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Abstract. Hemodynamic biomarker estimation is crucial for the diag-
nosis and prognosis of cardiovascular diseases. Patient-speci�c computa-
tional �uid dynamics (CFD) simulations o�er high-�delity data but are
computationally expensive and time-consuming, limiting their immedi-
ate implementation in resource-constrained clinical settings. To address
this challenge, we propose Hemo-NF, a two-stage conditional neural �eld
framework for continuous blood �ow prediction in vessel geometries. Un-
like state-of-the-art architectures whose complexity scales with explicit
mesh size, Hemo-NF uses global shape conditioning to achieve constant
processing complexity. It encodes vessel geometries using DeepSDF via
an auto-decoding strategy and conditions a secondary neural �eld to pre-
dict three-dimensional blood �ow velocity components. To bridge the gap
between global shape representation and local geometric one, we propose
to use locally extracted features from DeepSDF to condition the �ow pre-
diction network. Validated on a synthetic dataset of bifurcating arteries,
Hemo-NF achieves competitive results compared to SEGNN when con-
sidering successful geometry encodings. We also provide a comprehen-
sive evaluation of di�erent conditioning mechanisms (concatenation vs.
FiLM) and latent representations. This framework o�ers a promising
approach to continuous, geometry-driven hemodynamic assessment.

Keywords: Blood Flow Prediction · Conditional Neural Fields · Global
Shape Conditioning

1 Introduction

In the context of cardiovascular diseases, hemodynamic biomarker estimation
allows diagnosis and pronosis [16, 5]. Patient-speci�c Computational Fluid Dy-
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namics (CFD) based on the vessel's geometry and hemodynamic boundary con-
ditions provides a high-�delity and high-resolution simulation, enabling highly
accurate estimation of biomarkers. Nonetheless, the high computational cost and
long processing time can make this solution challenging to implement in clinical
settings with limited resources. This highlights the need for surrogate methods
that can estimate CFD results rapidly, reliably, and with limited resources.

Deep learning approaches allow blood �ow prediction in a vessel geometry.
This type of solution allows to predict velocity components in few seconds with
a relative low error rate. Convolutional Neural Network (CNN) solutions have
been used to predict blood �ow in stenotic arteries [15] or estimate Wall Shear
Stress [3]. Nevertheless, CNN-based approaches are constrained by the resolution
of the underlying cartesian grid. This limitation restricts their capacity to cap-
ture complex vascular geometries and �ne structural details, which critically gov-
ern local hemodynamics and highly sensitive blood �ow patterns. To overcome
this, point-cloud and mesh-based solutions have been proposed to directly han-
dle complex shape (e.g. LaB-GATr [13]). Furthermore, Graph Neural Networks
(GNN)-based architectures are well-suited for modeling topological features and
capturing local dynamics through message-passing protocols (e.g. SEGNN [11]).
These geometric deep learning approaches can be broadly categorised into unre-
duced modeling, which operates directly on explicit full-resolution mesh ver-
tices (e.g. SEGNN [11]), and reduced modeling, which utilises compressed or
tokenized latent spaces (e.g. LaB-GATr [13]). Furthermore, these methods re-
quire the entire mesh to be processed, which means that their complexity scales
with the mesh size. Neural Fields have emerged as a continuous framework to
model physical phenomena. Physics-Informed Neural Networks, which are a spe-
cial case of neural �elds using physics-based losses, have been used to perform
super-resolution of 4D Flow MRI [2, 10] or estimate arterial blood pressure [4].
Although these solutions can provide high-�delity results, they cannot generalise
to new geometries and must be retrained for each new patient, limiting clinical
utility. To avoid retraining for each new data, neural �elds can be conditioned
with a latent vector to generalise on a task, using methods such as concatena-
tion with spatial coordinates [6] or FiLM modulations [7]. Conditional Neural
Fields (CNFs) have been used for turbulence prediction [1] or �ow prediction in
a speci�c geometry [9].

In this work, we propose Hemo-NF, a CNF for blood �ow prediction in vessel
geometries. While Hemo-NF positions itself as a reduced modeling framework,
unlike methods like LaB-GATr [13] that rely on multiple localised sparse tokens,
we address the question of using a global latent representation of the

shape to capture the vessel geometry for accurate continuous hemo-

dynamic prediction, achieving a constant complexity w.r.t. mesh size. The
vessel geometry is globally encoded via gradient descent on DeepSDF [6], a ge-
ometry CNF, yielding a latent code that conditions a second neural �eld for
�ow prediction. Moreover, to bridge the gap between global shape understand-
ing and local geometrical details, we propose to condition the second neural
�eld on local information extracted by DeepSDF. Hemo-NF has been trained
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and validated on a dataset of synthetic bifurcating arteries with ground truth
from CFD. We �nd that Hemo-NF outperforms PointNet++ [8], and close in
performance to SEGNN [11]. Although a performance gap remains with state-
of-the-art local methods such as Lab-GATr [13], our results demonstrate that
a global continuous representation of the shape geometry can e�ectively enable
blood �ow prediction while achieving constant processing complexity w.r.t. mesh
size.

