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Fig. 1: Time-varying volume visualization via proposed F-Hash multi-resolution tesseract encoding on Combustion(a), Argon Bubble
(b), and Supernova (c) datasets. F-Hash achieves high reconstruction accuracy with shorter convergence time by order of magnitude
(10×–100×) and fewer encoding parameters compared to existing input encoding approaches.

Abstract—Interactive time-varying volume visualization is challenging due to its complex spatiotemporal features and sheer size of the
dataset. Recent works transform the original discrete time-varying volumetric data into continuous Implicit Neural Representations (INR)
to address the issues of compression, rendering, and super-resolution in both spatial and temporal domains. However, training the INR
takes a long time to converge, especially when handling large-scale time-varying volumetric datasets. In this work, we proposed F-Hash,
a novel feature-based multi-resolution Tesseract encoding architecture to greatly enhance the convergence speed compared with
existing input encoding methods for modeling time-varying volumetric data. The proposed design incorporates multi-level collision-free
hash functions that map dynamic 4D multi-resolution embedding grids without bucket waste, achieving high encoding capacity with
compact encoding parameters. Our encoding method is agnostic to time-varying feature detection methods, making it a unified
encoding solution for feature tracking and evolution visualization. Experiments show the F-Hash achieves state-of-the-art convergence
speed in training various time-varying volumetric datasets for diverse features. We also proposed an adaptive ray marching algorithm
to optimize the sample streaming for faster rendering of the time-varying neural representation.

Index Terms—Time-varying volume, volume visualization, input encoding, deep learning

1 INTRODUCTION

Numerous scientific disciplines involve intrinsically time-dependent
phenomena. A substantial proportion of data produced by scientific sim-
ulations consists of time-varying volumetric data spanning fields such
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as computational fluid dynamics, combustion modeling, meteorological
simulations, cosmological studies, and biomolecular simulations. How-
ever, the high resolution in both spatial and temporal domains results in
extremely large-scale time-varying volumetric data, making interactive
visualization significantly challenging.

Recent works leverage the neural network to model the discrete time-
varying volumetric data into a continuous Implicit Neural Representa-
tion (INR), which can be accelerated on modern GPU, achieving state-
of-the-art performance in compression, rendering, and super-resolution
tasks. Multilayer perception (MLP)-based INR, as a universal approxi-
mator, provides an efficient way of representing high-dimensional data,
enabling efficient compression [14,39] of large-scale time-varying data
for I/O intensive operations. The continuous nature of INR provides
infinite super-resolution [11–13, 15, 40] on both spatial and temporal
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domains. INR can also be trained for specific visualization tasks as gen-
erative models for fast rendering through novel view synthesis [5,34,48]
or efficient out-of-core data management [33, 35].

Although INR gives outstanding performance in various visualiza-
tion tasks, its core limitation lies in slow convergence, often requiring
hours or even days of training for complex datasets. This makes it even
more infeasible to directly model a large-scale dataset like time-varying
volumetric data. Numerous works have been proposed to address this
issue. SIREN (Sinusoidal Representation Network) [25, 30] uses peri-
odic activation functions instead of traditional activations like ReLU or
tanh to improve the convergence time. Meta-learning [16, 47] pretrains
a warm-start INR with optimal initial weights trained from a sparse but
representative subset of the whole training samples. Input encoding
methods, which encode the input of INR into a higher-dimensional
space, show advantages in both efficacy and simplicity. Frequency
encoding [4, 36] was first proposed as a positional encoding method
utilizing Fourier features mapping to better capture the high-frequency
details in constructing neural radiance fields (NeRF) [26]. Parametric
encoding [9, 32] was later introduced, which arranges additional train-
able parameters (beyond weights and biases) in an auxiliary grid or tree
data structure. Recent Multi-resolution Hash Encoding (MHE) [27]
gives state-of-the-art convergence speed by combining the embedding
grid, multi-resolution, and a hash function to enable “instant” recon-
struction of various types of neural graphic primitives including static
scientific volumetric data [46].

However, MHE suffers from three main problems. 1) Since the hash
collisions were not handled, different entries in the embedding grid
were forced to use the same embedding vector, adversely affecting
learning precision and limiting the fitting capacity of the INR. Detailed
supporting quantitative results can be found in the Appendix. 2) The
embedding grid of each resolution level has the same size, leading
to unused buckets in lower resolutions, causing inefficient use of the
encoding parameters. This also produces an unnecessarily large INR
with redundant weights. Although the first problem can be mitigated
by increasing the hash table size, it will further intensify the second
bucket waste problem. 3) The architecture of MHE can only pro-
cess 3D spatial data. These limitations prevent MHE from effectively
encoding and representing large-scale time-varying data at high resolu-
tions. In this work, we proposed F-Hash, a novel feature-based hash
design for multi-resolution input encoding, which greatly enhances the
convergence speed compared to existing parametric encoding meth-
ods for modeling time-varying volumetric data. Our design consists
of three components: A feature-based coreset selection method for
Meta-learning, adaptive Tesseract embedding grids for spatiotemporal
interpolation, and collision-free bijective hash functions with 100%
bucket utilization. F-Hash is dynamically adjusted according to the
feature of interest for the best convergence speed and encoding param-
eter reduction. F-Hash is also compatible with various visualization
tasks, from feature tracking to evolution visualization. Our work is the
first attempt to apply multi-resolution hash encoding to time-varying
volumetric data with state-of-the-art convergence speed. While the con-
vergence speed remains insufficient for online training demands and the
compression ratio is suboptimal compared to recently proposed volume
compressors [14, 22], our method achieves a substantial reduction in
INR training time for large-scale time-varying volumetric data. We
also introduce a rendering framework capable of directly visualizing
time-varying neural representations encoded via F-Hash and the Adap-
tive Ray Marching (ARM) algorithm to dynamically optimize sample
streaming to the GPU, enabling interactive visualization. The main
contributions of this work include:

• A novel feature-based multi-resolution hash encoding, F-Hash, with
state-of-the-art convergence speed for training neural representation
from time-varying volumetric data.

• A Minimal Perfect Hash Function (MPHF) to efficiently map multi-
resolution Tesseract embedding grid to hash table without collision
and bucket waste, enabling effective while compact input encoding.

