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Fig. 1: Our web-based visualization interface, integrated with our particle tracing neural networks, enables users to visualize and
explore large 3D time-varying flow fields interactively. The interface offers 3D visualization of pathlines and user-uploaded scalar
fields, along with a variety of configuration options for seed placement and rendering parameter adjustments. In this example, the
model trained on the ScalarFlow dataset was used to display pathlines, with the FTLE of the dataset serving as the scalar field
defining the background volume and pathlines’ color mapping. The training dataset was generated using 100,000 seeds placed in the
injection area of [44,64] x [0,7] x [38,58] over 90 time steps. Three deep learning models, each trained for 30 time steps, were
utilized in this case. It took one second to load the models and 2.7 seconds to infer 300 pathlines displayed in the visualization using
a dual-socket workstation equipped with an NVIDIA Titan RTX GPU. The trained model’s total storage size is 78.6 MB, further
reducing the space consumption required for saving the original flow maps by 46-fold.

Abstract— Lagrangian representations of flow fields have gained prominence for enabling fast, accurate analysis and exploration of
time-varying flow behaviors. In this paper, we present a comprehensive evaluation to establish a robust and efficient framework for
Lagrangian-based particle tracing using deep neural networks (DNNs). Han et al. (2021) first proposed a DNN-based approach to
learn Lagrangian representations and demonstrated accurate particle tracing for an analytic 2D flow field. In this paper, we extend and
build upon this prior work in significant ways. First, we evaluate the performance of DNN models to accurately trace particles in various
settings, including 2D and 3D time-varying flow fields, flow fields from multiple applications, flow fields with varying complexity, as well
as structured and unstructured input data. Second, we conduct an empirical study to inform best practices with respect to particle
tracing model architectures, activation functions, and training data structures. Third, we conduct a comparative evaluation of prior
techniques that employ flow maps as input for exploratory flow visualization. Specifically, we compare our extended model against its
predecessor by Han et al. (2021), as well as the conventional approach that uses triangulation and Barycentric coordinate interpolation.
Finally, we consider the integration and adaptation of our particle tracing model with different viewers. We provide an interactive
web-based visualization interface by leveraging the efficiencies of our framework, and perform high-fidelity interactive visualization by
integrating it with an OSPRay-based viewer. Overall, our experiments demonstrate that using a trained DNN model to predict new
particle trajectories requires a low memory footprint and results in rapid inference. Following best practices for large 3D datasets, our
deep learning approach using GPUs for inference is shown to require approximately 46 times less memory while being more than 400
times faster than the conventional methods.

Index Terms—Flow visualization, Lagrangian-based particle tracing, deep learning, neural networks, scientific machine learning
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1 INTRODUCTION

Time-varying flow visualization is useful for validating, exploring, and
gaining insight from computational fluid dynamics simulations. It typ-
ically requires the computation and rendering of a large number of
particle trajectories, such as pathlines and finite-time Lyapunov expo-
nents (FTLESs), which can be computationally expensive and memory
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intensive. Furthermore, these computational challenges limit the inter-
activity of flow visualization. To address these challenges, conventional
approaches decouple the particle advection and the rendering process
to accelerate the visualization performance. For instance, pathlines are
pre-computed and then visualized by a texture-based approach [31] or
distributed to a high-performance computing system [3].

Deep learning techniques are promising in addressing these compu-
tational challenges in time-varying flow visualization. They provide
compact representations, have reduced memory footprints, and provide
fast inference capabilities. Recent advancements have been in applying
deep learning to various aspects of fluid dynamics [8]. Concurrently,
the scientific visualization community has increasingly utilized deep
learning in the visualization pipeline [40, 60], and specifically in the
analysis and visualization of time-varying flow fields [4,29,30,48].

Recently, Han et al. [30] provided a first step toward utilizing a deep
learning approach for time-varying particle tracing. They employed a
multi-layer perceptron (MLP) model to reconstruct Lagrangian-based
flow maps. Whereas their results highlighted the advantages of scien-
tific deep learning, such as reduced memory footprints and efficient
inference, their method was limited to a 2D analytic flow and lacked em-
pirical evidence to showcase the broader applicability of deep learning
in time-varying flow visualization.

In this paper, we provide an in-depth study of MLP-based particle
tracing deep learning models in capturing Lagrangian representations
of time-varying flows and demonstrate their capability to enable fast
and accurate visualization of various flow regimes. The workflow of our
deep learning approach is illustrated in Fig. 2. We advance beyond the
particle tracing model of Han et al. [30] by conducting a comprehensive
evaluation of the MLP-based models compare with the conventional ap-
proach. Our long-term goal is to build a robust and efficient framework
for Lagrangian-based flow visualization using deep learning. To that
end, we empirically establish best practices in designing MLP-based
models for flow reconstruction. Our contributions include:

* We evaluate how effective MLP-based models are in reconstruct-
ing particle trajectories across a diverse collection of 2D and 3D
flow fields, encompassing structured and unstructured input data.

* We perform an in-depth analysis of particle tracing MLP models
that includes examining the effects of various activation functions,
discerning the influence of model architectures, gauging the im-
pact of flow complexity, and evaluating the effects of different
training data structures.

* We compare our models against prior particle tracing methods
that utilize flow maps for exploratory flow visualization, including
the MLP model of Han et al. [30] and conventional interpolation
techniques.

* We assess the practical performance of deploying our trained
models through both web-based Javascript and high-performance
C++ libraries. This evaluation offers an in-depth understanding
of how the neural network performs in real-world applications.

¢ We investigate model pruning techniques that enhance inference
efficiency without compromising accuracy by judiciously discard-
ing nonessential model weights.

* We introduce web-based and OSPRay-integrated viewers to as-
sess the practical performance of our particle tracing models.
Using Lagrangian-based flow representations, these tools provide
interactive and seamless post hoc analysis and visualization of
time-varying flow fields.

2 RELATED WORK
2.1 Lagrangian Flow Reconstruction and Visualization

Eulerian and Lagrangian reference frames are used to represent time-
dependent flow fields. Eulerian-based representations store the velocity
fields directly and calculate particle trajectories by integrating the ve-
locity fields. Lagrangian representations encode the flow behaviors
using flow maps F,f), which store the particle start location and end
location from time #; to time ¢ and calculate arbitrary particle trajec-
tories using interpolation. Even though an Eulerian representation is
fast to calculate, it requires a dense temporal resolution to obtain ac-
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Fig. 2: The workflow of our deep learning-based particle tracing model.
The Lagrangian flow maps are created using in situ processing, saved to
the database, and input into a neural network to learn the corresponding
end locations based on particle start locations and file cycles. Once the
model has been fully trained, new particle trajectories can be inferred
from the model and visualized using the developed viewer.

curate trajectory reconstruction [1, 11,44,46,49,53]. In contrast, the
Lagrangian-based representation has received increased attention as
it provides good accuracy-storage tradeoffs for exploration in tempo-
rally sparse settings [1,45,51,53]. It also directly supports feature
extraction [21,22,26,34,54].

