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Abstract
We present HyperFLINT (Hypernetwork-based FLow estimation and temporal INTerpolation), a novel deep learning-based
approach for estimating flow fields, temporally interpolating scalar fields, and facilitating parameter space exploration in
spatio-temporal scientific ensemble data. This work addresses the critical need to explicitly incorporate ensemble parameters
into the learning process, as traditional methods often neglect these, limiting their ability to adapt to diverse simulation settings
and provide meaningful insights into the data dynamics. HyperFLINT introduces a hypernetwork to account for simulation
parameters, enabling it to generate accurate interpolations and flow fields for each timestep by dynamically adapting to varying
conditions, thereby outperforming existing parameter-agnostic approaches. The architecture features modular neural blocks with
convolutional and deconvolutional layers, supported by a hypernetwork that generates weights for the main network, allowing
the model to better capture intricate simulation dynamics. A series of experiments demonstrates HyperFLINT’s significantly
improved performance in flow field estimation and temporal interpolation, as well as its potential in enabling parameter space
exploration, offering valuable insights into complex scientific ensembles.

CCS Concepts
• Computing methodologies → Flow Estimation; Interpolation; Deep Learning; • Human-centered computing → Spatiotem-
poral Data; Ensemble Parameter Space Exploration; Scientific visualization;

1. Introduction
Advancements in simulation and capture technologies now enable
the observation of time-dependent processes at extremely high spa-
tial and temporal resolutions. This generates vast spatio-temporal
datasets, offering researchers opportunities to analyze parameter
variations and stochastic effects. However, the sheer data volumes
often exceed storage capacities, requiring selective preservation of
timesteps or variables [CBGH19]. Additionally, experimental data
is constrained by specific modalities, limiting its comprehensiveness.
Addressing these challenges, several recent methods were proposed
for reconstructing scalar fields [HW22, WBCM23, TW24, GRF25]
and estimating flow fields [GRF25] in 2D and 3D scientific data.
FLINT’s [GRF25] student-teacher architecture achieved state-of-the-
art results in density interpolation and flow estimation, proving effec-
tive for reconstructing missing data. This is particularly valuable for
applications like flow visualization [JWC∗11], optimal timestep se-
lection [FE17], and ensemble member comparisons [TFE07]. How-
ever, FLINT’s and the above-mentioned recent methods’ limitations
in generalizing across parameter space and neglecting ensemble
parameters reduced their effectiveness in dynamic simulation sce-
narios.

In this paper, we introduce HyperFLINT (Hypernetwork-based

FLow estimation and temporal INTerpolation), a deep learning ap-
proach that uses hypernetworks to estimate missing flow fields in
scientific ensembles. HyperFLINT leverages the simulation param-
eters via hypernetworks to generate accurate flow fields for each
timestep, even in scenarios where the flow could not be captured or
was omitted (see overview in Fig. 1). Additionally, HyperFLINT is
capable of producing high-quality temporal interpolants between
scalar fields, providing a comprehensive solution for reconstructing
both flow and scalar data. HyperFLINT improves upon existing
state-of-the-art methods, such as FLINT [GRF25], by focusing on
scientific ensembles and incorporating hypernetworks to account for
simulation parameters, resulting in better temporal interpolation and
flow estimation. Unlike previous approaches, HyperFLINT handles
complex spatio-temporal datasets without requiring domain-specific
assumptions, pre-training, or fine-tuning on simplified datasets.

The ability of HyperFLINT to incorporate parameter-driven trans-
formations into its model architecture opens up new possibilities
for parameter space exploration. By learning the relationships be-
tween simulation parameters and output data, HyperFLINT can
generate approximations of data for configurations that were not
explicitly simulated, allowing for a broader investigation of possi-
ble simulation outcomes without rerunning the full simulation for
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Figure 1: Overview of HyperFLINT pipeline during inference. The
FLINT* deep neural network, whose weights are generated by the
HyperNet, performs flow field estimation F̂t and temporal (scalar)
field interpolation D̂t , where s < t < u, by utilizing the available
densities Ds and Du from the previous and following timesteps, and
their simulation parameters.

each parameter set. This capacity is particularly valuable for under-
standing complex dependencies between parameters in ensemble
simulations, as it enables researchers to interpolate or extrapolate
within the parameter space. With HyperFLINT, users can systemati-
cally explore how changes in parameters impact the generated fields,
offering insights into the underlying phenomena that would other-
wise require extensive computational resources to simulate directly.
Moreover, HyperFLINT’s parameter-driven capabilities allow for
the reconstruction of missing data, including variables and timesteps,
which is especially useful in large-scale simulations where only a
subset of the data can be saved [CAA∗20]. The HyperFLINT code
will be made available publicly.

Our key contributions can be summarized as follows:

• To the best of our knowledge, HyperFLINT is the first approach
that employs a hypernetwork to adaptively estimate flow fields
and produce state-of-the-art temporal interpolations of density
fields for scientific ensembles by dynamically conditioning on
simulation parameters.

• HyperFLINT effectively handles spatio-temporal ensembles uti-
lizing a hypernetwork, requiring no specific assumptions, making
it versatile for diverse scientific applications.

• With the introduction of the hypernetwork, HyperFLINT achieves
several key advancements: it dynamically generates simulation
parameter-aware weights facilitating the understanding of spatio-
temporal scientific ensembles, enhancing model quality and per-
formance by adapting to varying simulation parameters, enabling
significantly improved flow estimation and scalar field interpola-
tion, even in scenarios with sparse or incomplete data.

2. Related Work

Hypernetworks in deep learning. Hypernetworks [HDL16] have
gained traction in the deep learning community as an effective
mechanism for generating the weights of another neural network,
thereby offering greater flexibility in capturing complex relation-
ships between data and model parameters. These networks excel
in tasks where parameter space exploration is crucial, as they can
dynamically adjust the parameters of a target network based on
external inputs, such as simulation parameters. Hypernetworks have

been successfully applied in various fields, including neural ar-
chitecture search [BLRW17], generative modeling [SIE21], and
meta-learning [PPT∗22].

