
Geometry-Aware Hemodynamics via a Transformer
Encoder and Anisotropic RBF Decoder

Reza Akbarian Bafghi∗
University of Colorado, Boulder

reza.akbarianbafghi@colorado.edu

Sukirt Thakur∗
AngioInsight, Inc

sukirt@angioinsight.com

Maziar Raissi
University of California, Riverside

maziar.raissi@ucr.edu

Abstract

Accurate and rapid estimation of hemodynamic metrics, such as pressure and wall
shear stress (WSS), is essential for diagnosing and managing Coronary Artery
Disease (CAD). Existing approaches, including invasive Fractional Flow Reserve
(FFR) measurements and computationally expensive Computational Fluid Dynam-
ics (CFD) simulations, face challenges in invasiveness, cost, and speed. We present
a framework that accelerates non-invasive coronary hemodynamics prediction. The
model integrates 1D centerline and inlet flow rate into a transformer-based encoder,
followed by an anisotropic Radial Basis Function (RBF) decoder that aligns with
vessel morphology for continuous wall-based predictions. We also introduce a large
synthetic dataset of 4,000 single-vessel coronary artery geometries with correspond-
ing steady-state flow simulations, enabling robust training and evaluation. Our
method improves accuracy and delivers orders-of-magnitude speedups over CFD on
this synthetic benchmark. While tested only on steady, single-vessel cases, it shows
promise for clinical acceleration; validation on clinical data and extension to multi-
vessel and transient settings are important next steps. Dataset available at: https:
//huggingface.co/datasets/angioinsight/single-vessel-flow

1 Introduction

Coronary artery disease (CAD) remains a leading cause of morbidity and mortality worldwide [1],
necessitating accurate, timely diagnostic tools. Fractional flow reserve (FFR), the functional gold
standard [2], guides treatment by quantifying the hemodynamic impact of stenoses, but its invasive
nature limits broad clinical use [3].

Computational Fluid Dynamics (CFD) offers a non-invasive alternative by simulating patient-specific
blood flow to estimate FFR, pressure, and wall shear stress (WSS) [4]. However, CFD’s high
computational cost, often several CPU-hours to days per case [5], restricts real-time application. This
challenge has spurred machine learning approaches to accelerate hemodynamic prediction [6].

Approaches include physics-informed neural networks (PINNs) [7, 8] and neural operators [9].
PINNs enforce PDE constraints directly but face challenges with nonlinear, multi-scale flows [10, 11].
Neural operators like Fourier Neural Operator (FNO) [12] and geometry-aware variants [13, 14]
learn resolution-independent mappings. Transformer-based operators [15–18] improve flexibility but
often lack explicit geometric and hemodynamic priors needed for vascular anatomies. Cardiovascular
flow poses unique challenges: intricate vessel geometries, stenoses, multi-scale features, and patient-
specific hemodynamics.
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Figure 1: Architecture of the Transformer-Anisotropic RBF Network. The transformer encoder
processes centerline geometry and flow rate, producing parameters for anisotropic RBF kernels
aligned with vessel morphology to reconstruct continuous pressure fields.

Our work addresses these challenges by integrating 1D centerline and inlet flow rate into a transformer
encoder, paired with an anisotropic Radial Basis Function (RBF) decoder aligned to local vessel
morphology. The core contributions include:

• A transformer encoder with 4D Fourier embeddings of centerline geometry and radius,
paired with an anisotropic RBF decoder for continuous wall predictions.

• A large-scale synthetic coronary hemodynamics dataset comprising 4,000 single-vessel
coronary artery geometries with corresponding steady-state CFD simulations, enabling
robust training, fair benchmarking, and reproducible evaluation. This open dataset provides
a standardized testbed for developing and evaluating hemodynamic prediction models,
including FFR and wall shear-based risk assessment.

2 Methodology

Our proposed Transformer-Anisotropic RBF Network predicts continuous pressure fields on coronary
artery walls from vessel geometry and inlet flow rate. The framework combines a transformer-based
encoder for geometry-aware feature extraction with an anisotropic Radial Basis Function (RBF)
decoder for continuous field reconstruction (Fig. 1).

2.1 Problem Formulation

We aim to learn a mapping from vessel geometry, hemodynamic descriptors, and boundary conditions
to wall pressure. The input is a vessel centerline C = {(xi, ri)}Ni=1 with coordinates xi ∈ R3 and
local radius ri ∈ R+, and inlet flow rate q. The goal is to predict the pressure P(x) and the wall shear
stress WSS(x) at arbitrary wall points while preserving morphology and flow features.

2.2 Architecture Overview

The model has two main components: (1) a transformer encoder that processes centerline geometry,
and flow data, and (2) an anisotropic RBF decoder that reconstructs the continuous pressure field.