2 Method

2.1 Data

To evaluate and train Hemo-NF for hemodynamic prediction, we use the public
synthetic dataset introduced in [12]. The dataset is composed of 2 000 bifurcat-
ing arteries synthesized after measurement statistics of left main coronary bi-
furcations. The dataset is split as 1600:200:200 between training, validation and
evaluation. Each artery geometry is composed of ∼ 175, 000 vertices (∼ 17, 000
on surface). Steady-�ow CFD simulation for each geometry has been performed
using SimVascular [14]. The same initial and boundary conditions are used for
all geometries, enabling blood �ow to be predicted solely based on the geome-
try. A low Reynolds number was used, resulting in almost laminar �ow. More
simulation details can be found in [12].

2.2 Hemo-NF

Hemodynamic Neural Field (Hemo-NF) comprises two distinct neural �elds:
the �rst acts as an auto-decoder to learn a latent representation of the shape
geometry, which then conditions the second neural �eld to predict blood �ow. A
schematic representation of the network architecture is shown in Fig. 1.

Geometry encoding using DeepSDF To perform the vessel geometry en-
coding, we use the DeepSDF [6] architecture (f). DeepSDF represents geometry
by learning a Signed Distance Function (SDF), which maps spatial coordinates
to their signed distance from the surface boundary. The function's output rep-
resents the distance magnitude, while the sign indicates whether a point lies
inside (negative) or outside (positive) the shape. Then, the underlying surface
geometry can be extracted by taking the zero-level set of the SDF. The network
architecture is a standard CNF that is implemented using a multi-layer percep-
tron (MLP) with ReLU activation functions. Tanh is used as the �nal activation
function, and Dropout layers are used after each hidden layer. It takes the con-
catenation of three-dimensional spatial coordinates and the latent representation
of the vessel's shape (zg) as input and predicts the SDF value. As DeepSDF is
using an autodecoding learning strategy, the latent vector zg is obtained with
gradient descent on the neural network. Speci�cally, for each new geometry, the
global latent representation zg is learned by performing gradient descent starting
from a zero vector.
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Fig. 1: Hemo-NF architecture. DeepSDF (f) is used to learn the global latent rep-
resentation zg and extract the local representation zl. Meanwhile, the secondary
conditional neural �eld (g) predicts the three blood �ow velocity components
(u, v, w), conditioned on both zg and zl. The symbol || means concatenation.

Blood �ow prediction A second conditional neural �eld (g), implemented as
an MLP using ReLU activation functions, predicts the 3D blood �ow velocity
vector (u, v, w). Like DeepSDF, it is conditioned on the global geometric latent
vector zg. To enhance conditioning with local information, we also introduce
the local conditioning zl such as zl = f−1(zg, x), where f−1 represents the f
network truncated before its �nal output layer and x the 3D spatial coordinate.
zl is representing local information extracted by DeepSDF at the coordinate x.
Geometric information is propagated into g via a combination of input concate-
nation and FiLM feature modulation [7]. First, zl is concatenated with x at the
network input. Then, zg modulates each hidden layer via a predicted FiLM bias:

xi = σ(Wixi−1 +Bi +W cond
i zg), (1)

whereWi, Bi are the i-th layer weights and biases, xi−1 the output of the previous
layer, σ is the activation function, and W cond

i the weights to predict the FiLM
bias from zg. This hybrid conditioning (input concatenation for zl and FiLM for
zg) yielded the best performance in our empirical analysis (see Sec. 3.2).

2.3 Training strategy

We train Hemo-NF in two steps. Firstly, DeepSDF is trained on the geometry
prediction task. The loss function is de�ned as:

Lgeo = |clamp(f(x, zg), δ)− clamp(s, δ)|+ λ||zg||22, (2)

where clamp(x, δ) = min(δ,max(−δ, x)), δ controls the SDF truncation distance,
f the DeepSDF network and ||zg||22 is the regularisation norm of the global latent
vector zg, as in [6]. As f is trained in an autodecoding way, the conditioning
vectors zg are trained at the same time as the neural network parameters for the
training data. For the test data, these vectors are optimized afterwards while
keeping the network weights frozen. Secondly, the CNF for blood �ow prediction
is trained using a L1 loss between the velocity predicted and ground truth.
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Table 1: Quantitative evaluation of blood �ow prediction. The metrics are es-
timated by comparing the prediction of approaches with the CFD simulation
for each geometry at every vertex. The results for PointNet++, SEGNN and
LaB-GATr are taken from [11, 13].

