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Figure 1. Various representations of video. (Left): Explicitly represent video as sequences of frames (e.g. HEVC [47]). (Middle):
Implicitly represent video as neural parameters (e.g. NeRV [4], HNeRV [5], E-NeRV [29]). (Right): Proposed implicit representation for
video as a collection of 3D Gaussians.

Abstract

We introduce Gaussian representations for videos
(GaRV), a novel video encoding and decoding scheme
based upon 3D Gaussians. Unlike traditional representa-
tions, which encode videos as sequences of frames, or neu-
ral representations, which encode videos within the weights
of a neural network, we encode videos as a collection of
3D Gaussians within a space-time volume. The key advan-
tage of our approach is that it enables efficient and flexible
rasterization-based video decoding. With a slight drop in
overall compression rate, GaRV offers an 8-50× improve-
ment in decoding time and 2.5-15× reduction in GPU mem-
ory compared with neural counterparts. Existing Gaussian
video techniques require 2-30× more disk space, while also
using more GPU resources than GaRV. Moreover, GaRV
offers unique flexibility in how and when pixels are de-
coded: One can non-sequentially decode frames/regions
without penalty and can selectively decode regions at high-
resolution to enable low-cost foveated video decoding.

1. Introduction
Data can be thought of as the observed values of an under-
lying function. Recovering this function can enable novel

*Work done during internship at Dolby Laboratories.

applications since we can query at unobserved values. 2D
Images belong to the family of functions with spatial coor-
dinates ∈ R2 as input and color ∈ R3 as output, where we
observe the output at pixel-aligned coordinates. 3D Scenes
can belong to a function family mapping spatial coordinates
∈ R3 to a density ∈ R and color ∈ R3. 2D Video can
either belong to a function family mapping spatial coordi-
nates ∈ R2 and time ∈ R to color ∈ R3 or mapping only
time ∈ R to a full-frame RW×H×3. Finding these functions
given limited data is an inherently ill-posed problem. There
is some probability the unobserved values are random and
usually no simple function family parametrization.

As shown in Figure 1, there are many possible function
families for video. Before the digital era, video was sim-
ply an analog sequence of discrete frames. As digital video
gained popularity, the need for more efficient representa-
tions quickly arose. Since each frame is not substantially
different, we can exploit spatial and temporal similarities
to reduce file sizes. After decades of hand-designing, we
have formats such as HEVC [47] and AV1 [15], which push
the boundaries of compression efficiency. Although these
formats excel at what they were designed for — video com-
pression — they become inflexible for downstream applica-
tions since they rely on multiple frames for decoding.

Recently, based on the idea that neural networks are
“universal function approximators” [19], neural networks
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have been proposed as a function family which can pro-
duce sufficiently reasonable outputs for unobserved inputs.
These ‘implicit neural representations’ (INRs) can be fit
on data, such that the finalized network weights implicitly
represent their data. In the context of 2D imagery, neu-
ral networks can predict the color value of a spatial coor-
dinate [43, 45]. Unlike pixel-explicit counterparts, these
network representations can produce ‘super-resolved’ im-
agery by evaluating the network at non-pixel aligned val-
ues. In the context of 3D scenes, neural networks can pre-
dict the color intensity of a point along a ray such that a
ray-tracer querying the network would produce a view of
the scene [32]. Unlike explicit counterparts like meshes,
this representation can easily be formed from a collection of
views instead of requiring a skilled 3D artist. In the context
of 2D video, neural networks can predict the color values of
full 2D-frames [4]. Unlike pixel-explicit counterparts, these
network representations can interpolate between frames.

Although these methods excel in information recovery,
they are often too slow or resource intensive for extracting
content. Recently, using a more constrained function fam-
ily (a weighted mixture of Gaussians) has shown promise
at achieving similar quality while being significantly faster
to decode data by sacrificing disk space. The function is
formed as f(x) =

∑
i cipi (x | µ,Σ), where pi is the prob-

ability density function and ci is the weight of the ith Gaus-
sian. The mean µ, covariance Σ, and weights are the learn-
able parameters to represent the input data. Most notably is
3D Gaussian Splatting (3DGS) [23], an alternative to NeRF,
that uses 3D Gaussians to represent 3D objects. More re-
cently, 2D Gaussians have been proposed for image com-
pression with 1000 FPS decoding — GaussianImage [60].