Flow field estimation in scientific visualization. Several meth-
ods have been developed for flow field estimation and visualization
in scientific datasets. Kappe et al. [KSG∗15] focused on estimating
3D local flow in microscopy data using a combination of image pro-
cessing and optical flow techniques, while Kumpf et al. [KRRW18]
applied ensemble sensitivity analysis with optical flow-based fea-
ture tracking to study changes in geo-spatial data. Manandhar et
al. [MBW∗18] proposed dense 3D optical flow estimation for mi-
croscopy image volumes using displacement vectors. However, these
approaches often rely on specific assumptions, limiting their appli-
cability to real-world scientific ensembles. In contrast, HyperFLINT
operates without dataset-specific assumptions, making it versatile
for diverse scientific visualization tasks. Sahoo et al. [SB22] intro-
duced Integration-Free Learning of Flow Maps, which estimates
flow directly from state observations, enhancing efficiency for large-
scale datasets where ground-truth (GT) flow may not be available.
FLINT [GRF25] emerged as a state-of-the-art approach for recon-
structing scalar fields and simultaneously estimating flow fields
in spatio-temporal scientific datasets. FLINT’s student-teacher ar-
chitecture and flexible loss function helped achieve high accuracy
in density interpolation and flow estimation tasks, particularly in
2D+time and 3D+time datasets. FLINT’s modular design features a
series of convolutional and deconvolutional layers grouped into neu-
ral blocks, which iteratively refine scalar field and flow field outputs.
Temporal consistency is enforced through specific loss components,
ensuring alignment with GT data and improving interpolation ac-
curacy. These capabilities made FLINT particularly effective for
addressing missing data in large-scale simulations. However, FLINT
exhibits limitations in dynamic simulation scenarios where varying
ensemble parameters affect data behavior. Without mechanisms to
explicitly incorporate these parameter variations, FLINT’s adapt-
ability and generalization remain constrained.

Machine learning-based upscaling & super-resolution. Across
multiple fields, including image processing, computer vision, and
scientific visualization [LTH∗17, SCH∗16], ML-based upscaling
and super-resolution approaches have gained considerable attention.
These techniques generally target either spatial, temporal, or com-
bined spatio-temporal enhancements, forming three main categories:
spatial super-resolution (SSR), temporal super-resolution (TSR), and
spatio-temporal super-resolution (STSR). SSR approaches, exempli-
fied by models such as SRCNN [DLHT15], SRFBN [LYL∗19], and
SwinIR [LCS∗21], focus on increasing spatial detail by generating
realistic textures and enhancing fine structures. TSR methods, on the
other hand, aim to fill in intermediate frames in time-subsampled se-
quences without degrading spatial quality. Methods like phase-based
interpolation [MWZ∗15], SepConv [NML17], and SloMo [JSJ∗18]
are representative TSR techniques that focus on temporal resolu-
tion improvements in videos. While some prior approaches, such
as STNet [HZCW21], address either spatial or temporal resolu-
tion, they typically do not tackle both simultaneously. For example,
TSR-TVD [HW19], a recurrent generative network proposed by
Han et al., was designed to temporally upscale a variable differ-
ent from the given one, without explicitly addressing both spatial
and temporal dimensions. Volume scene representation networks
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(V-SRN) [LJLB21, PFS∗19, SZW19, MST∗21] have significantly
advanced neural representations for volumetric data, enabling high-
quality rendering and reconstruction through implicit neural rep-
resentations. Building on these advancements, fV-SRN [WHW22]
leverages GPU tensor cores to integrate neural reconstruction into
on-chip ray tracing kernels, reducing computational complexity and
accelerating training and inference for real-time volume rendering.
Recent advancements, such as Filling the Void [MHBB22], SSR-
TVD [HW20], FFEINR [JBY23], HyperINR [WBCM23], Coord-
Net [HW22], and STSR-INR [TW24], have shown improvements
in handling either TSR or SSR of data fields at arbitrary resolu-
tions. FLINT [GRF25] can perform temporal interpolation for both
2D+time and 3D+time datasets but does not consider the parameter
space of scientific ensembles, which limits its adaptability to differ-
ent scenarios. In contrast, HyperFLINT introduces hypernetworks
to incorporate ensemble parameters directly into the interpolation
process, enabling a more adaptive and data-driven approach.

3. Method
To handle diverse parameter settings in spatio-temporal scientific
ensembles, we introduce HyperFLINT, a method that integrates
a hypernetwork to dynamically adapt the main neural network,
FLINT*. The hypernetwork generates weights based on simula-
tion parameters. The pipeline consists of three main components: (1)
the hypernetwork (HyperNet), which takes simulation parameters
as input and produces weights for FLINT*, which is a simplified
and streamlined version of the original FLINT network; (2) the
FLINT* network, which estimates flow fields and interpolates scalar
data across time steps; and (3) a training framework that optimizes
both flow estimation and interpolation through a combination of loss
functions. Unlike traditional methods, HyperFLINT does not require
pre-training or fine-tuning on simplified datasets, enabling efficient
adaptation to new scenarios. The following sections elaborate on
the neural network architecture of HyperFLINT (Sec. 3.1), describe
the temporal interpolation and flow estimation pipeline used in both
training and inference (Sec. 3.3), and detail our proposed loss func-
tion (Sec. 3.4). A detailed comparison between HyperFLINT and
FLINT can be found in Sec. 3.5.

3.1. HyperFLINT Network Architecture
The architecture of HyperFLINT integrates two neural networks: Hy-
perNet and FLINT*. HyperNet (Fig. 2, top), described in Sec. 3.2,
dynamically generates weights for the FLINT* network (Fig. 2,
bottom), which is inspired by the FLINT method [GRF25]. The
architecture of the FLINT* network comprises N = 3 stacked con-
volutional blocks (Conv Block), each incorporating convolutional
(Conv) and deconvolutional (Deconv) layers. The expanded view
of a single convolutional block is presented in the middle column
of the orange box in Fig. 2. The first five Conv layers (red outlines,
middle column) dynamically adjust their weights based on the out-
put from HyperNet. The FLINT* network starts with 128 feature
channels in the first block, reduces to 96 channels in the second
block, and finishes with 64 channels in the final block. PReLU acti-
vation [HZRS15] is applied to all layers except the last one, ensuring
efficient learning and non-linear transformations. The training pro-
cess is driven by loss components illustrated on the right side of
Fig. 2, guiding both flow estimation and scalar field interpolation.