Transformer Encoder with 4D Fourier. Each point ci = (xi, yi, zi, ri) is encoded with 4D
Fourier positional embeddings:

e(c) = [sin(2πBc); cos(2πBc)] (1)

where B ∈ Rm×4 is the frequency basis matrix that maps 4D coordinates into Fourier space for
positional encoding. The resulting embedding is concatenated with the raw coordinates and passed
through a multilayer perceptron (MLP):

h
(0)
i = MLP

([
e(ci) ; ci

])
. (2)

Learned positional embeddings are added before passing the sequence through transformer layers.

Flow Rate Conditioning. The inlet flow rate q modulates features using Feature-wise Linear
Modulation (FiLM) [19]:

γ, β = MLP(q) (3)
h← γ ⊙ h+ β (4)

This allows the network to adapt predictions to the boundary condition.
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Table 1: Performance on synthetic single-vessel geometries (Test set). Results show ℓ2 error for
pressure, WSS, and their mean.
Method Pressure WSS Mean

Low-Fidelity CFD 1.615 0.697 1.156
GNOT [21] 0.387 0.561 0.474
Transolver [22] 0.194 0.330 0.253
ONO [23] 0.205 0.290 0.248

Ours 0.132 0.279 0.206

Anisotropic RBF Decoder. The transformer outputs parameterize N anisotropic Gaussian kernels
(RBF size) for each field f ∈ {P,WSS}, centered at xc,i:

ϕ(f)(x,xc,i) = exp
(
−(x− xc,i)

TΣ
(f)
i

−1(x− xc,i)
)
. (5)

For each field, covariance matrices are ensured positive semi-definite via Cholesky factorization
Σ

(f)−1
i = L

(f)
i L

(f)⊤
i . With task-specific scalar weights w(f)

i predicted at each centerline point, the
final reconstructions are

P(x) =
N∑
i=1

w
(P)
i ϕ(P)(x,xc,i), WSS(x) =

N∑
i=1

w
(WSS)
i ϕ(WSS)(x,xc,i). (6)

This lets the model adapt kernels for pressure and shear, using finer kernels in complex regions and
broader ones in smoother segments.

3 Dataset

To construct the dataset, we generated synthetic coronary vessel geometries with controlled anatomical
variations. The vessel length ranged from 40 mm to 70 mm, tapering ratios (defined as the ratio of
outlet to inlet radius) varied between 0.6 and 0.8, and stenosis severity ranged from 30% to 70%.
These parameters were used to generate the vessel centerline representation, consisting of coordinates
and radius values, denoted as (x, y, z, r).

Using these centerlines, we constructed 3D surface and volume meshes and performed steady-state
flow simulations in OpenFOAM [20]. Each case used physiologically relevant inlet pressures and
flow rates. In total, 4000 single-vessel geometries were generated along with their respective flow
fields. The dataset was then split into training and testing sets using a fixed 90%-10% partition, which
was held constant across all experiments rather than being randomly resampled each time.

4 Experiments

4.1 Single Vessel Geometry Evaluation

We evaluate several variants of our model on the single-vessel synthetic dataset to assess the contri-
bution of different components. In this experiment, we compare against neural operators, including
GNOT [21], Transolver [22], and ONO [23], as well as a low-fidelity baseline. All models are trained
to predict both pressure and wall shear stress fields. All models were trained for 20,000 epochs with
1.9M parameters, keeping other hyperparameters identical across experiments. See Appendix B.

Table 1 demonstrates that our model achieves substantially lower errors compared to baseline methods.
Furthermore, Figure 2 shows that our predicted FFR aligns more closely with ground truth than
competing approaches, highlighting both accuracy and robustness of our framework.

4.2 Computational Efficiency Analysis

To analyze the relationship between model configuration, performance, and computational cost,
we performed two controlled experiments. In the first, we fixed the number of RBFs and varied
the number of query sample points; in the second, we fixed the query sample size and varied the
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Figure 2: Predicted and true FFR across methods on testing set. Our model shows the strongest
agreement (R2 = 0.95, r = 0.98) compared to GNOT, Transolver, ONO, and low-fidelity CFD.
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Figure 3: Comparison of computational cost and accuracy across models. (Left) Increasing the
RBF size with fixed sample size (128) increases the FLOPs for our method, but the cost remains
comparable to other methods at RBF size 128. (Middle) Increasing the number of query sample
points does not increase the computational cost for our method, thanks to the shallow decoder design,
whereas other models scale steeply. (Right) Our model is 1.72× faster than Transolver and 15.1×
faster than ONO, while achieving lower or comparable errors.