• A feature-based coreset selection method to select only informative
samples as training data from the time-varying volumetric data.

• An adaptive ray marching algorithm to dynamically stream samples
for interactive visualization of the time-varying neural representation.

2 RELATED WORK

2.1 Time-Varying Volume Visualization
For the past two decades, time-varying volume visualization has re-
mained a vibrant research domain, driven by its critical role in revealing
temporal dynamics and evolving patterns [1, 24]. Time-varying volume
visualization can be systematically classified into three aspects: feature
tracking, evolution visualization, and rendering. 1) Feature tracking
aims to acquire the temporal evolution of features, which is essential for
understanding various phenomena. Widanagamaachchi et al. introduce
an interactive system [45] to track pressure perturbations and a merge
tree-based method [44] to track extinction holes in turbulent combustion
simulations. Kumpf et al. [19] present a framework that tracks and eval-
uates ensemble forecast sensitivities using clustering and optical flow.
Lukasczyk et al. [23] present a topological framework to detect, track,
and analyze viscous fingers in fluid mixing simulations. 2) Evolution
visualization visually represents the complex results of feature tracking
across numerous events and time steps, requiring clear and aestheti-
cally appealing designs. Dutta et al. [8] propose a distribution-based
method using incremental Gaussian Mixture Models (GMMs) to track
vaguely defined evolving features. Saikia et al. [29] present a global
graph-based method to track and compare features in time-dependent
scalar fields. 3) Rendering large time-varying volumetric data requires
efficient encoding techniques for acceleration and coherent transfer
functions for clear temporal feature observation. Ljung et al. [21] re-
view transfer function techniques for direct volume rendering from
the perspectives of data characteristics and user interactions. Wang et
al. [42] introduce a ray-based proxy method using histograms and depth
information to reconstruct time-varying volume data. Zhou et al. [51]
propose an information-theoretic method to automatically select repre-
sentative time steps from large-scale time-varying volume datasets. For
scientific time-varying volumetric data, the primary focus is to design
efficient and effective feature-centric visualization, which motivates us
to prioritize the encoding of the spatial and temporal patterns toward
specific features rather than processing the entire dataset.

2.2 Implicit Neural Representation
Implicit Neural Representation (INR) is a technique that encodes data,
such as images, 3D shapes, or continuous signals, using neural net-
works. For large-scale time-varying volume visualization, recent stud-
ies have introduced INR-based compression methods [7, 14, 22, 37, 39]
to reduce model complexity and mitigate I/O bottlenecks. INR-powered
super-resolution frameworks have been developed to enable efficient
rendering of time-varying volumetric data at high fidelity. Han et al.
proposed SSR-TVD [11], a spatial super-resolution for time-varying
data analysis and visualization, STNet [15], a generative framework
for synthesizing spatiotemporal super-resolution volumes, and Coord-
Net [13], a coordinate-based deep learning framework that improves
generalization in time-varying volumetric data visualization. Tang et
al. proposed STSR-INR [40], a super-resolution for multivariate time-
varying volumetric data on both spatial and temporal domains. Yariv
et al. [49] enhance neural volume rendering by implicitly representing
geometry, improving both shape reconstruction and volume density
modeling. For accelerating rendering performance, Weiss et al. pro-
pose fV-SRN [43], an advanced adaptation of Scene Representation
Networks (SRN) [31] that dramatically speeds up volumetric recon-
struction. However, the training time for INR remains significantly long
when processing complex, large-scale, time-varying datasets. There-
fore, developing an optimized input encoding approach becomes essen-
tial to reduce convergence time when training an INR for time-varying
volumetric data.

2.3 Network Input Encoding
Network input or positional encoding is an emerging technique used
to map raw input coordinates into a higher-dimensional space before
feeding them into an INR. This helps the network better represent



Fig. 2: Coreset selection process to retrieve the coreset for training, occupancy grid, and the FBB.

high-frequency details and converge faster. Input encoding can be
classified into two main categories: frequency encoding and paramet-
ric encoding. 1) Frequency encoding was proposed as a positional
encoding method utilizing Fourier features to map coordinates into
high-frequency sine/cosine waves. Tancik et al. [36] demonstrate that
applying Fourier feature mappings to input coordinates enables MLPs
to learn high-frequency functions effectively in low-dimensional tasks.
Barron et al. [4] replaces NeRF’s ray sampling with cone tracing and in-
tegrated positional encoding to reduce aliasing and improve multiscale
rendering. Mildenhall et al. [26] synthesizes photorealistic novel views
by optimizing a 5D neural radiance field via differentiable volume
rendering from input images. 2) Parametric encoding [9, 32] intro-
duces supplementary trainable parameters organized in auxiliary grid
or tree structures, extending beyond traditional network weights and
biases. Sun et al. [32] optimize voxel grids directly for radiance fields,
achieving NeRF-level quality with short training and sharp surface
modeling. Fridovich-Keil et al. propose Plenoxels [9] that replaces
neural networks with a sparse voxel grid for radiance fields, achieving
NeRF-quality rendering 100× faster. The recent Multi-resolution Hash
Encoding (MHE) [27] achieves state-of-the-art convergence speed by
integrating an embedding grid architecture with multi-resolution and
hash-based indexing, enabling near-instant reconstruction of diverse
neural graphics primitives. Wu et al. [46] introduce MHE to model
static scientific volumetric data and provide an interactive rendering
pipeline to render visualization directly from the INR. While effec-
tive for static volumes, MHE’s architectural limitations hinder direct
application to time-varying volumetric data.

3 METHODS

The design of F-Hash consists of three components: 1) A feature-based
coreset selection method to select feature-related training samples for
Meta-learning. 2) A group of adaptive Tesseract grids with various
levels of resolution to hold the mapped higher-dimensional embedding
vectors. 3) Collision-free bijective hash function for each resolution
level with 100% bucket utilization. The Tesseract grids and hash
functions are adaptive to the feature of interest for the best convergence
speed up and encoding parameter reduction. The feature-centric design
of our input encoding method makes it efficient and compatible with
various time-varying features, enabling effective visualization from
feature tracking to evolution visualization.