Using a Lagrangian representation, information is encoded with
flow maps, computed using in situ processing, and analyzed post hoc.
The reconstruction of new trajectories from the flow maps is a crucial
component of post hoc analysis. Agranovsky et al. presented a mul-
tiresolution interpolation scheme that begins with a base resolution
and adds additional trajectories if the region contains interesting behav-
iors [2]. Bujack et al. [9] proposed representing particle trajectories
by parametric curves, such as Bézier curves and Hermite splines, to
improve the aesthetics of the derived trajectories. Chandler et al. [10]
developed a k-d tree for efficient lookup of the particle neighborhoods
during interpolation. However, to the best of our knowledge, none of
the existing works have investigated real-time exploration and visual-
ization of Lagrangian-based flows. Two main challenges of interactive
visualization during the post hoc analysis include reducing the I/0
overhead of loading high-resolution flow maps and accelerating the
cell lookup of the particle neighborhoods. In addition, unstructured
flow maps require time-consuming triangulation or tetrahedralization,
making the interpolation process even slower.

In this paper, we empirically evaluate the use of deep learning for
post hoc reconstruction and demonstrate the framework using an inter-
active web-based viewer for visualizing and analyzing the flow field.
Using deep learning, flow maps can be represented by a model to
conserve storage space. Importantly, interactive queries for arbitrary
particle trajectories are possible without requiring intensive I/O opera-
tions for loading flow maps or performing the cell lookup procedure.

2.2 Deep Learning for Flow Visualization

Deep learning methods have become increasingly popular for flow vi-
sualization [40]. Examples of their widespread applications include the
detection of eddies and vortices [6,7,12, 14,20,35,38,41,57,58,61,62],
the segmentation of streamlines [39], the extraction of a stable refer-
ence frame from unsteady 2D vector fields [36], the optimization of
data access patterns to boost computational performance in distributed
memory particle advection [33], and the selection of a representative
set of particle trajectories [50] using clustering methods grounded in



deep learning [27,37]. Furthermore, data reduction and reconstruction
is widely discussed, due to the scale of the flow data. Recent works
have used low-resolution data [23, 25, 32] or 3D streamlines [28,47]
to reconstruct high-resolution flow fields. Using an efficient subpixel
convolutional neural network (ESPCN) [55] and a super-resolution
convolutional neural network (SRCNN) [13], Jakob et al. [34] up-
sampled 2D FTLE scalar fields produced from Lagrangian flow maps.
Sahoo et al. [48] proposed a reconstruction technique for compressing
time-varying flow fields using implicit neural networks.

Successfully visualizing flow map data relies on two critical factors:
(1) accurate reconstruction of particle trajectories and (2) interactive
visualization and exploration of these trajectories. Han et al. [30]
employed a MLP architecture to reconstruct Lagrangian-based flow
maps for a 2D analytic dataset. Whereas they demonstrated the accuracy
of reconstructing flow fields using a neural network, their study lacked
quantitative and qualitative assessments across various datasets and an
exploration of potential model architecture modifications. Furthermore,
they did not investigate the benefits of rapid inference provided by deep
learning models for interactive visualization.

Our research utilizes the exact Lagrangian representation of time-
varying flow fields as data for neural networks, constructed using MLP
and sinusoidal activation functions [56]. We assess our method through
qualitative and quantitative analyses on a variety of 2D and 3D datasets,
including both structured and unstructured input. We conduct compre-
hensive experiments to investigate the impact of model architecture,
flow complexity, and activation function. We also compare the per-
formance of our deep-learning-based approach with the conventional
post hoc interpolation method. Moreover, we utilize deep learning for
interactive visualization and exploration during post hoc analysis of
Lagrangian-based flow fields. We demonstrate that the neural network
can be seamlessly integrated with various rendering APIs written in
different programming languages and deployed on different platforms.

3 LAGRANGIAN ANALYSIS USING DEEP LEARNING

Our neural network is designed to learn the behavior of a time-varying
flow field. Before model training, we compute the Lagrangian flow
maps by advecting massless particles in a time-varying flow field to
generate the training datasets (Sec. 3.1). We adapt the MLP network
architecture from Han et al. [30], which consists of an encoder and a
decoder built with a series of fully connected (FC) layers. The starting
location of a seed and a file cycle are individually input into encoders
equipped with FC layers. The resulting encoded latent vectors are then
concatenated and fed into the decoding layers, which predict the seed’s
end location at the specified file cycle. For comparative analysis, our
neural network uses the same number of FC layers for the encoders of
the seeds’ start location and file cycles to investigate the impact of the
number of layers and the size of the latent vector on the performance.
Since Sitzmann et al. [56] showed that sinusoidal activation function is
suited for representing complex natural signals, we replace the ReLU
activation function with the sinusoidal activation function (Sec. 3.2).

3.1 Training Data Generation

In this study, we replicate the training data generation of Han et al. [30],
which uses two methods to extract flow maps — Lagragian;,, and
Lagrangiang,,,; (Fig. 3). The Lagrangian,,,, method extracts a single
flow map composed of long particle trajectories with uniform tempo-
ral sampling for each integral curve. In contrast, the Lagrangiangj,,,,
method extracts multiple short flow maps, each comprising a set of
seed locations and a set of end locations for each seed, where each
end location corresponds to the displacement from the start location
over nonoverlapping intervals. Each method has its advantages and
disadvantages. Lagrangiangy,,,; flow maps provide good domain cov-
erage since particles are periodically reset, but they may incur error
propagation and accumulation when deriving new particle trajectories.
Lagrangian;,,, flow maps enable the derivation of new trajectories free
of error propagation. However, as the integration time increases, the
domain coverage of this method deteriorates and interpolation accuracy
may decrease as particles diverge. To leverage the benefits of both meth-
ods, we introduce a hybrid method called Lagrangianyp,iq (Fig. 3).
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Fig. 3: [Illustration for Lagrangian,,g, Lagrangiang,, and
Lagrangianyyy,irq methods using 1D particle trajectories. The x-axis
represents the file cycle. Circles with the same color have the same
labels. The Lagrangian,,,, extracts a single flow map with end lo-
cations at uniform time intervals along the trajectories. In contrast,
the Lagrangiangy,,,, extracts several short flow maps, resetting start
seeds for each time interval. The Lagrangianyp;q combines the
strengths of both Lagrangian,,,, and Lagrangian,,,;: it extracts the
Lagrangiang,,,; flow maps, where each individual flow map follows
the structure of a Lagrangian;,,, flow map. Lagrangianyyy;.q achieves
both comprehensive domain coverage and comparable accuracy.