However, while they show great promise at represent-
ing 3D and 2D scenes, existing Gaussian representations
are ill-suited for representing video. GaussianImage [60]
does not contain enough capacity to capture the time dimen-
sion. In theory 3DGS has enough dimensions, however, ex-
isting methods require “splatting” Gaussians onto the cam-
era plane, losing the extra dimension. Recent work extends
3DGS to dynamic 3D scenes [53, 58]. Applying these tech-
niques directly to single view video is difficult, not only be-
cause they require substantially more storage, but also be-
cause depth is ambiguous in single-view data. Concurrent
to our work, researchers have experimented with overcom-
ing this difficulty for fitting dynamic 3D Gaussian-based
representations to single-view video [3, 46, 48]. Although
successful in preserving frame quality, these methods sac-
rifice substantial disk space and rely on higher-order func-
tions, which limit their speed and decode flexibility.

Rather than forcing dynamic 3D Gaussian Splatting
frameworks to accommodate single-view data, our ap-
proach modifies static 3D Gaussians to directly represent
video instead of 3D scenes. This work answers the question:

Designed Once Video Optimized

Classical[47] Learned[27] Neural[4] Gaussian (Ours)

Encoding Fast Fair Slow Slow
Decoding Fair Slow Fair Very Fast
Disk Size Fair Low Fair Fair
Control Low Low Fair High

Table 1. Video representation trade-offs. Our representation
trades off disk-space for significantly faster decoding and flexibil-
ity than existing approaches.

Can 3D Gaussians alone efficiently represent 2D video?
Overall, our contributions are:
• We propose GaRV, a novel learned representation for 2D

time varying content through 3D Gaussians. Our method
includes an encoding method for fitting Gaussians and a
slice & rasterize decoder to recover 2D frames.

• Compared to implicit neural counterparts, GaRV is 8-
50× faster and uses 2.5-15× less memory while only
sacrificing marginal frame quality. GaRV also is 2-30×
smaller on disk than existing Gaussian video representa-
tions, while being 1.75-3.5× faster.

• GaRV shows promise at enabling new tasks such as spa-
tially variable resolution, as well as standard applications
such as compression, denoising, and interpolation.

2. Related Works

2.1. Traditional Video Compression

Hand-crafted video codecs have been developed over the
last two decades, methods such as MPEG [26], H.264 [51],
and H.265 [47] offer state-of-the-art compression ratios
while preserving frame quality. Their widespread popu-
larity has earned these methods hardware level support on
many devices to improve encoding and decoding efficiency.
In general, these approaches use an inter-frame mechanism
for encoding frames. Every few frames, a full key frame
is encoded, then every subsequent frame is stored as the
change from the previous frame until the next key frame.
This helps reduce temporal redundancies since most pixels
are relatively similar over time. These codecs have years
of human expertise built into them; however, deep learning
techniques have recently been proposed to further optimize
these approaches [28]. For example, [41] demonstrated the
ability to replace motion decoding with a learned neural net-
work to improve decoded frame quality. These approaches
show promise in improving the video compression ratio, but
require lots of data to generalize well and can be signifi-
cantly slower to decode than the hand-crafted counterparts.

Both approaches still have an explicit frame based rep-
resentation, which can limit downstream applications. For
example, since frames are reliant on prior decoded frames,
it remains challenging to leverage parallel decoding.
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2.2. Implicit Neural Networks for Video
Implicit neural networks have seen great success in a wide
range of domains such as 3D modeling [32, 50], image
compression [9, 43, 45], imaging through aberrations [11],
image-to-image translation [44], deformation representa-
tion [8], and medical imaging [33]. INRs have also been
proposed as a candidate for video representation [4]. In-
stead of designing a compression algorithm once, NeRV in-
stead describes a function family whose parameters can be
optimized per-video to represent frames. NeRV style INRs
opt to treat video as a function over time, with a full-frame
as output. Since its conception, numerous improvements
have been proposed [2, 5, 7, 13, 29, 40, 42, 49, 49, 52, 55,
56, 59, 61]. Of note, E-NeRV [29] proposes a decoupling
of spatial and temporal context to reduce redundant param-
eters. H-NeRV [5] observed index embedding was a key ca-
pacity limitation, so the authors proposed a hybrid approach
where frame embeddings can be learned. Lastly, Boosting-
NeRV [59] provides a general framework to improve the
performance of existing NeRV-style models.