3.1 Feature-Based Coreset Selection
We adapt the idea of Meta-learning and provide a coreset selection
method to collect only the feature-related subset of the entire time-

varying volumetric data as the training data. The motivation is derived
from two observations: 1) The analysis of time-varying volume data
from various scientific domains primarily focuses on specific features
of interest, such as dark matter halos in computational cosmology or
flames in combustion science, as they hold key research significance.
For the testing datasets we evaluated, only less than 20% of the entire
volumetric region is related to the informative features of interest. Thus,
this inspires us to selectively model only the relevant regions rather
than the entire dataset for improved efficiency. 2) Due to the large
number of training samples, universal INR modeling directly from the
raw time-varying data results in an inevitably large batch size for a
feasible training time. A large batch size results in a lower-variance
gradient, making optimization smoother (less noisy updates) and help-
ing in avoiding bad local minima since the loss landscape is averaged
over more samples. However, modern GPUs are better optimized for
smaller, parallel workloads than for a single computationally heavy one.
Smaller batches fit entirely in the GPU cache, allowing frequent mem-
ory reuse and faster computing. Beyond a certain batch size, scheduling
overhead increases, and some cores may remain underutilized due to
memory bandwidth limits. This issue becomes more obvious when
training an INR with a large number of training samples, like the time-
varying volumetric data. Based on the above observations, to tackle
this challenge and enhance convergence speed, we must minimize the
size of the training data, thereby improving the convergence speed per
epoch. The x, y, and z dimensions of each time step are normalized
to range [−1,1]. The key frame detection methods [17, 38, 50] are
used to detect key frames that display critical evolutionary events in
chronological order. Fig. 2 summarizes the key steps of processing
the raw time-varying volumetric data with n key frames to select a
representative coreset for training.

Feature Extraction: First, the time-varying features for each key
frame, from time step t0 to tn−1, are extracted from the respective
normalized input volume by specific feature extraction methods. We
considered three common types of time-varying features [1]: Spatial-
first features, Temporal-first features, and 4D features. For time step tk,
the extracted feature, fk, is in the form of a bag of vertices where each
vertex is the corresponding sample in the volume.

Feature Dilation: During the visualization stage, volume rendering
algorithms require value and gradient queries of samples on the rays
shooting from pixels of the visualization image. The sample on the
off-grid location needs to be interpolated from the eight corners of
the cell containing the sample. Therefore, it is necessary to include
the neighboring vertices of fk as a comprehensive feature region dk to
ensure an accurate interpolation on the boundary. The feature dilation



(a) Interval Features (b) Isosurface Feature (c) Segmentation Feature

Fig. 3: Occupancy grid (red empty squares) extraction for three types of
Spatial-first time-varying features, interval, isosurface, and segmentation.
The black boundary around each feature is the region of dilation.

performs an efficient search for neighboring vertices through a hash-
based dictionary data structure. An occupancy grid, which will be
used during rendering for acceleration, also needs to be extracted in
this step. The detailed usage of the occupancy grid is discussed in
Sec. 3.3. Fig. 3 demonstrates how the occupancy grid is derived for
various time-varying features. The occupancy grid has the same spatial
dimension as the individual volume. The value of its voxel is set to 1
if dk intersects with the voxel or 0 otherwise. The occupancy grid is
stored as bits to minimize its memory footprint. Morton linearization is
used to map the voxel to a 1D vector of bits for spatial locality. When
rendering multiple features encoded by F-Hash, multiple occupancy
grids can be merged to optimize the overall rendering performance.

Bounding Box and Temporal Fusion: The range of dk in x, y,
and z dimensions forms a bounding box bk. Temporal fusion finds
the minimal superset (coreset) of all the bounding boxes across time.
We name this bounding box as Feature Bounding Box (FBB). FBB is
critical in two aspects: 1) FBB contains the coreset of training samples
for F-Hash. 2) The spatial multi-resolution configuration is derived
from FBB. Detailed configuration policy is discussed in Sec. 3.2.

Position Translation and Scaling: Position translation shifts the
sample coordinate in bk from the original coordinate system to the
coordinate system of FBB. The new x, y, and z coordinates of each
vertex in bk are calculated as:

bT
k .x/y/z = bk.x/y/z−OriginFBB.x/y/z (1)

where OriginFBB is the centroid coordinate of FBB in the original
coordinate system. Then we do position scaling to scale the coordinates
of samples within FBB to the range of [−1,1]:

bT S
k .x/y/z = bT

k .x/y/z× (
2

SizeFBB.x/y/z
)−1 (2)

where SizeFBB.x/y/z is the size of FBB on the x, y, or z dimension.
Time Step Concatenation: We concatenate the time step to corre-

sponding samples in bT S
k to construct 4D training samples ck, which is

composed of input ([t,x,y,z]) and label (v) pair. The final coreset for
training is constructed by:

Coreset =
n−1⋃
k=0

ck, ck = [tk, bT S
k ] (3)

It is worth noticing that not all the samples in the FBB are in the
coreset for training. A more aggressive method of defining the coreset
is to only consider the regions where features are present. This results
in irregularly shaped multi-resolution embedding grids instead of rect-
angular prism grids. Although this method generates an even smaller
coreset and reduced model size through fewer encoding parameters,
it introduces a significant computational bottleneck in looking up the
hash table due to the arbitrary shape of the embedding grid and its
large number of entries. We experiment with implementations using
both a hash-based dictionary data structure and a parallel library of
PyTorch tensor Argmax, and the results show a significant degradation
in training time due to the hash lookup overhead.

3.2 Multi-Resolution Tesseract Encoding Design

In this section, we detail the design of the proposed multi-resolution
Tesseract encoding, which has a grid-based parametric encoding struc-
ture. While most input encoding research papers use “feature” to name
the high-dimensional vectors within the encoding grid, we instead
use the term “embedding” to prevent confusion with the time-varying
features.

3.2.1 Spatial Multi-Resolution Configuration:

We derive the spatial-only multi-resolution configuration for x, y, and
z dimensions from the FBB because it provides a compact spatial
distribution and a minimal upper bound of the resolution needed. We
use the native resolution of FBB (Sx,Sy,Sz) as the level with the highest
resolution (level 1) for all dimensions.