FLINT* and HyperNet are trained jointly, ensuring that the hyper-
network optimizes the weights of the main network dynamically
throughout training.

3.2. HyperNet
The HyperNet architecture, as depicted in Fig. 2 top part, is an inte-
gral part of HyperFLINT. It takes numerical input parameters that
characterize the simulation (such as physical quantities or configura-
tion settings) and processes them through two main components: a
Multi-Layer Perceptron (MLP) and a Convolutional Neural Network
(CNN). First, the MLP, consisting of three linear layers with PReLU
activation functions and two dropout layers, transforms the input pa-
rameters into a higher-dimensional representation. This embedding
allows the network to interpret the simulation parameters in a way
that is beneficial for downstream tasks. Once processed by the MLP,
the intermediate representation is passed into the CNN, where addi-
tional transformations are applied, refining the information derived
from the parameters. Finally, the output of the CNN is reshaped
into a one-dimensional vector and passed through a final linear
layer to generate the weights (θ ) for the convolutional layers of
the FLINT* network. The choice of one-dimensional convolutions
(Conv1D) within the CNN component is motivated by the fact that
the input simulation parameters are represented as one-dimensional
sequences. Conv1D layers provide the most efficient way to capture
local relationships between the parameters, preserving their spatial
or sequential structure. Compared to fully connected layers, Conv1D
can model these relationships in a way that is more computationally
efficient, with fewer parameters, and can capture local patterns in
parameters that are missed by dense layers. This structured approach
helps the HyperNet leverage the inherent relationships between pa-
rameters to refine the generated weights. The proposed architecture
enables parameter-aware learning, where the simulation’s governing
parameters directly influence the model’s internal weights. This not
only improves the model’s quantitative and qualitative performance
but also facilitates parameter space exploration (Sec. 7).

3.3. Flow Estimation and Scalar Field Interpolation
HyperFLINT takes as input the simulation parameters (for Hypet-
Net), two scalar fields Ds and Du of the same ensemble member
at timesteps s < u, and an intermediate timestep t, where s < t < u
(for FLINT*). The goal is to predict the corresponding flow field F̂t
and generate interpolated scalar fields D̂t for any intermediate time
t ∈ [s,u]. To accomplish this, FLINT* first computes intermediate
flow fields, F̂t→s and F̂t→u. The time-backward flow field, F̂t→s,
represents the flow vectors from the frame at time t to an earlier
frame at s. Conversely, the time-forward flow, F̂t→u, represents flow
vectors from the frame at t to a later frame at u. These intermediate
flow fields are then used to warp scalar fields towards the target
time t, generating estimates for that time step. In the final step,
HyperFLINT combines the intermediate warped scalar fields using
a fusion mask M learned by FLINT*, where M(i, j) ∈ [0,1],∀i, j,
which ensures smooth blending and high-quality interpolation.

Warping. In HyperFLINT, we implement the volumetric back-
ward warping, where each target voxel vt identifies its corresponding
source voxel vs based on the flow fields. This mapping, guided by the
intermediate flow fields, ensures smooth resampling using trilinear
interpolation around vs to compute the value for vt . We denote the
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Figure 2: HyperFLINT network architecture and pipeline during training: Given the input fields Ds and Du, and their simulation parameters,
HyperFLINT predicts the D̂t scalar field and F̂ i

t flow fields used in the loss function for optimizing network parameters. The HyperFLINT
model consists of two key components: the HyperNet and the main network, FLINT*. The HyperNet, depicted within the red box, generates
weights for the convolutional layers of FLINT* (with red outlines in the middle column of the orange box). The FLINT* model architecture
and loss function are shown in the orange box. The model consists of several stacked blocks of the convolutional network, which takes Ds, Du,
and t as input and in the ith Conv Block computes estimated flows F̂ i

t→s, F̂
i

t→u, and fusion mask Mi used for interpolation. The zoomed-in view
on the right highlights the structure of a generic Conv Block. The GT density DGT

t and flow FGT
t is only used in the loss function L . The blue

dashed arrow in the right of the figure represents the gradient propagation during training, from the output of FLINT* back to the HyperNet.

combined effect of reverse mapping and interpolation by the warp-
ing operator W

←
. Specifically, the mappings are guided by the flow

fields, producing the warped scalar fields D̂t←s =W
←
(Ds, F̂t→s) and

D̂t←u =W
←
(Du, F̂t→u), which represent the values at time t based on

the source volumes Ds and Du, respectively, see Fig. 3.

In HyperFLINT, iterative refinement within FLINT*’s con-
volutional blocks is applied similarly to the original FLINT
method [GRF25]. However, FLINT* is optimized specifically for
use with a hypernetwork (see Sec. 3.5), the architecture of which was
constructed based on a thorough hyperparameter search (Sec. 6.3)

to ensure efficiency and compatibility. The interpolated scalar field
D̂t , intermediate flow fields F̂ i

t , and estimated final flow field F̂t are
computed as follows:

D̂t = D̂N−1
t←s ⊙M+ D̂N−1

t←u ⊙ (I−M), (1a)

F̂ i+1
t = F̂ i

t→u, for i = 0, . . . ,N−2, F̂t = F̂ N−1
t (N = 3). (1b)

Inference. During the inference phase, HyperFLINT processes
the input scalar fields Ds and Du, along with their associated sim-
ulation parameters using the fully trained FLINT* and HyperNet
networks. Here, GT information and loss functions are absent, as
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Ds D̂t←s D̂t←u Du

W
←
(Ds, F̂t→s)

W
←
(Du, F̂t→u)

Figure 3: Illustration of the 3D backward warping W
←

: (scalar) fields
Ds and Du are reversely mapped according to the flow fields F̂t→s
and F̂t→u. The fields D̂t←s and D̂t←u are then reconstructed using
trilinear interpolation considering the values at the coordinates
shown with green dots (for the visible front surface of the cube).

the network operates solely with its learned parameters. The hyper-
network plays a crucial role by dynamically generating the convo-
lutional layer weights (i.e., kernels) for the FLINT* network based
on the provided simulation parameters, as illustrated in Fig. 2. This
allows FLINT* to adapt its operations according to the specific
characteristics of each input subset. The final outputs, namely the
interpolated scalar field D̂t and the reconstructed flow field F̂t , are
computed according to Eqs. (1a) and (1b) respectively, see Fig. 1.