This method extracts multiple Lagrangiangy,,,, flow maps, where each
map itself is a Lagrangian,,,, flow map composed of particle trajecto-
ries with uniform temporal sampling for each integral curve instead of
just storing the end locations. The training data structure is consistent
across all three methods. However, there are slight differences in the
inference processes for each method. We explore these differences and
provide an accuracy comparison in Sec. 4.2.3.

For the seeding method, we place the initial seeds using a Sobol
quasirandom sequence (Sobol), which has performed better than the
pseudorandom number sequence and uniform grid [30]. The initial
step in the production of training data is the placement of seeds in the
spatial domain. After the placement of the seeds, particle trajectories
are determined by shifting particles from ¢ to f + &, where & represents
one simulation time step. We refer to one simulation time step as a
cycle. The cycle on which the end locations are saved is a file cycle, and
the number of cycles between two successive file cycles is an interval.

Given a total temporal duration of 7', seeds are inserted once at
the beginning of time 79 and traced until 7' to produce flow maps
using the Lagrangian;,,, method. During the particle tracing process,
intermediate locations are saved. Using the Lagrangiangy,,,, method,
particle tracing begins at time #y and concludes at time r; = fy+ & x I,
where I is the interval. The location at #; is then recorded, and the
tracing seeds are reset until the next file cycle. This process is repeated
until the last file cycle.

The Lagrangiany,,,iq method also begins particle tracing at time 7
and terminates at #; = fo + & x I X p, where [ is the interval between the
file cycle and p is the number of intermediate locations to trace. The
intermediate locations between (fy, ;] are recorded, and at time 71, the
seeds are reset. This process is continued until the final file cycle. The
datasets used for training are saved in the NPY file format for efficient
Python loading.

We built an m x n X n array to store seed start locations and end
locations across file cycles, where m represents the number of seeds
and n represents the number of flow maps (file cycles). These training
samples are arranged according to Eq. (1). Each training sample in-
cludes a start location s;, the file cycle ¢; incorporating temporal data,
and the target end location at the corresponding file cycle ¢; ; (where
0<i<m—1,0<j<n—1). The training dataset for our model is
therefore
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3.2 Network Architecture

Our neural network is based on the MLP architecture developed by Han
et al. [30]. The encoder E takes the particle start locations coupled with
file cycles as input and passes them through two sequences of FC layers



that are then concatenated to form the latent vector input for the decoder
D. The decoder D outputs the predicted end location, which is compared
to the desired end location to calculate the loss. Although there is
no universal model architecture suitable for all datasets, MLP offers
flexibility in adjusting the size of the hidden vector and the number
of layers to suit different datasets. In Sec. 4.2.1, we examine how
changing the number of layers and the dimension of the hidden vector
affects the model performance. Additionally, Han et al. [30] observed
that reconstruction errors increase as the number of file cycles (learned
by a model) increases. As flow maps store nonoverlapping intervals,
we train multiple models by partitioning the flow maps. However, using
multiple models involves a trade-off between memory consumption
and precision, which we investigate in Sec. 4.2.3.
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Fig. 4: The MLP architecture of our neural network. The network
architecture begins by taking two inputs: the particle’s initial location
(Start) and the number of file cycles (File Cycle). These inputs are first
processed by the Encoder, which transforms them into a latent vector
represented as D;,. Following this, the latent vector D;, is input into
the Decoder. The Decoder then processes this information to output
the final location (End) of the particle at the queried file cycle. The
sinusoidal activation function is used after the FC layers in the model
except the output layer.

The neural network is developed using Pytorch!. We use the Adam
optimizer with the hyperparameters 8; = 0.9, B, =0.999, and £ = le 6
along with a learning rate scheduler to reduce the current learning rate
by a factor of 2 if the validation loss has not dropped for 5 epochs.
We utilize an L1 loss as our loss function, which calculates the mean
absolute error between the target and the predicted end locations:

loss(ﬁi,j,&,j) = LlLOSS(f,}j,é,‘ﬁj), 2)

where /; ; represents the target (ground truth) end location of seed i at

file cycle c; and lZ ;j denotes the predicted end location (0 <i<m—1
and0<j<n-—1).

4 RESULTS AND DISCUSSION

We first describe the datasets used in our evaluation (Sec. 4.1). To inves-
tigate the best practices involving deep-learning-based particle tracing,
we then evaluate the impact of model architecture, activation function,
flow field complexity, and the training data structure on the perfor-
mance of our model (Sec. 4.2). Additionally, we discuss model pruning
to reduce the size of trainable parameters and evaluate the inference
performance of our proposed neural network deployed by web-based
JavaScript and high-performance C++ application (Sec. 4.3). We also
conduct a comparative analysis against prior techniques that employ
flow maps as input for exploratory flow visualization, such as the pre-
decessor model of Han et al. [30] (Sec. 4.2.2) and the conventional
Barycentric coordinate interpolation method (Sec. 4.4). Finally, we
introduce a web-based viewer and an OSPRay-based viewer, offering
two deployment options for the trained model and facilitating inter-
active flow visualization and exploration (Sec. 4.5). Our experiments
employ a Dual RTX 3090s GPU for model training in a dual-socket

Uhttps://pytorch.org

workstation with two Intel Xeon E5-2640 v4 CPUs (40 logical cores
at 2.4 GHz and 128 GB RAM) and an NVIDIA Titan RTX GPU for
evaluation.

4.1

In our studies, we utilize seven datasets, including four 3D datasets:
ABC, Structured/Unstructured Half Cylinder ensembles, ScalarFlow,
and Hurricane; and three 2D datasets: Double Gyre, Gerris Flow en-
sembles, and Structured/Unstructured Heated Cylinder.

Standard benchmark datasets such as the Double Gyre and ABC
are commonly employed in fluid dynamics research, specifically for
developing flow visualization techniques and tools. The Double Gyre
flow field is defined within the spatial domain of [0,2] x [0, 1], while
the ABC flow field is defined within the spatial domain of [0,27] x
[0,27] x [0,27]. The equations used for the simulations are available
in the supplemental material.

Heated Cylinder is a 2D unsteady simulation generated by a heated
cylinder with Boussinesq Approximation [24,43]. The simulation
domain is [—0.5,0.5] x [-0.5,2.5] x [0,20]. Our experiments utilize
the time span from O to 10. To demonstrate our approach, we employ
both structured and unstructured datasets. The structured dataset has a
grid resolution of 150 x 450.