Res1
x = Sx, Res1

y = Sy, Res1
z = Sz (4)

The native number of levels for each dimension is determined by:

Lx = ⌈log f Sx⌉, Ly = ⌈log f Sy⌉, Lz = ⌈log f Sz⌉ (5)

where f is the fold parameter with an integer value starting from 2. The
shared number of resolutions Ls is the maximum of the three:

Ls = max(Lx, Ly, Lz) (6)

The resolution with a level l greater than 1 is iteratively determined
by the resolution of the previous level:

Resl =

{
⌈Resl−1

f ⌉ if Resl−1 > f
Tail(l) otherwise

, l ∈ {2,3, . . . ,Ls −1} (7)

Tail(l) =

{
2 if l ≤ Ls

stop otherwise
(8)

A higher f gives a larger resolution difference between neighboring
levels, resulting in a smaller number of resolution levels. Since the
size of FBB on x, y, or z dimensions can be different, we pad the
smaller dimension with the minimal resolution, which is 2, at the tail to
save encoding parameters while still aligning the number of resolution
levels as ls. Compared with existing MHE-based methods using evenly
partitioned resolutions across levels, our method has several advantages:

• Our method divides the resolution of the current level by a fold
parameter to calculate the resolution of the next level. Our policy
of configuring resolutions requires fewer encoding parameters when
having the same number of resolution levels as MHE.

• For a specific resolution level, resolution remains identical across the
dimensions in grid-based input encoding methods like MHE. F-Hash
determines the resolution of each dimension independently, resulting
in a smaller number of encoding parameters when handling rectan-
gular cuboid volumetric frames with unequal edge lengths. Fig. 4
shows an example comparing the number of encoding parameters
when handling 2D rectangle grids with a high aspect ratio.

• For various resolution levels, the MHE hash tables for different
resolution levels share the same size, even though the embedding
grid becomes smaller for lower resolution levels, resulting in bucket
waste in those levels. The hash tables of F-Hash are resolution-
dependent, scaling their sizes proportionally with the embedding grid
size of the current resolution level.

• In MHE, the number of resolution levels and their respective reso-
lutions are predefined hyperparameters that require manual tuning.
In contrast, our approach automatically optimizes those parameters
from the spatial information of the time-varying feature of interest.



Fig. 4: Multi-resolution configuration of Grid-based methods and F-Hash
on grids with high aspect ratio.

Fig. 5: Comparison between MHE and F-Hash on collision and bucket
waste performance in an example with 4 resolution levels.

3.2.2 Temporal Multi-resolution Configuration

In order to expand the input encoding to higher dimensional data than
3D spatial volume, we propose multi-resolution Tesseract encoding
with temporal dimension to directly model time-varying volumetric
data. Due to the dynamic changes over temporal dimension and arbi-
trary length of time sequences, we need to treat temporal dimension
independently to 3D spatial dimensions. In order to minimize the total
number of encoding parameters, as mentioned in Sec. 3.1, we utilize
key frame extraction methods to select the time steps of the informa-
tive frames where critical evolutionary events happen. We then apply
a similar spatial resolution policy to configure the resolution on the
temporal domain using fold. In real-world scenarios, compared to the
size of spatial dimensions, the range of the temporal dimension of the
key frames is much smaller, and the padding of 2 is normally needed at
the tail of temporal resolution levels.

3.2.3 Hash Function Design

The proposed feature-based hash function (F-Hash) is to map each
corner position of Tesseract embedding grid into a bucket in the hash
table. The main goals of the design include no hash collision, no
bucket waste, and fast looking up. Compared with existing multi-
resolution hash encoding methods, the proposed F-Hash meets all the
requirements, making it a more capable input encoding solution. Our
F-Hash utilizes simple linearization to map 4D coordinates to the hash
table index. This enables a single look-up to retrieve the mapping for
all 16 corners of the Tesseract through simple shifting. The bucket
index of an embedding grid corner (t,x,y,z) of resolution level l can be
calculated by:

F-Hashl(t,x,y,z) = t ×Resl
x ×Resl

y ×Resl
z + z×Resl

x ×Resl
y + y×Resl

x + x (9)

MHE uses a simple spatial hash function [41], which presents in-
evitable collision on lower resolution levels and bucket waste on higher
resolution levels as shown Fig. 5. F-Hash is a bijective minimal per-
fect hash function (MPHF) without collision and bucket waste, en-
abling more accurate modeling with more compact encoding param-
eters. Fig. 6 demonstrate the F-Hash mapping from the neighboring
embedding cells to the hash table entries for each resolution level. Other
linearizations like Morton and Z-order can also be used to construct
F-Hash with preserved locality.

Fig. 6: Hash function design for mapping the multi-resolution Tesseract
embedding grid to hash buckets of resolution level n.

Fig. 7: Multi-Resolution Tesseract Encoding. For the given input
(t,x,y,z), the neighboring time steps from level 1 to level 3 are, [tk+3, tk+4],
[tk+2, tk+4], and [tk, tk+4]. Embedding cells are color-coded for each reso-
lution level.

3.2.4 Input Encoding
The encoding steps for the proposed multi-resolution Tesseract encod-
ing consist of the following steps:

1. Locate neighboring time steps: The input, (t,x,y,z), needs to
find its neighboring time steps across the temporal dimension for each
resolution level according to t. We name the time step before and after t
as tPrevious and tNext . Fig. 7 shows the embedding grids of the proposed
Tesseract encoding with three spatial resolution levels.

2. Locate embedding cells: Once the neighboring time steps are
found, the embedding cells need to be located from the embedding
grid at tPrevious and tNext for each resolution level. The embedding
grid of each resolution level is a cube covering a range of [−1,1] for
each dimension. The embedding cell is the smallest unit for a specific
resolution level containing the input location (x,y,z).

3. Look up embedding vectors: Each of the eight corners of the
embedding cell is mapped to an embedding vector through the proposed
F-hash described in Sec. 3.2.3. There are 16 embedding vector in total
for both the embedding cells at tPrevious and tNext .