3.4. Loss Function
The total HyperFLINT loss is a linear combination of reconstruction
loss Lrec and flow loss L f low:

L = Lrec +λ f low L f low, (2)

where λ f low = 0.2 for balancing total loss scale w.r.t. the reconstruc-
tion component (determined experimentally, see Sec. 6.3).

Scalar field interpolation. To interpolate scalar fields temporally,
we include a loss component to improve the accuracy of the inter-
polated density field from Eq.(1a). The reconstruction loss Lrec
measures the L1 distance between the GT density DGT

t and the
interpolated field D̂t produced by the HyperFLINT network:

Lrec = ∥DGT
t − D̂t∥1. (3)

This ensures that the interpolated scalar field closely matches the
GT, improving the accuracy of the temporal interpolation.

Flow estimation. To improve the quality of the learned flow
field, we incorporate a flow loss component calculated as the L1
distance between the estimated flow at each network block and the
GT flow (used only during training). Accumulating this measure
across all blocks, rather than only the final one, yields better results.
Additionally, we adopt exponentially increasing weights for the loss
from RAFT [TD20], resulting in the following flow loss equation:

Lflow =
N

∑
i=1

γ
N−i∥FGT

t − F̂ i
t ∥1, (4)

where FGT
t is the GT flow at time t, F̂ i

t is the flow output from
the corresponding ith block of the FLINT* network (Eq. (1b)), and
N = 3 is the number of blocks in the model. We experimentally
established the value of γ as 0.8, aligning with the RAFT loss and
validating this choice through hyperparameter search.

3.5. Comparison between HyperFLINT and FLINT methods
The key innovation of HyperFLINT is its integration of a hypernet-
work that dynamically generates weights for the FLINT* network,

a variant of the original FLINT model where the student-teacher
setup has been removed, thus reducing complexity while being opti-
mized to work with the hypernetwork. This enables HyperFLINT to
condition convolutional layers on simulation parameters, aligning
the network more precisely with data characteristics. The result
is enhanced accuracy in flow estimation and scalar field interpola-
tion, capturing physical phenomena with greater fidelity than the
original FLINT approach. Furthermore, the inclusion of a hypernet-
work introduces a novel capability to HyperFLINT: parameter space
exploration. By conditioning the model on input parameters, Hyper-
FLINT generates predictions for unseen configurations, enabling
researchers to estimate outcomes for unsimulated parameter sets.
This approach is particularly valuable in computationally expensive
scientific studies, offering insights without requiring exhaustive sim-
ulations. This flexibility distinguishes HyperFLINT from traditional
methods like FLINT, which lack parameter-driven adaptability.

4. Study Setup
In this section, we describe the training setup, provide an overview
of the datasets used in our experiments and discuss the evaluation
methods employed to assess the results obtained by HyperFLINT.

4.1. Training
We apply the standard prepossessing step of normalization to [0, 1]
for the scalar fields and to [-1, 1] for the vector fields before the start
of the training. HyperFLINT is optimized using AdamW [LH∗17]
with early stopping, similarly to [GRF25] to prevent overfitting on
the training data. We use an experimentally determined learning
rate of 10−4 with a cosine annealing scheduler that gradually de-
creases the learning rate to 10−5 by the end of the training. We
train HyperFLINT with mini-batches of size 4 for the 3D ensemble
datasets used in our study (see Sec. 4.2). We split the set of all
available data into training, validation, and test subsets. To support
arbitrary interpolation and flow estimation during training, t ∈ [s,u]
is chosen randomly within a maximum time window of size 12, sim-
ilarly to [GRF25]. This window, confirmed through hyperparameter
search, efficiently determines the maximum time gap between sam-
pled timesteps s and u for constructing the training set, allowing for
effective interpolation. Our proposed HyperFLINT model is trained
for 200 epochs for 8 hours on a single Nvidia Titan V GPU with
12GB of VRAM to converge for all datasets.

4.2. Datasets and Evaluation
We consider two scientific ensemble datasets in our study.

Nyx. The first dataset is a 3D+time ensemble based on the com-
pressible cosmological hydrodynamics simulation Nyx, developed
by Lawrence Berkeley National Laboratory [SLA∗21]. We consider
an ensemble comprising 36 members, each consisting of a maximum
of 1600 timesteps with a spatial resolution of 128×128×128. It
contains density and the x, y, z components of velocity. Akin to InSi-
tuNet [HWG∗19], we vary three parameters for ensemble generation:
the total matter density (Ωm ∈ [0.1,0.2]), the total density of baryons
(Ωb ∈ [0.0215,0.0235]), and the Hubble constant (h ∈ [0.55,0.75]).
We randomly sample a training subset of 500 timesteps and utilize
different ensemble members for training, validation, and testing.

Castro. The second dataset consists of a 3D+time ensemble
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based on the astrophysical hydrodynamics simulation Castro, simu-
lating the merger of two white dwarfs, developed by the Lawrence
Berkeley National Laboratory [ABB∗10]. This ensemble contains
12 members, each with up to 800 timesteps, and a spatial resolu-
tion of 128×128×128. The dataset includes the density field and
the x, y, and z velocity components. For ensemble generation, we
vary two parameters based on the authors’ suggestions, such as
the masses of the primary (MP) and secondary (MS) white dwarfs
(MP,MS ∈ [0.8,0.95]M⊙), where M⊙ represents the solar mass. A
training subset of 400 timesteps is randomly sampled, with different
ensemble members designated for training, validation, and testing.