Gerris Flow is a 2D ensemble simulation generated by a Gerris flow
solver [34,43]. It contains 8000 datasets with the value of Reynolds
number (Re) varying from a steady regime (Re < 50) to periodic vortex
shedding (Re < 200) to turbulent flows (Re > 2000) [34]. We choose
datasets with a Re value of 23.2, 101.6, 445.7, and 2352.5, respectively,
to showcase the performance of our method for varying degrees of flow
complexity. The grid resolution [X x ¥ x T| = [512 x 512 x 1001] with
a simulation domain of [0, 1] x [0, 1] x [0, 10].

Half Cylinder is a 3D ensemble of numerical simulations of an
incompressible 3D flow around a half cylinder [5,43]. We experiment
with both structured and unstructured grids, selecting Re values of
160 and 320 to investigate the effects of varying turbulence degrees.
The domain of the simulation is set to be [—0.5,7.5] x [-0.5,1.5] x
[—0.5,0.5]. Both structured and unstructured datasets span 80 time
steps. The structured dataset has a grid resolution of 640 x 240 x 80.

ScalarFlow is a large-scale, 3D reconstruction of real-world smoke
plumes [15]. The spatial dimension is [100 x 178 x 100], and the
number of time steps is 150.

Hurricane is a simulation from the National Center for Atmospheric
Research?. The data dimension is [500 x 500 x 100] with 47 time steps.
We use the first 40 time steps and the region [150,399] x [150,399] x
[0,99] that contains the interesting feature—the hurricane eye.

In our experiments, we use a step size 6 = 0.01 and interval I = 5 for
the Double Gyre, ABC, Unstructured Heated Cylinder, and Gerris Flow
datasets. We set & = 0.1 and I = 1 for the Half Cylinder, ScalarFlow
and Hurricane datasets.

Datasets

4.2 Model Evaluation

We first investigate the effect of model architecture parameters on per-
formance, such as the number of layers and the size of the hidden
vector (Sec. 4.2.1). Next, we compare our model using the sinusoidal
activation function with previous work [30] that uses the ReLU activa-
tion function to demonstrate the advantages of the sinusoidal activation
(Sec. 4.2.2). Finally, we illustrate the performance of the neural net-
work on the flow complexity using ensemble datasets and enhance the
accuracy by training multiple models along the pathlines and examining
the effectiveness of our Lagrangianyyp;,q method (Sec. 4.2.3).

During the training phase, we generate an additional 10% of training
data samples for validation. In the following testing results, each error
instance represents the average distance between the predicted and
target (ground truth) locations along a trajectory, as defined in Eq. (3).

11l R
error; = . Z loss(4; j, 4 ;) 3)
j=0

Zhttp://vis.computer.org/vis2004contest/data.html



where i represents the index of the new seed and » is the number of end
locations (file cycles) along the trajectories. ¢; ; is the target (ground

truth) end location, and the (f,;, ;j is the predicted end location. We place
5,000 random seeds for all testing results presented below.

4.2.1

We evaluate the qualitative and quantitative effects of varying the num-
ber of layers in the encoder and decoder as well as the dimension
of the encoded latent vector. We use the Double Gyre, Gerris Flow
with Re = 101.6 and Re = 445.7, ABC flow, and the unstructured Half
Cylinder with Re = 160 and Re = 320. For benchmarking model per-
formance, we utilize 100 flow maps for each 2D dataset and 50 flow
maps for each 3D dataset. For all datasets, the number of seeds we
distribute is half of the grid resolution; except in the case of the Half
Cylinder dataset, we strategically place seeds only within the region
defined by [—0.5,0.5] x [-0.5,0.5] x [—0.5,0.5] to optimize training
time. This region encompasses the obstruction and areas of interest,
allowing for more focused training.

In the experiments, we set the number of decoder layers and encoder
layers to be four, six, and eight, respectively. The encoded latent
vector has dimensions of 1024 and 2048. Tab. 1 in the supplemental
material displays the maximum, mean, and median errors associated
with various combinations of encoder layers, decoder layers, and latent
vector dimensions.

Impact of Model Architecture

Model(MB) Training (hrs) Inference (s)
[#E, #D] 1024 20438 1024 2048 1024 2048
[4, 4] 10.246 40939 0.348 0478 0.297 0.343
[4, 6] 10409 41.592 0.368 0.488 0.277 0.397
[4, 8] 10419 41.633 0380 0.499 0.308 0.351
[6, 4] 10.327 41.265 0.379 0491 0282 0375
[6, 6] 10.490 41919 0.396 0.502 0.285 0.360
[6, 8] 10.500 41960 0.410 0.511 0.279 0.354
[8, 4] 10332 41.286 0.409 0.502 0.329 0.359
[8, 6] 10.495 41,940 0425 0.512 0283 0376
[8, 8] 10.505 41980 0.438 0.521 0.289 0.366

Table 1: The training and inference time for models of varying sizes for
the Gerris Flow (Re = 445.7) dataset. The model size, along with the
training and the inference time, is not affected by the dataset. Each row
([E,D]) represents the number of encoding layers (E) and decoding
layers (D), and the hidden vector dimension is either 1024 or 2048.
Training time is measured on 100K training samples with 20 flow maps,
trained for 100 epochs, utilizing distributed data parallel. Inference
time was evaluated on 5,000 seeds with 20 flow maps, using Pytorch
in Python with CUDA.

Our model design achieves an acceptable error rate for all datasets.
Our experiments reveal that the optimal model architecture depends on
the specific dataset. For steady flow regimes, such as those observed in
the Double Gyre and Gerris (Re = 23.2), a smaller latent vector dimen-
sion results in a higher accuracy. Conversely, for datasets exhibiting
periodic vortex shedding, such as Gerris (Re = 101.6) and some 3D
datasets, a larger latent vector dimension is shown to be more effective
than a smaller one. Furthermore, we observe a trend regarding the
depth of encoding and decoding layers. In most cases, models with
deeper layers, particularly those with eight encoding or decoding layers,
yield less accurate inferences, performing the least effectively in our
tests (see Tab. 1 in the supplemental material). When evaluating a
neural network, model size is an important consideration, in addition
to its inference accuracy. As shown in Tab. 1, model size increases
with an increasing number of layers in both the encoder and decoder,
and doubles when increasing the hidden vector size from 1024 to 2048.
Moreover, a neural network with more parameters requires more time
for both training and inference.