4. Interpolate embedding vectors: A quadrilinear interpolation
across both spatial and temporal is performed for an aggregated em-
bedding vector V for each resolution level. The spatial trilinear interpo-
lation is performed first within the embedding cells, followed by the
linear interpolation across the temporal dimension:

V Previous(x,y,z) =
1

∑
i=0

1

∑
j=0

1

∑
k=0

V Previous
i jk · xi(1− x)1−i · y j(1− y)1− j · zk(1− z)1−k (10)

V Next (x,y,z) =
1

∑
i=0

1

∑
j=0

1

∑
k=0

V Next
i jk · xi(1− x)1−i · y j(1− y)1− j · zk(1− z)1−k (11)

V (t) =
tNext

∑
l=tPrevious

V l · t l(1− t)tNext−l . (12)

All aggregated embedding vectors V from all resolution levels are
concatenated to form the high-dimensional input for the downstream
MLP. Fig. 8 demonstrates the interpolating process. To accelerate
rendering in volumetric neural representations, a shallow network (with
only one or minimal hidden layers) is used instead of a deep architecture.
This reduces training and inferencing time significantly because the
embedding grid encoding offloads the geometric complexity from the
network, allowing a lightweight model to represent complex data. All



Fig. 8: Quadrilinear interpolation.

Algorithm 1 Time-varying volumetric neural representation rendering
pipeline using sample streaming with Adaptive Ray Marching (ARM)
Input: Time Step (t), View, Transfer Functions(TF), and Trained INR
Output: Visualization image

1: N f = 0 ▷ Finished samples
2: R = getRays(view)
3: if N f <= Rmax then
4: Na = getAliveRayNum()
5: if Na == 0 then ▷ When all rays finished
6: Break
7: else
8: Ns = max(min(Nr/Na,64),1) ▷ Adjust Marching Pace
9: N f+= Ns

10: S = getSamples(Ns,OccupancyGrid) ▷ Sample streaming
11: S = t∥S ▷ Concatenate time step
12: V = model(S) ▷ Inference F-Hash INR
13: RGBA = applyT F(V,T F)
14: compositing(RGBA)
15: updateAlive()
16: end if
17: end if

the embedding vectors of Tesseract grids are initialized by uniform
initialization before training.

3.3 Rendering

We implement a time-varying volume visualization algorithm to di-
rectly render the INR modeled through F-Hash. We design the ren-
dering pipeline using a similar idea of sample streaming method [46]
for visualizing volumetric neural representation. We further improve
the algorithm by adding an adaptive ray marching (ARM) algorithm to
optimize thread usage on GPU for reduced rendering latency. The idea
of ARM is to efficiently utilize the GPU threads by increasing the ray
marching pace over time as more rays get finished. Algorithm 1 details
the rendering algorithm. Our renderer supports popular visualizations
for time-varying volumetric datasets, including feature tracking and
evolution visualization. The occupancy grid derived from the coreset
selection step is used to accelerate the rendering by skipping the empty
space. Super-resolution in the temporal domain is also supported. For
a given unseen time step, a linearly interpolated occupancy grid for
the specific time step is first calculated. Then, the trained INR can
be directly inferenced for rendering. Since the INR is trained on the
key frames, which cover all the critical evolutionary changes, the inter-
polated occupancy grid remains consistent with adjacent key frames.
Although training INR with input encoding is fast, the convergence
time of online training on time-varying volumetric data is still relatively
long for interactive visualization. Therefore, our rendering pipeline
needs a pre-trained INR before visualization.

(a) Prediction accuracy (IE) (b) Model parameter size (IE)

(c) Prediction accuracy (HP) (d) Model parameter size (HP)

Fig. 9: Prediction accuracy (the 10th iteration, results of more iterations
can be found in Appendix) and model parameter size evaluation. (a)
and (b) are results of input encoding (IE) configuration with different
folds/resolution levels (RL) and embedding size. (c) and (d) are results
of Hyperparameter (HP) configuration with different numbers of layers
and number of neurons per layer.

Table 1: Training time under different input encoding configurations.

Training Time (Minutes) ↓ Embedding = 1 Embedding = 2 Embedding = 4 Embedding = 8

Fold = 2 (Res lvl = 8) 8.4 16.8 33.7 67.3

Fold = 4 (Res lvl = 4) 7.9 15.7 31.4 62.9

Fold = 6 (Res lvl = 3) 7.8 15.6 31.3 62.6

4 ABLATION STUDY

4.1 Input Encoding Configuration
The proposed embedding grids learn both the geometric and temporal
dynamics of the time-varying data. We evaluate the following two key
configurations of the input encoding: 1) Fold Parameter: The fold
parameter determines the multi-resolution configuration. The default
fold is set to 2, providing the most number of levels and the highest
possible resolution on each level. Larger fold values give a smaller
number of levels with lower resolution for subsequent levels, except
for level 1. 2) Embedding Size: The embedding size determines the
number of embedding weights assigned for each corner of the Tesseract
grid. A larger embedding size results in a higher dimension of the
input encoding for the downstream MLP. We fix the MLP parameters
(number of MLP layers = 2, number of neurons per layer = 64) while
exploring the input encoding parameter space for modeling the Argon
Bubble dataset. As Fig. 9a shows, using a smaller fold or a larger
embedding size gives better training accuracy per training iteration and
improves convergence speed. Fig. 9b shows that changing the embed-
ding size will change the size of both the encoding parameter and the
MLP parameters more dramatically than changing the fold parameter,
resulting in a larger INR. A similar correlation can be observed in Tab. 1
on training time, where increasing the embedding size significantly
prolongs the training duration. This is because the embedding size will
linearly increase the total number of trainable parameters of the INR,
requiring more gradient computation and updates during backpropaga-
tion and therefore increasing the per-iteration training time. The last
subfigure of Fig. 9b also shows the respective compression ratio using
various folds and embedding sizes when encoding the Argon Bubble
dataset with 9 key frames. Based on our observations, we set both the
fold parameter and embedding size to 2 to achieve high accuracy while
maintaining a moderate model size and reasonable training time.