We evaluate HyperFLINT’s performance in reconstructing scalar
and vector fields both qualitatively and quantitatively. For density
field evaluation, we use peak signal-to-noise ratio (PSNR), while
the accuracy of the flow field is assessed with endpoint error (EPE),
which calculates the average Euclidean distance between estimated
and GT flow vectors—lower EPE values indicating higher accuracy.
For qualitative assessment, we visualize flow field outcomes for the
simulation ensembles. Given the 3D nature of our datasets, PSNR
and EPE are calculated in the volume domain, ensuring the metrics
align with the spatial characteristics of the data and provide a robust
evaluation of HyperFLINT’s performance.

5. Qualitative Results

We evaluate HyperFLINT on the two datasets (Sec. 4.2) with respect
to flow estimation and density interpolation (i.e., temporal super-
resolution), and compare it with FLINT and STSR-INR.

5.1. Nyx

First, we consider the scenario where GT density and velocity fields
are available for some members of the entire 3D ensemble. As
Fig. 4a illustrates, HyperFLINT achieves accurate performance in
terms of both density field interpolation and flow field estimation.
Visually, the difference between the renderings of the reconstructed
density field (second row) and its GT is minimal. Moreover, even at
a relatively high interpolation rate of 5×, HyperFLINT effectively
learns a flow field that structurally resembles the GT flow. Both Hy-
perFLINT and FLINT (third row) produce results that are visually
very close to the GT for density interpolation; however, when com-
pared to STSR-INR (fourth row), HyperFLINT demonstrates more
accurate density field interpolation. At t = 303, t = 403, and t = 503,
the purple and orange zoom-ins clearly reveal a different structure
and less dark matter density in STSR-INR’s results compared to
HyperFLINT, which reconstructs density more effectively.

Moreover, HyperFLINT not only reconstructs the density field
but also supplements it with accurate flow information, as shown
in Fig. 4a (sixth row), a feature that STSR-INR lacks. When ex-
amining the flow, we observe circular swirling patterns, indicating
the complex dynamics of the baryonic gas. As these flows inten-
sify, we see evidence of dark matter moving outward—reflected
in both the GT and HyperFLINT density, especially in the orange
zoom-ins—consistent with an expanding universe. This underlines
the utility of HyperFLINT in capturing not just the static density
fields but also the dynamic evolution of the cosmic structures. Fur-
thermore, HyperFLINT outperforms the FLINT model (last row)

in capturing flow information, producing more accurate represen-
tations of the underlying dynamics. For example, at t = 303 and
t = 503, in the purple and orange zoom-ins, the FLINT flow exhibits
structural differences compared to the GT, whereas HyperFLINT
more effectively preserves the intricate flow dynamics.

A domain expert from astronomy specializing in cosmological
simulations and observational data highlighted the advantages of
estimating both density and velocity fields. This capability is crucial
in cosmology for estimating distances between astronomical objects
and analyzing their spatial relationships. This would help in bridging
simulations with real-world observations. Velocity estimation is par-
ticularly valuable for constructing “lightcones”, in which simulation
data are used to model the evolution of the universe.

5.2. Castro
For the Castro ensemble dataset, as Fig. 4b illustrates, HyperFLINT
achieves results that are visually very close to the GT for both density
field interpolation and flow field estimation. When comparing Hyper-
FLINT to FLINT and STSR-INR for temporal density interpolation
(third and fourth row), HyperFLINT demonstrates superior accuracy.
For instance, at t = 103 and t = 203, STSR-INR and FLINT show
noticeable deviations in structure and reduced matter density around
the merging white dwarfs. In contrast, HyperFLINT preserves these
density structures more effectively, aligning well with the GT. For
flow estimation, HyperFLINT produces more coherent and spatially
accurate flow fields than FLINT. This is particularly evident at t = 3
and t = 203 in Fig. 4b, where FLINT introduces artifacts and in-
consistencies in motion direction. In contrast, HyperFLINT better
captures the developing flow dynamics, especially in the detailed
areas in the purple and orange zoom-ins, where it maintains a more
accurate representation of the evolving flows.

6. Quantitative and Comparative Evaluation
In this section, we present quantitative results and compare against
baseline methods to demonstrate the improvement achieved with
our proposed method, followed by ablation and parameter studies to
explore different configurations and hyperparameters.

6.1. Comparison Against Baselines
STSR-INR [TW24] and CoordNet [HW22] were evaluated as
key benchmarks for temporal super-resolution (TSR) tasks on the
3D+time Nyx and Castro datasets, with results shown in Table 1
and Table 2. STSR-INR employs a variational auto-decoder to op-
timize latent vectors for variable interpolation in the latent space,
building on prior works like STNet [HZCW21]. It has demonstrated
notable improvements in density interpolation but focuses solely on
scalar field interpolation, lacking capabilities for flow field estima-
tion. Similarly, CoordNet, a benchmark for visualizing time-varying
volumetric data, also improves upon TSR-TVD [HW19] as detailed
in Sec. 2. While CoordNet achieves strong results in PSNR scores
for density interpolation across various rates, it shares STSR-INR’s
limitation in addressing only TSR of scalar fields without extending
to flow field estimation. In contrast, HyperFLINT not only outper-
forms both methods in density interpolation but also introduces flow
estimation, a capability absent in both CoordNet and STSR-INR.

FLINT [GRF25], based on a pure CNN architecture with a

© 2025 The Author(s).
Computer Graphics Forum published by Eurographics and John Wiley & Sons Ltd.