4.2.2 Impact of Activation Function

‘We compare our approach with the ReLU-based MLP model proposed
by Han et al. [30] with the same model architecture, which includes
five encoding layers for the seeds’ start location, seven encoding layers

for the file cycles, a latent vector of dimension 1024, and six decoding
layers. As recommended by Sitzmann et al. [56], we remove the Layer-
Norm and replace the ReLU activation function in the original archi-
tecture with the sinusoidal function for our comparative study. For our
experiments, we use the same datasets as described in Sec. 4.2.1. We set
the learning rate to be 1e~* for the ReLU-based MLP, as demonstrated
in [30] to be the optimal choice and confirmed by our experiments. For
our approach using the sinusoidal function, we use an optimal learning
rate of 5¢ 4.

Fig. 5 shows the inference error of our sinusoidal-based MLP and
the ReLU-based MLP. Our results indicate that the sinusoidal activation
function significantly outperform the ReLLU activation function on all
datasets tested. Furthermore, our method achieves these results using
the same storage space as the model in [30] (which has a size of 8.4

MB), while greatly improving the accuracy.
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Fig. 5: The error plot compares our sinusodial-based MLP with the
ReLU-based MLP of Han et al. [30]. The sinusoidal activation function
improves the inference accuracy significantly.
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The optimal model architecture varies among datasets. Based on these
findings, we investigate how the complexity of the flow affects the
performance of our deep learning model. We conduct an analysis on
four Gerris Flow datasets with varying Re values: 23.2, 101.6, 445.7,
and 2352.5, respectively, covering a range of flow regimes from steady
(Re < 50), periodic vortex shedding (50 < Re < 200), to turbulent flows
(Re > 2000) [34]. Each training dataset consists of 500 time steps with
an interval of 5, resulting in 100 flow maps for each dataset. To train
our model, we use 262, 144 seeds for each dataset and design the model
with four encoding layers, six decoding layers, and a 2048D latent
vector.

Our results reveal that one of the limitations of our method is the
decline in inference accuracy as the underlying flow behavior becomes
more complex. Specifically, we observe that the turbulence flow feature
(Gerris with Re = 2352.5) is the most challenging to learn (Fig. 6).
Improving the ability to infer turbulent flow could be a focus of future
research.

Prior work has demonstrated the Lagrangian;,,, method results
in fewer errors compared to Lagrangiang,,,, when using conven-
tional [52] or deep learning [30] methods, despite a reduction in domain
coverage over time. Consequently, our experiments focus solely on
comparing the Lagrangian;,,, and Lagrangianpyp,iq methods (Fig. 3).
As shown in Fig. 6, the Lagrangianyyy,,;q method consistently reduces
median errors across all datasets when compared to the Lagrangian; o,
method. In addition, our study explores the effect of reduction on the
number of flow maps on training accuracy. This is achieved by training
two separate models, each with 50 flow maps, as opposed to a single
model trained with 100 flow maps.

The findings, as depicted in Fig. 6, indicate that reducing the
number of flow maps per model does not improve training accuracy
when employing the Lagrangian,,,, method. However, we observe
a slight decrease in errors when implementing the Lagrangianyyp,iq

Impact of Flow Map Extraction Strategies



method. Throughout the training phase, the second model employing
the Lagrangian,,,, method exhibits errors approximately five times
greater than those of the first model. We hypothesize that these in-
creased errors may be due to the greater difficulty in achieving model
convergence, possibly attributed to the larger spatial gap between the
initial seed locations and their corresponding end locations in the sec-
ond model.

Our findings suggest that Lagrangianyyy,q has greater accuracy than
Lagrangian,,,, and can also mitigate the error propagation issue of
Lagrangiang,,; .

One Lagrangian,,,,, Model One Lagrangiany,,,; Models

Two Lagrangian,,,, Models Two Lagrangiany,.; Models

107!

Errors (log scale)
=
o
I\

Gerris (Re 23.2) Gerris (Re 101.6) Gerris (Re 445.7) Gerris (Re 2352.5)

Fig. 6: Violin plot depicting the inference errors for models trained
on Gerris Flow dataset with varying Reynolds numbers, using ei-
ther the Lagrangian;,,, method with one or two models or the
Lagrangianyy,q method with one or two models. These evaluations,
conducted with 5,000 testing seeds, calculate errors following Eq. (3).
A comparison of violin plots of the same color across different datasets
reveals that errors tend to increase as the flow behavior becomes more
turbulent. Interestingly, using fewer flow maps for training in the
Lagrangian;,,g approach does not improve accuracy. Conversely, in
the Lagrangianyyy,iq approach, using fewer flow maps actually led to
a slight decrease in median errors. Furthermore, the Lagrangianyypiq
method effectively reduces error propagation while maintaining domain

coverage.

4.3 Model Pruning and Inference Performance

4.3.1 Model Pruning

An MLP model can often contain more weights than necessary for a
given task. The lottery ticket hypothesis suggests that a small subset
of the network is responsible for the majority of the task [19]. This
hypothesis implies that a small model within a large one can achieve
the same level of accuracy. In order to create more efficient neural
networks, we utilize model pruning techniques, specifically the algo-
rithm proposed by Fang et al. [18] using DepGraph. This approach
uses a magnitude pruning technique [16] that automatically identifies
the most important connections in the neural network, resulting in a
smaller, more efficient model. We perform the pruning interactively
by removing some weights and then fine-tuning the model for each
epoch; we repeat the process until a certain percentage of the model
is pruned. We do not prune important layers, such as the last layer
of the model, to ensure that the model output retains the same format.
Utilizing structured pruning techniques allows us to create smaller,
more efficient models that maintain the same level of accuracy as their
larger counterparts.

A prime example of model pruning is demonstrated in our exper-
iments with the Hurricane dataset, where we are able to reduce the
size of a model from 34.5 MB to just 13.7 MB while maintaining the
same level of accuracy. This reduction in model size can lead to faster
inference times, decreased memory requirements, and improved overall
efficiency in neural network applications.

ABC - Lagrangian;ong - 8.4 MB

Model Loading (s) ~ #100(s) #200(s) #300(s) #400(s) #500(s) #1000 (s)
ONNX + GPU 2.12 0.45 0.52 0.58 0.64 0.65 1.07
ONNX + CPU 1.69 0.39 0.82 1.06 1.41 1.84 3.19
Hurricane - Lagrangian;y,g - 13.7 MB
Model Loading (s)  #100 (s) #200(s) #300(s) #400(s) #500(s) #1000 (s)
ONNX + GPU 248 0.57 0.76 0.92 0.97 1.21 1.85
ONNX + CPU 1.81 0.72 1.45 2.48 2.99 332 6.07

(a) Performance evaluation of the web-based viewer deployed by ONNX Runtime web in
JavaScript.