4.2 Hyperparameter Tuning
Together with the embedding grids, the downstream neural network,
as shown in Fig. 8, will predict the value at the query spatial-temporal
location from the high-dimensional input encoding. We evaluate the



Table 2: Time-varying datasets information of variable, resolution, and
size. Intensity, Angular, and MixFrac variables are selected as the volu-
metric scalar fields of each dataset for the experiment.

Dataset Variable Resolution (X ×Y ×Z)×T Data Type Size

Combustion CHI/HO2/OH/MixFrac (200×172×54)×136 float32 0.94 GB

Argon Bubble Intensity (1282 ×256)×241 float32 3.77 GB

Supernova Angular/Entropy (2163)×136 float32 5.11 GB

following two key hyperparameters of the network: 1) Number of
MLP Layers: The number of MLP layers determines how deep the
neural network is. A deeper network is better for hierarchical feature
learning, but harder to train. 2) Number of Neurons per Layer: The
number of neurons per layer determines the learning capability of the
network. A wider network (more neurons per layer) can approximate
simple functions efficiently. We fix the input encoding parameters
(fold = 2, embedding size = 2) while exploring the MLP parameter
space for modeling the Argon Bubble dataset. As shown in Fig. 9c,
adding more layers to the MLP slightly improves training accuracy per
iteration. While increasing the number of neurons in the lower range
improves training accuracy, it diminishes in the higher range. As shown
in Fig. 9d, although adding more neurons causes the MLP to grow
exponentially, this doesn’t substantially affect the total INR size since
the input encoding accounts for the most parameters. Adjusting the
MLP’s depth and width has minimal impact on training time, with all
configurations completed in approximately 39 minutes. The proposed
Tesseract embedding grid effectively captures both spatial and temporal
characteristics through a high-dimensional encoding, enabling a shal-
low MLP to accurately model the time-varying volumetric data. We
select the number of MLP layers as 2 and the number of neurons per
layer as 64 for our experiments.

5 EXPERIMENTS AND EVALUATION

5.1 Experimental Setup

5.1.1 Datasets

For quality and performance evaluation, we select 3 large-scale time-
varying volumetric datasets with distinct spatial and temporal features
collected from diverse domains. Detailed information is listed in Tab. 2.
The variables we used in our experiment are MixFrac from the Combus-
tion dataset, Intensity from the Argon Bubble dataset, and Angular from
the Supernova dataset. The spatial ranges of x, y, and z dimensions
of each time step volume of all datasets are normalized within [−1,1].
The values of each dataset are normalized across the 4D domain within
the range [0,1]. There are 10, 9, and 10 key frames extracted for the
respective Combustion, Argon Bubble, and Supernova datasets.

5.1.2 Evaluation

The experiments are designed to investigate input encoding methods
from two aspects: convergence performance during training and model
performance during rendering. PSNR and SSIM are used to evaluate
the reconstruction accuracy. For convergence evaluation, we use con-
vergence time and training time. We select representative time-varying
visualization tasks from the literature reviews [2, 18] for a comprehen-
sive evaluation of the practicality and viability of our method. We select
the mainstream time-varying volume visualization techniques including
Spatial-first Feature Tracking (Interval, Isosurface, and Segmentation
features) and Evolution Visualization (Animation). The interval feature
is extracted by selecting samples with values within a range of inter-
est. The isosurface features represent the samples of constant value.
The segmentation features represent foreground elements extracted
from a 3D background space. Evolution visualization is to provide a
meaningful overview through the visual dynamics over time. We com-
pare our method with recent parametric-based input encoding works,
which are Dense Grid Single-Resolution Encoding (DG Single-Res) [6],
Dense Grid Multi-Resolution Encoding (DG Multi-Res) [10], a Pytorch
implementation of Multi-resolution Hash Encoding (MHE) [27], and
Multi-resolution Hash Encoding accelerated by fully fused MLP [28]

(a) Interval (b) Isosurface (c) Segmentation

Fig. 10: Convergence speed for training the INR using different input
encoding methods for various features of the Argon Bubble dataset.

(a) Interval (b) Isosurface (c) Segmentation

Fig. 11: Convergence visualization for the Argon Bubble dataset.

through Tinycudann framework (MHE Tinycudann). We exclude the
frequency-based encoding methods for their suboptimal performance.

5.1.3 Training
The INRs with input encoding are trained using the PyTorch software
stack to accelerate the training and inferencing performance on a single
NVIDIA RTX A6000 GPU. The Adaptive Moment Estimation (Adam)
optimizer is used with an initial learning rate of 0.01 for all the ex-
periments. The training stops at the 60th epoch/iteration. Although
using a relatively small batch size makes the training faster, the loss
curve will dramatically oscillate during the training due to the frequent
updates of local gradient descent, making the convergence comparison
through accuracy very random. However, a very large batch size slows
down the training dramatically. We use the batch size of 221 for all the
experiments to balance the training time and training accuracy.

5.2 Input Encoding Evaluation
5.2.1 Convergence Time
We train the INR using different input encoding methods and evaluate
convergence speed for visualizing three types of features: interval, iso-
surface, and segmentation. The embedded Tesseract grid design enables
F-Hash to represent time-varying volumetric data as a unified neural
representation, unlike other input encoding methods that require sepa-
rate modeling of each key frame. We track the training time until the
60th iteration for each method and evaluate the convergence progress
based on the average reconstruction accuracy of the visualization image
generated from all key frames for each feature. Fig. 10a shows how fast
each method converges in terms of PSNR and SSIM as the training goes
on for the interval feature of the Argon Bubble dataset. F-Hash is signif-
icantly faster (reaching high PSNR/SSIM quickly) than other methods
that finish the training roughly around the same time. Similar results
can be observed in the isosurface (Fig. 10b) and segmentation (Fig. 10c)
features. For the smaller Combustion dataset, all the methods can finish
the training faster, as shown in Fig. 12. Due to the more complicated
spatiotemporal structure of the dataset, other methods struggle to con-
verge under 60 epochs, while F-Hash demonstrates superior efficiency
in learning dynamic features. While the Supernova dataset, being both
the largest and most dynamic, presents challenges for all methods in
achieving high accuracy compared to the other two datasets, F-Hash
still outperforms the other input encoding methods as shown in Fig. 14.
The reasons for the observation are: 1) F-Hash’s coreset selection re-
duces the total number of training samples, resulting in fewer batches
for each training iteration. 2) The proposed multi-resolution Tesseract
embedding grid is capable of learning complex spatiotemporal features
with a smaller number of trainable encoding parameters, resulting in



(a) Interval (b) Isosurface (c) Segmentation

Fig. 12: Convergence speed for training the INR using different input
encoding methods for various features of the Combustion dataset.