H. Gadirov, Q. Wu, D. Bauer, K.-L. Ma, J. B. T. M. Roerdink, & S. Frey / HyperFLINT 7 of 15
D

en
s

G
T

D
en

s
H

yp
er

FL
IN

T
D

en
s

FL
IN

T
D

en
s

ST
SR

-I
N

R
Fl

ow
G

T
Fl

ow
H

yp
er

FL
IN

T
Fl

ow
FL

IN
T

t=303* t=403* t=503*

(a) Nyx results

t=3* t=103* t=203*

(b) Castro results

Figure 4: Nyx and Castro: HyperFLINT flow field estimation and temporal density interpolation, 5×. From top to bottom, the rows show GT
density, HyperFLINT interpolated density, FLINT interpolation, STSR-INR interpolation, GT flow, HyperFLINT flow estimation, and FLINT
flow estimation. 3D rendering was used for the density and flow visualization ( colors representing x, y, and z flow directions respectively).

student-teacher training mechanism, serves as another valuable
benchmark for comparison. FLINT demonstrated improved results
over STSR-INR and CoordNet in temporal interpolation and pro-
vided reasonable flow estimation, making it a strong competitor.
Our evaluation against FLINT shows that HyperFLINT slightly out-
performs FLINT in terms of TSR for scalar fields. More notably,
HyperFLINT demonstrates superior performance in flow estimation,
yielding significantly better results. This is evidenced by the lower
EPE scores reported for both the Nyx and Castro datasets, as shown

in Table 1 and Table 2. Furthermore, HyperFLINT offers the added
advantage of enabling parameter space exploration, a feature neither
FLINT nor other baselines can achieve. This makes HyperFLINT a
more versatile and powerful tool for analyzing scientific ensembles.

We conducted an inference time comparison of HyperFLINT
against FLINT, CoordNet, and STSR-INR across the two 3D en-
semble datasets, measuring inference time over 300 timesteps from
the test set. HyperFLINT significantly outperforms CoordNet and
STSR-INR in speed, achieving an average of 0.18 seconds per
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Table 1: Comparison against baselines, Nyx

Method 3× 5× 8×

PSNR ↑ EPE ↓ PSNR ↑ EPE ↓ PSNR ↑ EPE ↓

HyperFLINT 53.32 0.0237 52.70 0.0238 51.07 0.0242
FLINT 53.17 0.0310 52.31 0.0310 49.39 0.0309
STSR-INR 49.63 — 44.21 — 41.09 —
CoordNet 49.37 — 44.02 — 40.78 —
Linear 47.49 — 41.92 — 37.51 —

Table 2: Comparison against baselines, Castro

Method 3× 5× 8×

PSNR ↑ EPE ↓ PSNR ↑ EPE ↓ PSNR ↑ EPE ↓

HyperFLINT 49.48 0.0275 47.39 0.0276 45.41 0.0278
FLINT 47.89 0.0502 46.16 0.0506 43.83 0.0513
STSR-INR 44.83 — 42.38 — 40.26 —
CoordNet 44.52 — 42.29 — 40.08 —
Linear 42.11 — 37.28 — 33.64 —

timestep compared to 2.1 seconds for CoordNet and 1.5 seconds
for STSR-INR. Remarkably, HyperFLINT even slightly outpaces
FLINT, which averages 0.2 seconds per timestep. This improvement
arises from HyperFLINT’s efficient CNN utilization, which, despite
the added hypernetwork complexity, maintains performance advan-
tage. Unlike INR-based methods that solve implicit functions at
each point, HyperFLINT leverages CNNs’ parallel processing capa-
bilities and optimized memory access, resulting in faster inference.

6.2. Ablation Studies
Our proposed HyperFLINT method is a deep neural network that has
various loss components. To assess the impact of these in achieving
optimal results, we conducted a series of ablation studies.

Table 3: Ablation of HyperFLINT

Method Nyx, 5× Castro, 5×

PSNR ↑ EPE ↓ PSNR ↑ EPE ↓

HyperFLINT no flow 51.94 0.1348 46.92 0.7432
HyperFLINT no rec 44.78 0.0254 37.89 0.0335
HyperFLINT w/o hyper 50.89 0.0357 46.04 0.0516
HyperFLINT 52.70 0.0238 47.39 0.0276

The ablation studies on HyperFLINT reveal the impact of various
loss components on performance, as shown in Table 3 for the Nyx
and Castro datasets. Four variants are compared:

• HyperFLINT no flow: omits the flow loss, leading to poor flow
estimation (EPE) despite decent density interpolation (PSNR).

• HyperFLINT no rec: omits the reconstruction loss, resulting in
decent flow learning but compromised density interpolation.

• HyperFLINT w/o hyper: removes the hypernetwork, leading to
subpar interpolation and flow estimation due to the absence of
dynamic adaptation enabled by simulation parameters.

• HyperFLINT: the full model with all components, achieves the
highest scores in both PSNR and EPE.

6.3. Hyperparameter Studies
Our proposed HyperFLINT method involves several hyperparam-
eters, and we conducted extensive hyperparameter optimization to
identify the optimal configuration for HyperFLINT, testing varia-
tions in model width, depth, and loss functions. Table 4 displays the
outcomes of these studies regarding spatio-temporal datasets.

Table 4: Hyperparameter search for HyperFLINT

Method Nyx, 5× Castro, 5×
PSNR ↑ EPE ↓ PSNR ↑ EPE ↓

HyperFLINT 64 51.68 0.0315 47.12 0.0430
HyperFLINT Lapl 51.73 0.0319 44.95 0.0480
HyperFLINT hyper all 48.19 0.0281 42.79 0.0419
HyperFLINT w teacher 49.31 0.0265 44.43 0.0393
HyperFLINT λ f low = 0.3 52.29 0.0311 45.39 0.0316
HyperFLINT λ f low = 0.1 52.19 0.0320 47.01 0.0325
HyperFLINT γ = 0.9 52.14 0.0310 46.98 0.0345
HyperFLINT γ = 0.7 52.28 0.0317 47.07 0.0371
HyperFLINT stride = 1 52.19 0.0418 46.94 0.0348
HyperFLINT 2 Blocks 49.72 0.0245 46.87 0.0407
HyperFLINT 3 Blocks 52.70 0.0238 47.39 0.0276
HyperFLINT 4 Blocks 52.51 0.0249 46.98 0.0314
HyperFLINT 5 Blocks 52.09 0.0256 46.97 0.0341
HyperFLINT hyper no MLP 52.27 0.0261 46.06 0.0363
HyperFLINT hyper no CNN 51.74 0.0282 45.46 0.0378
HyperFLINT hyper no dropout 52.48 0.0259 46.61 0.0298

