physics domain

Is Physics-Attention still an input domain integral?



Theoretical Understanding of Transolver

All the designs in Transolver can be directly derived.



Experiments

Six standard benchmarks, two practical design tasks

More than 20 baselines



Standard PDE-Solving Benchmarks

Transolver achieves 22% error reduction over the second-best model



Practical Design Tasks

Design-oriented metrics: Drag/lift coefficients and their Spearman’s correlation

Transolver performs best in both physics and design-oriented metrics



Efficiency

Favorable efficiency and performance balance

Transolver is faster than linear Transformers in large-scale meshes.



Physics-Attention Visualization

Slice visualization on Elasticity

Transolver is mesh-free, precisely captures states even on broken meshes



Physics-Attention Visualization

Physics-Attention can learn more informative physical correlations

Kullback–Leibler (KL) divergence between 

attention weights and uniform distribution



Showcases

Transolver excels in solving multiphysics PDEs on hybrid geometrics



Pursuing PDE Foundation Models: Scalability

1. Resolution: Consistent performance at varied scales

2. Data: Benefiting from larger training data

3. Parameter: Benefiting from more parameters



Pursuing PDE Foundation Models: Generalization

Transolver still performs best (Spearman’s correlation ~ 99%) in OOD settings 



Pursuing PDE Foundation Models: Versatile

Transolver can also be extended to 

Lagrangian Settings 

(Ever-changing geometrics)

Initial State Ground Truth (400th step) GNN GNN + Transolver



Open Source

Code is available at https://github.com/thuml/Transolver

https://github.com/thuml/Transolver


Thank You!
wuhx23@mails.tsinghua.edu.cn