One major application NeRV works target is video com-
pression [25]. Since INR parameter count becomes the
number of bits necessary to store a video, video compres-
sion turns into a model compression problem. NeRV can
also perform interesting downstream capabilities such as
frame interpolation, since the function can be evaluated at
any time [5]. Unfortunately, these INR methods require
large computations for decoding, making them impractical
on many devices. For instance, a 3M E-NeRV model [29]
requires more than 50K floating point operations per-pixel.

2.3. Gaussian Content Representations
Gaussian representations are making breakthroughs in in-
formation representation. Unlike INRs, Gaussian represen-
tations are explicit and significantly faster to decode in-
formation from. In the context of 3D scenes, 3DGS [23]
showed similar render view quality to Neural Radiance
Field methods [32], but with a fraction of the time needed
to render a single view. In the context of images, Gaus-
sianImage showed 3DGS can be streamlined with standard
compression ideas [60]. GaussianImage presents a compact
image codec with extremely fast decoding, while match-
ing quality of handcrafted codecs like JPEG as well as INR
methods. Recent works extend 3DGS to dynamic 3D
scenes captured with multi-view video through 4D Gaus-
sians [58] or dynamic 3D Gaussians according to a defor-
mation function [53, 57] or control points [20].

Researchers have proposed modifications to dynamic
3DGS to overcome the single-view ambiguity problem.
Splatter-a-Video [48] models video by moving 3D Gaus-
sians with a polynomial Fourier basis, and relies on large
motion and depth priors, which can easily fail for rapid
complex motion, texture-less regions, or out-of-domain

scenes. VeGaS [46] models video by moving 3D Gaussians
with a polynomial, and restricts Gaussians to be flat on a
plane to effectively remove depth. GaussianVideo [3] mod-
els video by moving 3D Gaussians with a spline and poly-
nomial, and introduces a learnable camera model, which re-
stricts the types of video fittable to natural scenes. These
representations are still large and slow since they perform
an expensive ‘splat’ projection to produce frames from 3D.

Our approach is similar to 4D Gaussian Splatting [58],
which has a multi-stage pipeline: 4D to 3D through time
conditioning, 3D to 2D through splatting projection, then
2D depth-dependent rasterization. Instead of overcoming
the ambiguity problem to make 4DGS work on video, our
method streamlines these ideas for time varying 2D data
directly, similar to how GaussianImage [60] streamlined
3DGS for 2D data. Specifically, we propose time condi-
tioning as a “slicing” mechanism for extracting 2D planes
from a 3D volume as a replacement for “splatting”.

3. Method
Our approach treats video as a 3-dimensional volume in the
space-time x, y, t axes, where each frame is the intensity on
an xy-plane at time t. In this way, the volume has discrete
solutions at x, y pixel aligned coordinates and t aligned to
frame timestamps. Our goal is to fit a mixture of 3D Gaus-
sians to the color intensities at each (width) W× (height)
H× (number of frames) T pixel grid point.

A brief overview of our approach is shown in Figure 2.
Our approach starts with forming static 3D Gaussians from
a factorized representation in §3.1. Then, we build up the
process of decoding 2D frames from 3D Gaussians in §3.2.
We first describe an easier problem of decoding 2D frames
from 2D Gaussians in §3.2.1, then upgrade to 3D Gaussians
by introducing a novel “Time Slicing” 3D to 2D transfor-
mation method to produce a set of 2D Gaussians that can be
rasterized to a frame in §3.2.2.

3.1. 3D Gaussian Formulation
Similar to 3DGS [23], our 3D Gaussians are described by
a position µ ∈ R3, 3D covariance matrix Σ ∈ R3×3, and
color c ∈ R3 (RGB), however, we operate on the x, y, t axes
instead of x, y, z. We parameterize position as 3 real values,
µx, µy, µt. Unlike 3DGS, video has no-view dependent ef-
fects to model, so color is simply parameterized as 3 real
values, r, g, b representing the red, green, and blue channels
respectively. Since the covariance matrix must be positive
semi-definite (PSD), and constraining gradient descent to
produce PSD matrices is error prone, we use a Cholesky
decomposition [18]. Here, covariance is factorized into a
lower triangular matrix L ∈ R3×3 such that Σ = LL⊤,
where L⊤ is the conjugate transpose of L. GaussianIm-
age [60] found the Cholesky decomposition to be more sta-
ble and smaller than the Rotation + Scale factorization used
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Figure 2. GaRV Encoding. Our representation is fit iteratively per-video. For each iteration, a single frame is sampled from the source
video (1). The 2D Gaussian time slice is computed (2), then rasterized to form a decoded frame (3). Finally, the L2 loss can be computed
between the original frame, and the decoded frame (4). This process is repeated until convergence.

in 3DGS. Since L must be lower-triangular, there are only
6 non-zero learnable parameters, {l1, . . . , l6}. The param-
eters along the diagonal relate to the scale of the Gaussian,
while the parameters off the diagonal represent the rotation.