The best-performing setup, labeled “HyperFLINT 3 Blocks”, in-
cludes three blocks with convolutional layers having channel counts
decreasing from 128 to 64, balancing capacity and avoiding overfit-
ting. Alternatives like “HyperFLINT hyper all” (all layers affected
by the hypernetwork) and “HyperFLINT w teacher” (using a teacher
block similar to FLINT) resulted in convergence issues and degraded
performance. Similarly, the “HyperFLINT stride = 1” variant un-
derperformed due to reduced expressiveness from fixed strides. We
explored loss functions, comparing “HyperFLINT Lapl” using a
Laplacian pyramid, and “HyperFLINT 3 Blocks” which applies L1
loss. The simpler L1 loss proved more effective. Additionally, we
show the roles of HyperNet components, as configurations like “Hy-
perFLINT hyper no MLP,” “HyperFLINT hyper no CNN,” and “Hy-
perFLINT hyper no dropout” exhibited reduced performance. These
findings underscore the importance of the proposed architecture and
individual components. In Table 5, we present the hyperparameter
search results for Nyx at 643 resolution, where “HyperFLINT 3
Blocks” remains the best-performing model, consistent with what
has been determined in Table 4 at 1283. This suggests good general-
ization across resolutions, with a slight performance drop at higher
resolutions due to increased data complexity.

Table 5: Hyperparameter search for HyperFLINT, Nyx, 5×, 643

Method PSNR ↑ EPE ↓
HyperFLINT hyper all 48.87 0.0279
HyperFLINT 3 Blocks 52.93 0.0220
HyperFLINT 4 Blocks 52.81 0.0231
HyperFLINT hyper no MLP 52.33 0.0254
HyperFLINT hyper no CNN 51.65 0.0277

7. Simulation Parameter Space Exploration
This section highlights two key examples demonstrating Hyper-
FLINT’s utility in parameter space exploration. First, Sec. 7.1 ex-
amines the correlation between HyperNet-generated weights and
simulation data, showcasing a strong alignment with simulation char-
acteristics. Second, Sec. 7.2 demonstrates HyperFLINT’s ability to
interpolate within the parameter space, accurately predicting outputs
for configurations beyond the training set. These functionalities are
validated using experiments with the Nyx simulation ensemble.

7.1. Hypernetwork weights as Proxy for Data Similarity
To better understand the broader capabilities of HyperNet beyond
generating weights for the FLINT* network, we explored its po-
tential for parameter space analysis. Specifically, we constructed
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DataWeights

Figure 5: Similarity matrix: lower-left—HyperNet’s weight similar-
ity, upper-right—Nyx simulation parameter similarity.

similarity matrices to examine how the weights generated by Hy-
perNet correlate with the underlying data dynamics, reflecting the
influence of simulation parameters. This analysis highlights how
HyperNet weights, apart from serving as weight generation for the
main network, can provide insights into parameter-driven varia-
tions within the dataset. Specifically, we compute similarity matri-
ces for (i) the weights produced by HyperNet and (ii) the original
dataset volumes (both in Fig. 5), both of which are naturally influ-
enced by the simulation parameters. For this analysis, we consid-
ered 24 members from the Nyx ensemble under variation of Ωm =
[0.1025,0.12,0.1375,0.155,0.1725,0.19], h= [0.55,0.6,0.65,0.7],
while Ωb was fixed at 0.0225. Our proposed HyperFLINT model
was trained on 25% of the data, specifically on six members
with the combinations of parameters Ωm = [0.1025,0.1375,0.19],
h = [0.55,0.7], with Ωb = 0.0225.

The similarity matrices reveal a strong correlation between the
HyperNet-generated weights and the dataset volumes, confirming
that the HyperNet effectively learns parameter-dependent repre-
sentations. This correlation suggests that differences in HyperNet
weights can serve as a meaningful surrogate for differences in the
underlying data. Upon closer examination, certain members stand
out with distinguishable characteristics. For instance, for parameter
configurations such as Ωm = 0.155 and h = 0.7, and Ωm = 0.1725
with h = 0.65 or h = 0.7, the data shows lower similarity compared
to other ensemble members. Similarly, for Ωm = 0.19 with h = 0.6,
h = 0.65, and h = 0.7, the matrix highlights notable deviations
in the data structure. Despite these variations, HyperNet’s weight
similarities consistently maintain strong correlations across all con-
figurations, enabling insights into data dynamics without requiring
generation and access to the original data fields. We also conducted
a quantitative evaluation using a triplet loss approach [SJ03] to
validate the alignment between HyperNet-generated weights and
parameter-dependent data dynamics. We analyzed triplets compris-
ing an anchor, a more similar member, and a less similar member
to evaluate how well distances in the HyperNet-generated weight
space align with those in the data space. Specifically, we computed
the distance between the anchor and both the more similar and less
similar members in the data space and performed the same cal-

Figure 6: The rendering of two volumes that were used for Nyx
simulation parameter space exploration.

culation in the HyperNet-generated weight space, confirming that
weight similarity strongly correlates with data similarity. Achieving
a 96% triplet correlation, this result underscores HyperFLINT’s util-
ity in parameter space analysis, where learned representations guide
tasks like constructing characteristic maps of parameter impacts and
optimizing sampling strategies.