(a) Interval (b) Isosurface (c) Segmentation

Fig. 13: Convergence visualization for the Combustion dataset.

faster backpropagation during training. 3) Our design of Tesseract
embedding grid jointly considers both spatial and temporal information,
providing a more informative high-dimensional representation for the
MLP to learn. Fig. 11, Fig. 13, and Fig. 15 provide visualizations of
convergence through the generated rendering image for each feature
of the three datasets, which provides an informative insight about how
each input encoding method prioritizes which region of data to con-
verge first. The two MHE methods converge from the regions with a
lower value range, and the MHE with Tinycudann is more efficient in
capturing high-frequency details. The DG Multi-Res tends to converge
on a more global region, while the DG Single-Res starts by converging
regions with more random locations. F-Hash can quickly converge
for the entire feature from global to detailed regions. The qualitative
evaluation of the convergence time for a given reconstruction accuracy
is detailed in the left-hand side of the Tab. 3. For all selected levels of
PSNR accuracy (20, 30, and 40 dB), F-Hash is the fastest to converge.

5.2.2 Number of Parameter

The configuration of each input encoding method while modeling
different datasets is listed on the right-hand side of Tab. 3. The fold
parameter of F-Hash is set to 2 for all the experiments for the highest
modeling capacity. MHE-based methods adjust the hash table size
to match the volume size of the frame. The number of resolution
levels also increases when handling larger time-varying volumetric
data. Since the FBB is adaptive to the specific feature, enabling efficient
encoding through dynamic adjustment of the number of input encoding
parameters when handling interval, isosurface, or segmentation features.
As a result, F-Hash has the least number of input encoding parameters
and achieves the shortest convergence time for all testing datasets.

5.3 Performance Evaluation
5.3.1 Reconstruction Accuracy

In this evaluation, we let all input encoding methods finish for the
same number of iterations (30th) and compare their performances on
reconstruction accuracy and training time. We use the popular evolution
visualization as the time-varying visualization task on the segmentation
feature. Fig. 16 demonstrates a visual comparison of reconstruction
accuracy of frames over time for the three testing datasets. More
frames are shown in Fig. 1 with convergence speed up for 30 dB
PSNR and encoding parameters reduction. F-Hash achieves the highest
reconstruction accuracy compared to other input encoding methods
while maintaining a short training time. Quantitative measurements
of average PSNR/SSIM across frames and training time are listed in

(a) Interval (b) Isosurface (c) Segmentation

Fig. 14: Convergence speed for training the INR using different input
encoding methods for various features of the Supernova dataset.

(a) Interval (b) Isosurface (c) Segmentation

Fig. 15: Convergence visualization for the Supernova dataset.

Tab. 4. We can observe that, together with the model size, the size of
the F-Hash feature region (coreset) plays a key role in determining the
training time. A larger feature region tends to have a longer training
time due to the large number of training samples in the coreset.

5.3.2 Compression
Since only a subset (key frames) of the total frames are considered
to construct the INR. The trained INR also performs a compression
to the original large-scale time-varying volumetric data. The com-
pression ratio of F-Hash is the highest among all the input encoding
methods as listed in the left-hand side of Tab. 5. However, compared
with specialized volume compressors like the state-of-the-art learning-
based compression methods, NeurComp [22]1, and lossy compression
methods, SZ3 [20]2 and TTHRESH [3]3, F-Hash falls short of these
approaches in compressing large-scale volumetric data.

5.3.3 Rendering
We also evaluate the rendering latency using our proposed ARM meth-
ods. We measure the average rendering time of generating a visualiza-
tion image from a random view on a specific frame during an evolution
visualization task. Since only the F-Hash encoded INR supports super-
resolution, for a fair comparison, only the key frame is rendered. Tab. 6
shows the rendering latency across all input encoding methods. We
can see that inferencing F-Hash encoded INR is faster with the help of
an occupancy grid and a smaller model size. Using ARM can further
reduce the rendering latency of the sample streaming algorithm, giving
a better performance for interactive visualization.

6 LIMITATIONS AND FUTURE WORK

In this work, we propose an efficient encoding architecture that greatly
enhances the convergence speed of training implicit neural networks
for time-varying volumetric data. Our experiments demonstrate that
F-Hash achieves the fastest convergence speed with more efficient
use of encoding parameters compared with existing input encoding
methods. The proposed input encoding design is easy to adapt for
applications utilizing INR. Recent INR-based research in compression,
visualization, and super-resolution can benefit from our multi-resolution
Tesseract encoding to improve the convergence speed of modeling time-
varying volumetric data. Our method can also be extended to other
spatiotemporal data types, including video data, weather/climate data,
and geospatial time series. The limitations of the work include: 1)
While F-Hash achieves state-of-the-art convergence speed, its training
time remains relatively slow to realize online training due to the large
size of the time-varying data. 2) The current compression performance
of F-Hash is not as good as existing learning-based compressors or other

1https://github.com/matthewberger/neurcomp
2https://github.com/szcompressor/SZ3
3https://github.com/rballester/tthresh



Table 3: Left is the convergence time measurement. The budget of the maximal training iteration allowed is set to 60. If a method can’t reach a
specific PSNR within the training budget, the time is marked as Not Reached (NR). On the right, the first two rows are the encoding configuration,
while the last row is the number of parameters in mebi-unit (M).