ABC - Lagrangianj,g - 8.4 MB

Model Loading (s) ~ #100 (s)  #200 (s) #300(s) #400(s) #500 (s) #1000 (s)
ONNX + GPU 1.15 0.003 0.005 0.007 0.009 0.014 0.032
ONNX + CPU 0.072 0.11 0.22 0.33 0.41 0.54 0.95
Hurricane - Lagrangian;ong - 13.7 MB
Model Loading (s) ~ #100 (s) #200(s) #300(s) #400(s) #500(s) #1000 (s)
ONNX + GPU 1.18 0.004 0.007 0.009 0.012 0.018 0.037
ONNX + CPU 0.11 0.16 0.26 0.41 0.54 0.68 1.29

(b) Performance evaluation of the OSPRay integration deployed by ONNX Runtime in
C++.

Table 2: The inference performance of our web-based viewer (Tab. 2a)
and OSPRay integration (Tab. 2b) with increasing numbers of seeds
(#N represents the seed count) for the ABC and Hurricane datasets. We
deploy the trained model using ONNX Runtime API. Performance is
measured in seconds, and experiments are conducted on a workstation
using a CPU (20 threads) or a GPU (CUDA). Our viewers enable
interactive inference and visualization of new trajectories with the
Lagrangian;,,, method using the GPU. The C++ API is at least five
times faster than the JavaScript API. Furthermore, although the GPU
outperforms the CPU in inference, it is slower in loading the model.

43.2

In Sec. 4.2.1, we evaluate the inference speed of our models with
different sizes using Pytorch in Python. In this section, we evaluate the
inference performance of our neural network in the web-based viewer
and OSPRay integration using the ABC and Hurricane datasets. For
the ABC dataset, we build a model with a 1024D hidden vector, three
encoding layers, and six decoding layers, resulting in a model size of
8.4 MB. For the Hurricane dataset, we construct a model with a 2048D
hidden vector, five encoding layers, and eight decoding layers. The
model size is 13.7 MB after pruning. The ABC dataset contains 20
flow maps, and the Hurricane dataset contains 30 flow maps.

We evaluate the performance of our viewers on two workstations:
one with an Intel Xeon CPU and an NVIDIA Titan RTX GPU, and the
other with an Intel NUC i7-8809G CPU (8 logical cores and 32 GB
RAM). We measure the speed of rendering by scattering 100, 200, 300,
400, 500, and 1000 seeds across the domain for each dataset.

Inference Performance

ABC - Lagrangianig,g - 8.4 MB

Model Loading (s) ~ #100 (s)  #200(s) #300(s) #400 (s)  #500 (s) #1000 (s)
ONNX + CPU 0.83 0.42 0.97 1.11 1.46 1.82 3.63
Hurricane - Lagrangianio,g - 13.7 MB
Model Loading (s) ~ #100 (s)  #200(s) #300(s) #400(s) #500(s) #1000 (s)
ONNX + CPU 0.84 0.98 1.74 251 331 4.10 7.72

Table 3: Performance evaluation of our web-based viewer with in-
creasing numbers of seeds for the ABC and Hurricane datasets. The
experiments are conducted on an Intel NUC using a CPU with all
eight threads. The ONNX Runtime API is used to deploy the trained
model. This low-end desktop has similar performance compared to
the workstation, indicating the parallelism scheme of ONNX is not
optimal. Further accelerations are required for interactive inference for
the web-based viewer in future work.

Tab. 2 presents the model loading and inference speeds of our web
viewer and OSPRay integration using a CPU with 20 threads and a GPU
with CUDA on the workstation. With CUDA, our developed viewers
enable full interactivity for up to 1,000 new seeds in the inference
pathlines. The motivation of deploying the trained neural network
on a web browser is to enable users to perform post hoc exploration
more easily, without requiring a high-performance computer. As shown
in Tab. 3, we observe similar performance results to those using the



workstation (Tab. 2a), indicating that the parallel algorithm used by
ORT is not optimal. Therefore, further improvement and acceleration
of web-based deployment is required. Although the web-based viewer
with a CPU is not fully interactive, it is still much faster than the
conventional interpolation approach (Sec. 4.4).

4.4 Comparison with Interpolation Methods

To compute the trajectories of new start seeds, post hoc interpola-
tion methods are applied after saving the basis Lagrangian flow maps
through particle tracing. Conventional interpolation methods, including
barycentric coordinate and Shepard’s method, require the identification
of the vicinity of the new seeds in the basis trajectories for computing a
new particle trajectory. The methods for determining the neighborhoods
rely on the structure of the basis flow maps. Delaunay triangulation
can locate a cell in a structured or unstructured data source containing
a Lagrangian representation.

In our experiments, we compare the performance of our proposed
approach to that of the conventional post hoc interpolation method
(BC), which includes (1) loading the basis flow maps, (2) creating
the triangulation structure, and (3) performing barycentric coordinate
interpolation. In our implementation, we utilize the CGAL [17] library
to generate the triangulation structure and employ Threading Building
Blocks [42] (TBB) to parallelize all processes on CPUs. Our deep
learning strategy (DL) consists of three steps: (1) loading the learned
model, (2) generating the input using seed start locations and file
cycles, and (3) inferring results using the training model. In our studies,
we implement the network inference in C++ and utilize ORT 3 with
CPU/GPU for the inference procedure of deep learning. For evaluations,
we use two structured datasets (Gerris with Re = 101.6 and Hurricane)
and the other two datasets (Heated Cylinder and Half Cylinder with
Re = 160) in both structured and unstructured formats. We compute
the basis flow maps for structured datasets by placing seeds at each grid
vertex (to add basis flow maps) and utilizing Sobol seeds to generate
training data. In the case of unstructured data, we use sparse seeds at
the center of each cell.

BC DL
Computation (hrs) ~ Storage (MB)  Training (hrs) ~ Storage (MB)
512x512 0,072 683.8 093 103

Datasets #FM

Gerris (Re 101.6) [S] 100
Hurricane [S] 30 150 % 150 x 100 0.15 1599 11.25 13.7
Heated Cylinder [U] 100 49,610 0.03 1013 025 41.59
Heated Cylinder [S] 100 150 x 450 0.03 137.4 3.45 41.59
Half Cylinder (Re 160) [U] 50 6,752 0.007 38 050 41.27
Half Cylinder (Re 160) [S] 50 80 80 x 80 0.15 680.0 250 41.27

Resolution

Table 4: Comparing the computation time and storage requirements
of the deep-learning-based approach (DL) vs. the conventional post
hoc interpolation (BC) using Delaunay triangulation and barycentric
coordinate interpolation. This table evaluates the time to compute basis
flow maps and the duration of neural network training across various
structured (S) and unstructured (U) datasets. It includes the number
of flow maps (#F M) and the resolution for each dataset. Additionally,
it details the storage space needed for the basis flow map and the
neural network. Even though our approach requires more time for
neural network training, it consistently outperforms the conventional
method in speed across all experiments (refer to Tab. 5 and Fig. 7) and
reduces storage space requirements by two to 116 times compared to
the conventional approach expect for the smallest unstructured Half
Cylinder (Re = 160).