7.2. Parameter-Driven Data Synthesis

Leveraging the HyperNet architecture, which conditions the FLINT*
network on specific simulation parameters, HyperFLINT can dy-
namically adapt its outputs based on changes in simulation settings.
As shown in Fig. 6, which presents renderings of the input vol-
umes at timesteps s and u, these volumes serve as the foundation
for interpolating the target timestep while varying only the simu-
lation parameters through HyperNet. As illustrated in Fig. 7, this
approach effectively generates outputs that closely match the ensem-
ble volumes associated with the specified parameter values. Even
when starting with identical initial data, HyperFLINT effectively
adapts its predictions solely based on the altered parameter inputs.
For instance, the density reconstruction and flow estimation are
particularly accurate for the parameter setting Ωm = 0.1375 (third
column), corresponding to the data from the ensemble member used
as inputs. Notably, HyperFLINT maintains the structural integrity
and fine-grained details of the density field (second row) while
accurately capturing the dynamic flow patterns (fifth row), demon-
strating its capability to preserve both shape and texture. By using
the same input volume and altering only the simulation parameters,
HyperFLINT generates new data outputs effectively for settings like
Ωm = 0.12, 0.155, and 0.1725, achieving visually close reconstruc-
tions, as the difference plots confirm, showcasing its generalization
capabilities. While novel (unseen) simulation features cannot be
generated, these results suggest that the model is capable of captur-
ing parameter-dependent relationships, as reflected in the smooth
density transitions and flow field predictions that generally follow
GT dynamic trends. The reconstruction remains robust despite these
novel parameters. As expected, we note a slight increase in error for
more distant parameter values such as Ωm = 0.1025 and 0.19 (first
and last columns, respectively). This is likely due to these configu-
rations being further away from the range of parameters the model
received as input during inference. Nonetheless, the results remain
decent, with distinct features preserved, such as central galaxy den-
sity formation and distinct flow patterns, showcasing HyperFLINT’s
parameter-dependent generalization capabilities.
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Figure 7: Nyx simulation parameter space exploration and transfer functions for density and flow field components. From top to bottom,
the rows show GT density, HyperFLINT interpolated density, difference between GT and HyperFLINT density, GT flow, HyperFLINT flow
estimation, and difference between GT and HyperFLINT flow.

8. Conclusion and Future Work
In this work, we have proposed HyperFLINT, a hypernetwork-based
method for flow estimation and scalar field interpolation in spatio-
temporal scientific ensembles. By leveraging hypernetworks, Hyper-
FLINT adapts to varying simulation parameters, enabling accurate
flow estimation and high-quality temporal interpolants, even with
limited data. It outperforms recent state-of-the-art methods while
achieving fast inference without requiring extensive pre-training or
fine-tuning on simplified datasets. Validated across diverse simu-
lation ensembles, HyperFLINT demonstrates robust and versatile
performance, making it a valuable tool for scientific visualization.

The integration of hypernetworks in HyperFLINT establishes a
robust framework for analyzing how simulation parameters influ-
ence flow and density dynamics, enabling efficient parameter space
exploration and deeper insights into complex systems. Integrating
skill score metrics that account for spatial and temporal biases, along
with adaptivity based on flow characteristics and simulation con-

straints, could enhance robustness and applicability in future work.
Incorporating stable diffusion techniques [RBL∗22] could further
enhance HyperFLINT’s ability to generate high-quality vector and
scalar fields by leveraging simulation parameters. Known for pro-
ducing smooth outputs, stable diffusion methods could complement
hypernetworks, improving generalization in intricate simulations.
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Appendix A: Supplementary Material

Nyx and Castro Transfer Functions

In Fig. 8 and Fig. 9 we present transfer functions for visualizing the
density and velocity components of the Nyx and Castro ensembles,
respectively. These are applied to the density field and the x, y, and z
components of the flow field, offering an intuitive means to explore
and analyze the spatial and dynamic characteristics of the simulation
data. The utilized transfer functions help to better understand the
structural patterns and flow dynamics inherent to each ensemble.

(a) TF for density field. (b) TF for flow field in x direction.

(c) TF for flow field in y direction. (d) TF for flow field in z direction.

Figure 8: Nyx ensemble: transfer function for density and x, y, z
components of the flow field.

(a) TF for density field. (b) TF for flow field in x direction.

(c) TF for flow field in y direction. (d) TF for flow field in z direction.

Figure 9: Castro ensemble: transfer function for density and x, y, z
components of the flow field.

3D Flow Estimation and Density Interpolation Results

This subsection presents the complete results for 3D flow estimation
and temporal interpolation tasks on the Nyx (Fig. 10) and Castro
(Fig. 11) datasets. The figures include visualizations of the estimated
flow fields and interpolated density fields. Additionally, the results
highlight comparisons with baseline methods, including FLINT and
STSR-INR.

The 3D PSNR metric used in our evaluation is computed after
normalizing the scalar data to [0,1], using the following formulation:

MSE =
1

mno

m−1

∑
i=0

n−1

∑
j=0

o−1

∑
k=0

(DGT
t,i, j,k− D̂t,i, j,k)

2, (5)

PSNR = 20log10(1.0)−10log10(MSE), (6)

where the mean squared error (MSE) is calculated over the entire
3D volume, with m,n,o representing the spatial dimensions of the
volume along the x-, y-, and z-axes, respectively.

For flow estimation, we compute the 3D endpoint error (EPE) as:

EPE =
1

mno

m−1

∑
i=0

n−1

∑
j=0

o−1

∑
k=0

∥∥∥FGT
t,i, j,k− F̂t,i, j,k

∥∥∥
2
. (7)

Here, FGT and F̂ represent the ground-truth and predicted flow
fields, respectively, with components along the x-, y-, and z-axes.
The EPE measures the Euclidean distance between the predicted
and true flow vectors across the entire 3D volume.
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Figure 10: Nyx: HyperFLINT flow field estimation and temporal density interpolation, 5×. From top to bottom, the rows show GT density,
HyperFLINT interpolated density, FLINT interpolation, STSR-INR interpolation, GT flow, HyperFLINT flow estimation, and FLINT flow
estimation. 3D rendering was used for the density and flow visualization ( colors representing x, y, and z flow directions respectively).
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Figure 11: Castro: HyperFLINT flow field estimation and temporal density interpolation, 5×. From top to bottom, the rows show GT density,
HyperFLINT interpolated density, FLINT interpolation, STSR-INR interpolation, GT flow, HyperFLINT flow estimation, and FLINT flow
estimation. 3D rendering was used for the density and flow visualization ( colors representing x, y, and z flow directions respectively).

© 2025 The Author(s).
Computer Graphics Forum published by Eurographics and John Wiley & Sons Ltd.