Dataset PSNR
Convergence Time (min) ↓ Encoding Configuration / Parameter Size (M) ↓

MHE MHE Tinycudann DG Single-Res DG Multi-Res F-Hash MHE MHE Tinycudann DG Single-Res DG Multi-Res F-Hash
Int Iso Seg Int Iso Seg Int Iso Seg Int Iso Seg Int Iso Seg Int Iso Seg

Combustion
20 dB 33.2 51.9 31.7 24.3 54.7 45.6 37.4 46.3 35.9 29.0 39.7 25.9 1.0 2.2 1.2 Hash table size = 220 Hash table size = 220 Fold = 2 Fold = 2 Fold = 2

30 dB NR NR NR 83.6 NR 86.6 NR NR 67.2 83.9 NR 58.0 4.2 5.0 2.0 Res level = 6 Res level = 6 Res level = 6 Res level = 6 Res level = 6 Res level = 6 Res level = 6

40 dB NR NR NR NR NR NR NR NR NR NR NR NR NR 7.4 2.9 120.0 M 45.8 M 45.0 M 51.5 M 16.1 M 17.4 M 24.2 M

Argon Bubble
20 dB 22.6 30.2 30.2 21.2 23.2 23.1 37.5 44.4 46.1 16.6 14.5 14.5 2.2 1.1 1.1 Hash table size = 221 Hash table size = 221 Fold = 2 Fold = 2 Fold = 2

30 dB NR NR NR 28.9 32.8 26.9 61.4 59.7 59.7 29.0 29.0 27.0 3.4 3.1 2.2 Res level = 7 Res level = 7 Res level = 7 Res level = 7 Res level = 6 Res level = 7 Res level = 7

40 dB NR NR NR 48.2 73.2 36.6 80.2 63.1 68.3 43.6 49.8 35.3 4.8 5.9 3.4 252.0 M 77.2 M 72.0 M 82.3 M 16.7 M 19.5 M 19.7 M

Supernova
20 dB 163.7 147.3 135.1 52.6 68.7 40.4 190.4 190.3 186.4 134.3 134.3 126.2 2.1 2.1 1.6 Hash table size = 223 Hash table size = 223 Fold = 2 Fold = 2 Fold = 2

30 dB NR NR 237.4 NR NR 137.5 NR NR NR NR NR 179.1 7.4 10.0 2.6 Res level = 7 Res level = 7 Res level = 7 Res level = 7 Res level = 8 Res level = 8 Res level = 8

40 dB NR NR NR NR NR NR NR NR NR NR NR NR NR NR 5.8 1120.0 M 205.8 M 135.0 M 154.3 M 108.2 M 86.9 M 107.7 M

(a) Combustion (b) Argon Bubble (c) Supernova

Fig. 16: Evolution visualization using different input encoding methods. Reconstruction accuracy is labeled in the format of PSNR/SSIM for each
rendering. For the F-Hash, 3D feature region (FBB) for each datasets are labeled as the gray bounding boxes with dimension of 80× 83× 204,
200×110×54, and 156×183×185, which takes 63.95%, 32.30%, 52.41% of the Combustion, Argon Bubble, and Supernova frame volume.

Table 4: Measurements of average PSNR/SSIM across frames and
training time.

Dataset Avg PSNR (dB) ↑ / Avg SSIM ↑/ Training Time (min) ↓
MHE MHE Tinycudann DG Single-Res DG Multi-Res F-Hash

Combustion 18.9 / 0.818 / 43.4 23.7 / 0.906 / 45.7 20.2 / 0.829 / 44.8 20.5 / 0.850 / 45.9 47.1 / 0.994 / 7.4

Argon Bubble 22.3 / 0.862 / 56.5 28.3 / 0.987 / 57.9 23.9 / 0.908 / 51.1 35.6 / 0.987 / 62.3 64.6 / 0.999 / 8.5

Supernova 26.7 / 0.870 / 122.7 26.6 / 0.861 / 121.4 24.5 / 0.899 / 122.2 31.7 / 0.941 / 118.8 38.7 / 0.986 / 15.7

Table 5: Compression ratio of different input encoding methods, and
specialized compression methods with ≥ 45dB average frame PSNR.

Dataset MHE MHE DG DG F-Hash NeurComp SZ3 TTHRESHTinycudann Single-Res Multi-Res Int Iso Seg

Combustion 1.9× 3.5× 5.1× 4.5× 14.3× 13.2× 9.5× 1407.3× 51.4× 1023.3×

Argon Bubble 3.7× 6.2× 12.8× 11.2× 55.2× 47.1× 46.8× 1223.8× 54.6× 1107.4×

Supernova 1.1× 2.4× 9.2× 8.1× 11.5× 14.3× 11.6× 1371.2× 61.7× 1240.3×

lossy compressors. 3) The dimension of the coreset (FBB) becomes
closer to the input volume when the features of interest are spatially
distant across frames, although this is rare in real-world scenarios,
leading to longer training time. Future work can explore the various
aspects of the architecture. The existing fold parameter is predefined,
a data-adaptive approach could optimize these parameters, thereby
further reducing the required encoding parameters. We also want to
further optimize the coreset selection step to construct a more compact

Table 6: Average rendering latency.

Dataset Sample Streaming/ Sample Streaming + ARM (ms)
MHE MHE Tinycudann DG Single-Res DG Multi-Res F-Hash

Combustion 385.4 / 253.5 211.1 / 136.6 144.5 / 97.1 165.2 / 110.9 77.6 / 53.8

Argon Bubble 898.5 / 592.4 531.5 / 351.9 256.9 / 168.8 293.6 / 192.4 63.01 / 43.4

Supernova 3592.5 / 2367.5 1686.1 / 1112.6 432.8 / 284.6 494.8 / 326.6 345.3 / 228.1

feature region with a fast look-up from the embedding entry to the hash
bucket.

7 CONCLUSION

In this work, we present F-Hash, a novel feature-based multi-resolution
Tesseract encoding achieving state-of-the-art convergence speed for
training an INR for time-varying volumetric data. Our encoding method
is a unified encoding solution for various time-varying features. We
validate the proposed architecture through comprehensive qualitative
and quantitative experiments on three large-scale time-varying volumet-
ric datasets. The proposed adaptive ray marching algorithm improves
the rendering latency of visualizing time-varying volumetric neural
representation. Our input encoding method can empower a wide range
of applications leveraging implicit neural representation for efficient
training from complex and multi-dimensional data.
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