number of RBFs. For each configuration, we measured the number of giga floating-point operations
(GFLOPs) required for a single forward pass, which quantifies the computational cost, and compared
these against baseline neural operator models. This setup allows us to isolate the impact of each
factor, query sample size, and RBF size, on both computational complexity and predictive accuracy.
As shown in Figure 3, our method achieves better accuracy per FLOP than neural-operator baselines.
FLOPs increase with the number of RBFs, but at 128 bases the cost remains comparable across
methods. Crucially, the shallow decoder makes inference cost (nearly) invariant to the number of
query points, unlike baselines that scale steeply, introduce significant overhead in training time and
inference cost as query counts increase. Overall, we retain competitive cost at practical RBF counts
and achieve faster inference (1.7× vs. Transolver, 15× vs. ONO, 2.3× vs. GNOT).

4.3 The Effect of RBF Size
Figure 4 illustrates the relationship between the number of RBF
bases and model accuracy. In general, increasing the RBF size
provides the model with greater expressive capacity, which leads
to reduced error up to a certain point. However, this improve-
ment does not scale indefinitely: excessively large RBF counts
(e.g., 512) cause performance to degrade, likely due to over-
parameterization and optimization difficulties under a fixed train-
ing budget. It shows a trade-off between accuracy and efficiency,
suggesting that moderately sized bases achieve the best balance
between representational power and trainability.
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Figure 4: Test errors decrease
with larger RBF counts, but rise
at 512.

5 Conclusion

We present a Transformer-Anisotropic RBF framework for predicting wall pressure and shear stress
in coronary arteries from centerline geometry, hemodynamic descriptors, and inlet flow rate. The
model provides high-fidelity, continuous predictions at low cost, achieving lower ℓ2 errors and up
to 15× faster inference than neural operator baselines. We also introduce a large-scale synthetic
coronary hemodynamics dataset (4,000 single-vessel geometries with CFD-derived pressure and
WSS), supporting robust training, reproducible benchmarking, and future work on multi-vessel
anatomies. Currently, our model does not provide uncertainty estimates. In future work, both
aleatoric uncertainty (from data variability) and epistemic uncertainty (from model limitations) could
be incorporated using Bayesian approaches, ensembles, or probabilistic modeling. Together, the
framework and dataset enable fast, anatomically aware hemodynamic assessment for both individual
diagnosis and population-level screening.
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A Overview

This appendix provides additional details supporting Section 4. We describe training hyperparameters
and model configuration, outline the low-fidelity baseline, define key evaluation metrics, and present
supplementary quantitative results, including extended training-set performance.

B Experiments

Hyperparameters. We optimize with Adam (learning rate 5× 10−4, weight decay 5× 10−4). The
schedule uses a 1,000-epoch linear warmup from 10−8×LR to full LR, followed by cosine annealing
to 2.5× 10−6 for the remaining epochs, for a total of 20,000 epochs. We use batch size 512, train on
3,600 cases and validate on 400, and fix the random seed to 1234 for reproducibility. For evaluation,
we report results from the checkpoint that achieves the best mean accuracy across validation epochs.

Transformer Encoder Details. We use a transformer encoder with 4 layers, 1 attention head,
model dimension 256, and feedforward dimension 256, with dropout 0.1. Tokens are built from 4D
inputs (x, y, z, r) using Fourier embeddings with a hidden dimension of 48 that are projected to the
model dimension via a linear layer. We employ learned positional encodings over the token sequence.

Fractional Flow Reserve (FFR). FFR is a clinically important hemodynamic index used to
assess the functional significance of coronary artery stenoses. It is defined as the ratio between the
mean distal coronary pressure (Pd) and the mean aortic pressure (Pa) under conditions of maximal
hyperemia:

FFR =
Pd

Pa
. (7)

An FFR value below 0.80 is typically considered indicative of flow-limiting stenosis and is widely
used to guide revascularization decisions.

Low Fidality Baseline. We compute 1D pressure along the fitted centerline using Poiseuille’s law.
The axial pressure gradient is obtained from the volumetric flow rate and vessel radius, integrated
along the centerline to yield pressure.

Training Performance. As shown in Table 2, our method consistently outperforms all baselines on
the training set, achieving substantially lower ℓ2 errors in both pressure and WSS. These improvements
mirror the validation results in Table 1, where our model also achieves the lowest errors across metrics.
Together, these findings highlight not only the strong representational capacity of our approach during
training but also its ability to generalize robustly to unseen cases.

Table 2: Performance on synthetic single-vessel geometries (Training set). Results show ℓ2 error for
pressure, WSS, and their mean.
Method Pressure WSS Mean

GNOT [21] 0.253 0.426 0.340
Transolver [22] 0.176 0.314 0.245
ONO [23] 0.173 0.255 0.214

Ours 0.050 0.200 0.125
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