Model
NMAE Approximation error

average median average median
Hemo-NF w/o zl 1.51% 1.28% 13.44% 10.91%
Hemo-NF 1.20% 0.95% 10.44% 7.99%

PointNet++ [11] 1.1% n/a 11.0% n/a
SEGNN [11] 0.7% n/a 7.4% n/a
LaB-GATr [13] n/a n/a 3.3% n/a

3 Evaluation of Hemo-NF

3.1 Implementation

Following [6], DeepSDF comprises 8 layers of 512 neurons. The conditioning relies
on a global geometric latent vector zg of size 256 and a local feature vector zl of
size 512. DeepSDF is trained via Adam with a batch size of 16 and a learning
rate of 3× 10−5 (1× 10−5 for zg) during 600 epochs. Loss parameters are set to
λ = 0.01 and δ = 0.1 (Eq. 2). For each geometry, 32, 768 points are randomly
sampled (80% near the surface, 20% globally). Latent vector zg optimisation for
new geometries uses the same learning rate over 200 epochs. Then, the CNF (g)
is made of 4 layers of 512 neurons and trained via Adam during 1, 000 epochs
with a batch size of 16, a learning rate of 1× 10−4, and 32, 768 points randomly
sampled across the surface and volume for each geometry. Velocity values are
normalised to [−1, 1] for training and reverted for evaluation. Finally, blood �ow
prediction in test geometries is evaluated at each vertex, after learning zg, using
Normalised Mean Absolute Error (NMAE) and Approximation Error [11, 13].

3.2 Results

Table 1 presents quantitative results for Hemo-NF using or not zl condition-
ing. Moreover, we compared our results with PointNet++ [8], SEGNN [11], and
LaB-GATr [13]. Hemo-NF performed better than PointNet++ considering ap-
proximation error but not on the NMAE metric. This discrepancy suggests that
PointNet++ focuses more on accurately re�ecting high-velocity regions, which
are heavily penalised by NMAE's normalisation, whereas Hemo-NF provides a
more balanced prediction that is less biased toward these peak-�ow areas. How-
ever, a performance gap remains when comparing our framework to state-of-
the-art architectures like SEGNN and LaB-GATr. Finally, the gap between the
average and median results of Hemo-NF reveals inaccurate predictions caused
by geometry encoding failure.
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(a) Ground Truth (b) Prediction (using zl) (c) Error map (using zl)

(d) Prediction (w/o using zl) (e) Error map (w/o using zl)

Fig. 2: Visualisation of blood �ow prediction on a geomery from test split. (a)
CFD ground truth. (b) and (c) are prediction and error map for our approach
using zl. (d) and (e) are the same without using zl. The zooms highlight that
incorporating zl signi�cantly reduces prediction error at the bifurcation point.

Impact of local conditioning zl The use of the coordinate dependent con-
ditioning zl improves blood �ow prediction as shown by the two metrics, with a
gain of 0.31% on NMAE and 3% for the approximation error. This conditioning
gives geometrical information for each point in the space, such as the distance
to the surface. Figure 2 shows qualitative results on a test geometry comparing
our approach with and without using zl. A noticeable di�erence can be seen at
the bifurcation point, with an error line in the prediction when zl is not used.
The use of zl also helps to signi�cantly minimise the error close to the surface
at the top of the vessel.

Conditioning strategy analysis We investigate di�erent combinations of con-
catenation and FiLM modulation to inject the global zg and local zl geometric
representations into the neural �eld. As shown in Table 2, solutions relying on
a single conditioning strategy (#1, #2) generally underperform compared to
hybrid methods. This demonstrates that combining both conditioning mecha-
nisms improves blood �ow prediction. Con�gurations #3 and #4 evaluate dis-
joint strategies, where each representation is assigned to a distinct conditioning
method. Con�guration #4 achieves the best overall performance (10.44), lever-
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Table 2: Results for di�erent ways of conditioning our solution with the
coordinate-based and global latent representations.

Con�guration
Concatenation FiLM Appr.

errorZg Zl Zg Zl

#1 × × 11.36 %
#2 × × 10.97 %
#3 × × 10.78 %
#4 × × 10.44 %
#5 × × × × 10.50 %

aging FiLM to modulate hidden layers with the global shape context zg, while
concatenating the coordinate-dependent features zl at the network input to lo-
cally adjust the prediction. Interestingly, providing both representations to all
mechanisms (#5) yields the second-best results (10.50), suggesting that the net-
work can learn to �lter redundant information.