Tab. 4 illustrates the differences in computation time and storage
requirements between the two approaches. The deep-learning-based
method offers a reduction in storage needs by a factor of two to 116
times when compared to the conventional approach, across all datasets.
The only exception is the unstructured Half Cylinder dataset, which
comprises a relatively small number of seeds, totaling 6,752. Addition-
ally, our approach is more storage efficient. For example, in the case of
the Gerris flow dataset, storing the trained model results in a 68-fold
reduction in storage space. For the Hurricane dataset, implementing
our model pruning strategy (as detailed in Sec. 4.3) enables a storage

3https://onnxruntime.ai/docs/get-started/with-cpp.html

BC DL

Datasets Loading (s)  Triangulation (s) Loading w/ CPU (s)  Loading w/ GPU (s)
Gerris (Re 101.6) [S] 2.6 6.67 0.06 1.63
Hurricane [S] 6.85 74.02 0.19 1.86
Heated Cylinder [U] 0.53 1.27 0.19 1.76
Heated Cylinder [S] 1.55 1.74 0.19 1.76
Half Cylinder (Re 160) [U] 0.71 41.7 0.19 1.82
Half Cylinder (Re 160) [S] 4.13 29.47 0.19 1.82

Table 5: Computation time comparison of the deep-learning-based
approach (DL) vs. the conventional barycentric coordinate interpola-
tion approach (BC). This table illustrates the time required for various
tasks in post hoc analysis: loading basis flow maps, triangulation for
the conventional approach, and model loading for the deep learning
approach, across different structured and unstructured datasets. Our
results indicate that the DL approach is consistently faster than the BC
approach in all experiments. Remarkably, for the Hurricane dataset,
the processing time is reduced by up to 426 when using CPUs and is
approximately 44 faster with a GPU. In the case of the smaller, unstruc-
tured Heated Cylinder dataset, network loading is nine times faster on a
CPU, whereas the performance on a GPU is comparable. This result in-
dicates that the DL approach effectively alleviates I/O constraints. The
substantial speed advantage of the DL approach facilitates interactive
flow visualization and exploration, particularly in large 3D datasets.

reduction by a factor of 116. However, it is essential to note that for
the smaller, unstructured Half Cylinder dataset, which contains only
6,752 seeds, our approach necessitates increased storage compared to
the other datasets.

In Tab. 5, we compare the time required for the preparatory pro-
cesses, including loading basis flow maps and performing triangulation
in the BC interpolation approach, versus the model loading time in our
proposed method. Tab. 5 demonstrates that our deep-learning-based
strategy significantly reduces loading times. For the hurricane dataset,
the processing is approximately 426 times faster with a CPU and about
44 times faster with a GPU. For the smaller, unstructured Heated Cylin-
der dataset, the network loading time is nine times faster with a CPU,
and the performance is similar on a GPU, which indicates that our
DL approach effectively mitigates I/O constraints. Especially for the
structured datasets, our approach shows a significant speed advantage.
The model loads in less than two seconds using a GPU and in under 0.2
seconds with a CPU. This swift performance, in contrast to the longer
duration required for loading basis flow maps in the BC approach,
underscores the efficiency of our method during the initial setup phase.

Our approach has shown promising results, but one limitation is
the extensive training time required (refer to Tab. 4). For instance, the
Hurricane dataset of 2.25 million seeds and 30 flow maps takes approx-
imately 11 hours to complete 100 epochs during training. However,
this is a common issue associated with deep learning and can be po-
tentially mitigated by utilizing more powerful hardware or developing
new training procedures in the future.

As depicted in Fig. 8, we evaluate the inference accuracy of our
approach in comparison to the conventional approach using barycentric
coordinates. Our method demonstrates comparable performance across
all structured datasets when considering median errors. Significantly,
the traditional method tends to yield higher maximum errors in compar-
ison to our deep-learning-based method. For example, in the structured
Half Cylinder dataset, the mean errors with our approach are up to
12 times lower. However, our current model exhibits a larger error
rate when dealing with unstructured data, particularly for 3D datasets
such as the Half Cylinder, which employs sparse seeds for training.
Therefore, to enhance the prediction accuracy of unstructured data,
employing densely distributed seeds is crucial. Moreover, to overcome
this limitation, we intend to explore an adaptive sampling strategy in
our future work, which could aid in selecting important seeds for gen-
erating training data. More visual comparison results can be found in
Fig. 2 and Fig. 3 of the supplemental material.

In summary, our proposed deep-learning-based method has the po-
tential to substantially improve the prediction accuracy of structured
datasets while also minimizing their storage requirements and expe-
diting the interpolation procedure when compared to the conventional
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Fig. 7: Comparison of post hoc interpolation times of deep-learning-
based (DL) vs. conventional barycentric coordinate (BC) interpolation.
This chart compares the interpolation time for the conventional BC
method and the inference time for the DL method across various struc-
tured and unstructured datasets, with an increasing number of seeds.
Both CPU and GPU performance are evaluated for the DL method.
Our findings show that the DL method, when utilizing a GPU, con-
sistently outperforms the BC method in all tests involving structured
datasets. It performs approximately 170 times faster for the hurricane
dataset, offering a substantial speed-up for interactive flow visualization
and exploration in large-scale 3D datasets. When using a CPU, the
DL method surpasses the BC method for high-resolution datasets like
Gerris and Hurricane. It performs comparably to the BC method for
the structured Half Cylinder dataset. Nonetheless, for all unstructured
datasets, the DL method, whether employing GPU or CPU, is slower
than the BC method.
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Fig. 8: The violin plot illustrates a comparison of error rates between
our deep-learning-based method (DL) and the traditional barycentric
coordinate interpolation (BC) method. ’S’ represents structured data,
whereas 'U’ indicates unstructured data. The median is depicted by
a white line on the gray bar, and the mean is shown as a black dot.
The error range in each violin plot is displayed using error limits to
clearly demonstrate the error distribution with the maximum error noted
at the top of each plot. In terms of median error, our method shows
comparable results across all structured datasets. Notably, the BC
method generates higher maximum errors compared to the DL method.
For instance, the mean errors in our method are up to 12 times lower
for the structured Half Cylinder dataset. However, our method tends
to produce higher errors for unstructured datasets, especially in cases
trained with sparse seeding. In order to develop a more accurate model
for unstructured data, a mesh density-guided flow map sampling is
necessary.

post hoc interpolation approach.