Results depending on geometric encoding error Unlike methods that
directly process the explicit mesh geometry to predict the �ow [11, 13], our ap-
proach relies on learning a global shape latent code. In Fig. 3, we examine the
results in relation to encoding quality. We utilise the Chamfer Distance to evalu-
ate the quality of the geometric reconstruction derived from the encoding against
the ground truth. Furthermore, we group the assessment of blood �ow prediction
according to quartiles of geometric reconstruction quality. That �gure reveals a
direct relationship between the geometry encoding quality, and particularly for
the last quartile with a poor Chamfer Distance, and the velocity predictions.
Conversely, no such clear correlation is evident for the �rst three quartiles. The
Pearson correlation between the two metrics is 0.26 for the three �rst quartiles
and 0.83 for the last one. These �ndings highlight that while the method can deal
with di�erent qualities of shape encoding to some degree, its performance clearly
deteriorates when the encoding is too poor as re�ected by Q4. Further analysis of
Q4 shows these errors arise from geometries lying out-of-distribution. For these
atypical shapes, the auto-decoder fails to learn a valid latent code. Thus, these
failures stem from the limited capacity of the learned latent space to generalise to
unseen geometries, rather than from test-time optimisation issues. Finally, when
considering only the �rst two quartiles, the metrics for �ow prediction quality
are close to those of the SEGNN method. This demonstrates that utilising our
approach to predict �ow yields results similar to those of SEGNN, and that the
real bottleneck lies in the encoding of the geometry.

4 Discussion

The proposed framework's strength lies in its ability to build a compact con-
tinuous representation of both the geometry and the velocity. In contrast to
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Fig. 3: Hemo-NF approximation error for every Chamfer Distance (CD) quartiles.
The results highlight that the blood �ow prediction quality is heavily dependent
on the geometric encoding stage, whereas the poorest blood �ow prediction hap-
pens on the last CD quartile. Conversely, the �rst two quartiles maintain low,
stable errors, achieving a performance level close to SEGNN. Outliers are not
displayed for clarity.

LaB-GATr [13] and SEGNN [11], our method does not scale with the size of
the input mesh. Furthermore, unlike SEGNN [11], which is restricted to discrete
mesh points, Hemo-NF provides a continuous representation, allowing for blood
�ow prediction at any arbitrary position in space. Moreover, this continuous rep-
resentation using a neural �eld could enable a more accurate assessment of hemo-
dynamic biomarkers dependent on spatial derivatives, such as wall shear stress
(WSS). We could use auto-derivation directly on the continuous �eld to estimate
them, avoiding the resolution limitations of the input mesh. However, while this
approach avoids resolution dependencies and allows continuous prediction, a
performance gap still remains with state-of-the-art methods like LaB-GATr [13],
which achieves an approximation error of 3.3%. This gap mainly comes from
the chosen representation, as relying only on a single global encoding is limited
and not su�cient to model highly local behaviors. Indeed, by adding the local
conditioning, which depends on the global information, we successfully improved
the results, reducing the approximation error from 13.44% without local context
to 10.44% with it. This improvement highlights that purely global representa-
tion needs to be enriched with local context. Lastly, a major di�erence between
Hemo-NF, SEGNN, and LaB-GATr lies in rotation and translation equivariance.
In our method, the solution depends on the geometry's position and rotation,
with this spatial data being embedded into the learned latent code. Enforcing
equivariance in our approach could further enhance estimation accuracy by max-
imising the geometric content stored in the latent code.
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5 Conclusion and Perspectives

In this work, we propose Hemo-NF, a conditional neural �eld approach for blood
�ow prediction in vessel geometry. Unlike traditional methods that depend on
mesh resolution, our approach predicts the blood �ow as a continuous function
mapping spatial coordinates and blood �ow velocities. By enriching the global
geometry context with a more local representation depending on it, our approach
successfully predicts blood �ow with performance close to SEGNN. However, a
performance gap still remains compared to LaB-GATr. Finally, we investigate
the simultaneous use of two conditioning strategies to improve predictions.

The proposed strategy predicts steady �ow within a blood vessel. This sce-
nario does not fully re�ect the cardiovascular system, where �ow is predomi-
nantly pulsatile, particularly near the heart. As a future work, integrating the
temporal dimension and pulsatile �ow dynamics should be investigated. More-
over, the solution should integrate and be train on varying boundary conditions
to enable patient-speci�c prediction aligned with clinical reality. Finally, a com-
prehensive clinical study on biomarker assessment derived from our continuous
predictions should be conducted to validate the clinical utility of the solution.
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