4.5 Interactive Visualization Tool for Post Hoc Analysis

Benefiting from our model’s minimal memory footprint and fast in-
ference, we build a deep learning approach to accelerate the post hoc
interpolation and visualization of Lagrangian flow maps, which is typi-
cally expensive due to I/O constraints and interpolation performance
(Sec. 4.4). To facilitate the exploration of flow maps without requiring
a powerful computer, we develop a web-based viewer that utilizes our
neural network as the backend to accelerate the interpolation and vi-
sualization process. The viewer is implemented in JavaScript and is
compatible with multiple platforms and popular web browsers, such
as Safari, Chrome, and Firefox. The user interface of the web-based
viewer includes control panels for model loading, seed placement, seed
box configuration, scalars configuration, transfer function editing, and
tracing. It also provides a primary viewer for presenting the visual-
ization of pathlines, surfaces, and volumes, allowing users to engage
with seed placement and visualization outcomes (Fig. 9). The details
of the implementation of the web viewer, as outlined in Sec. 4 of the
supplemental material, along with the visualization results presented in
Fig. 6 and 7, are further elaborated upon in the supplemental materials.

In addition to the web-based viewer, we have also integrated our
neural network with the OSPRay [59] rendering engine to enable C++
implementation (see supplemental material). Our integration with the
web-based viewer and OSPRay rendering engine is independent of
the model architecture, allowing users to integrate their models easily
by simply replacing the trace function. We highlight the visualization
result of ScalarFlow in Fig. 10.

All of our source code is available on GitHub.* >

Lagrangian-Based Flow Field Explorer

@

Fig. 9: Illustration of our web-based viewer for visualizing inferred
pathlines using our pre-trained model in the ABC dataset. The in-
terface includes panels for (1) main display, (2) model loading, data
information and particle tracing, (3) seed box configuration, (4) transfer
function for scalar field data visualization, and (5) seed and line style
configuration.

5 CONCLUSION AND FUTURE WORK

In this paper, we conduct a comprehensive evaluation of a deep learning
approach that uses Lagrangian representations to accelerate the post
hoc interpolation and visualization of time-varying flow fields.

Our empirical results help identify best practices for using MLP-
based models to reconstruct Lagrangian flow maps. Our key findings
include:

* Shallow neural networks generally perform better than deep neu-
ral networks in reconstructing Lagrangian flow maps;

» The reconstruction errors tend to increase with increased turbu-
lence in flow behaviors. A larger hidden layer (with a higher
latent dimension) is more effective than a smaller one for captur-
ing complex flow dynamics;

¢ The Sinusoidal activation function demonstrates superior perfor-
mance compared to the ReLU activation function;

“https://github.com/MengjiaoH/FlowMap_Web_Viewer
5 https://github.com/MengjiaoH/FlowMap_OSPRay_Viewer
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Fig. 10: Multiworkflow visualization of the ScalarFlow dataset us-
ing our OSPRay-based viewer, which integrates our neural network
with the OSPRay renderer. The visualization displays the FTLE as a
volume and the pathlines inferred using our neural network. A clip-
ping plane is aligned along the y-axis. The model is trained with the
Lagrangianyyy,iq method. Each pathline encompasses 15 time steps,
ranging from time step 135 to time step 150.

* Employing the Lagrangianyyy,i; method for generating training
data effectively minimizes error propagation while preserving
domain coverage, in contrast to the Lagrangian,,,, method;

* Model pruning is essential for reducing model size and enhancing
the efficiency of the inference process.

By comparing the deep learning approach to the conventional method
based on Delaunay triangulation and barycentric coordinate interpo-
lation, we demonstrate that our approach is at least three times faster
on small datasets and over 400 times faster on large 3D datasets. Our
method improves interpolation accuracy by threefold on average for
structured datasets. In terms of storage space, our method reduces
memory usage by 46 times for the Hurricane dataset without model
pruning, by saving 30 basis flow maps with 1.6 GB storage. With
the application of model pruning techniques, memory usage is further
reduced, achieving a 116-fold reduction.

By leveraging the rapid inference and small memory footprint of our
MLP model, we provide a web-based viewer to offer an easy way to vi-
sualize and explore the post hoc interpolation process. Accessible from
any computer regardless of processing capacity, the web-based viewer
supports multiple platforms and web browsers. It also provides various
seeding strategies and supports both volume and slice representations
of other scalar fields, enabling users to select regions of interest and
explore them interactively.

When using CUDA-supported devices, our approach can generate
pathlines interactively. Inferring 1,000 pathlines with 30 flow maps
takes only one second. However, on a low-end device with a single
CPU, the inference speed is slower, requiring three seconds to infer
1,000 pathlines with 30 flow maps. Despite the slower performance on
low-end devices, interactive pathline generation remains significantly
faster than the conventional approach.

Whereas the current parallel scheme for deploying the neural net-
work on the website using a CPU is suboptimal, we are optimistic
that performance can be substantially improved with a more efficient
parallel API in the future.

Additionally, we have integrated our neural network into the OSPRay
rendering engine to support C++ developers and enable fast, high-
fidelity rendering performance. Our integration is general and can
be applied to other model architectures with similar tasks. We have
made all the source code available on GitHub, allowing users to easily
integrate their own neural networks by replacing the trace function.

In addition, our study demonstrates that the proposed neural net-
work, featuring a sinusoidal activation function, significantly improves
inference accuracy compared to a prior study [30]. We also investi-
gate the impact of different model architectures on various 2D and
3D datasets, and assess our model’s ability to handle datasets with
increasing flow complexity. Moreover, we evaluate a Lagrangianypriq
training data structure that conceptually combines the Lagrangian; e

and Lagrangiangy,,,, methods utilized in [30], ensuring domain conver-
gence while minimizing error propagation’s impact.

Even though our approach has shown promising results, certain
limitations exist. We observe larger errors in unstructured datasets
with sparse seeds. To address this limitation, we plan to investigate
adaptive seeding approaches that place seeds based on flow features
and mesh refinement instead of uniform seeding. Additionally, training
the model for large 3D datasets is computationally expensive. We plan
to explore ways to reduce training time while maintaining accuracy,
such as utilizing transfer learning. Furthermore, other techniques for
encoding high-frequency signals, such as positional encoding, could be
explored alongside sinusoidal activation functions to further enhance
accuracy. Lastly, our model is less effective at inferring long trajectories,
especially in complex flow behavior. Improving the model’s capability
to handle large-scale datasets is also an area of future research.
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