3.2. Frame Extraction
In this section, we describe the process of recovering the
frame intensity at a specific time step t from the 3D volume.

Conceptually, Gaussians are treated as 3D ellipsoids
which can intersect with an xy-plane at a fixed time step
(§3.2.2). The ellipsoid-plane intersection becomes the pixel
values of a frame (§3.2.1). In this way, as the time value is
increased, the xy-plane we intersect with slides along, and
the intersection also changes depending on the ellipsoid pa-
rameters. Intuitively, Gaussians with long scales along the
time axis and no rotation, represent static regions since the
ellipsoid-plane intersection would not change shape drasti-
cally over time. On the other hand, Gaussians with a ro-
tation about the xy-plane would form linearly moving dots
since the intersection shape would move. Therefore, dy-
namic video regions can be represented as smaller piece-
wise linear movements such that each component is repre-
sented as a Gaussian with some rotation.

3.2.1. 2D Rasterization
First, consider a simpler problem where we want to decom-
pose a 2D grid into a collection of 2D Gaussians. We can
use the simplified accumulated summation rasterizer pro-
posed in GaussianImage [60]. A single pixel’s color f(x, y)
can be computed as a weighted average of the probability
densities p of each Gaussian at coordinate (x, y) multiplied

by the Gaussian’s corresponding color c:

f(x, y) =

N∑
i

pi(x, y)ci (1)

where N is the total number of Gaussians. Similar to 3DGS,
the rasterizer can be tile-based where only Gaussians with
a 99% confidence interval intersecting a tile are processed,
significantly speeding up rendering, since we can compute
pi(x, y) more sparsely, and approximate the term as 0 for
Gaussians with low tile intersection.

3.2.2. Time Slicing for 3D Upgrade
To accommodate a 3D volume instead of a 2D grid, we
could naively extend Eqn. (1) to 3 dimensions as follows:

f(x, y, t) =

N∑
i

pi(x, y, t)ci (2)

With t fixed, It(x, y) = f(x, y, t) is the function that rep-
resents a video frame. Then, each frame is the sum of the
intersections between each 3D Gaussian and the xy-frame.
We can make this relationship more explicit, by treating pi
as the joint probability density function of x, y and t. We
can then factorize pi(x, y, t) into a conditional probability
pi(x, y | t) and marginal probability pi(t), resulting in,

f(x, y, t) =

N∑
i

pi(x, y | t)pi(t)ci (3)
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We refer to this as Time Slicing, since pi(x, y | t) represents
the 2D Gaussian intersection shape of a 3D Gaussian and
the xy-plane at time t, and pi(t) represents the size of the
intersection. This formulation has two major advantages:
1. Faster per-pixel computation. In Eqn. (2), if we pre-

compute Σ−1, each Gaussian requires 26 floating point
operations (FLOPs) — 3 for multiplying by ci, 3 for
d = {x, y, t} − µ, and 20 for d⊤Σ−1d. In our fac-
torization as shown in Eqn. (3), pi(t) can be evaluated
once, and pre-multiplied with ci, as well as the 2D Gaus-
sian attributes µ′ ∈ R2 and Σ′ ∈ R2×2 that represent
pi(x, y | t). So each Gaussian requires only 14 FLOPs
per-pixel — 3 for multiplying by the marginal and color
pi(t)ci, 2 for d = {x, y} − µ′, and 9 for d⊤Σ′−1d.

2. Point culling. In the Gaussian preprocessing stage, we
can cull points if pi(t) is too small (frame-wise-cull).
Similar to 3DGS, we can treat pi(x, y | t) as a 2D Gaus-
sian and use the same culling technique to reduce the
number of Gaussians considered per tile (tile-wise-cull).
Both methods reduce the number of Gaussians summed
in Eqn. (3), increasing speed, with minimal impact on
quality since the excluded Gaussians have little weight.

The conditional pi(x, y | t) can be derived from the proper-
ties of the multivariate Gaussian. Let

Σ =

[
Σxy,xy Σt,xy

Σxy,t Σt,t

]
(4)

be a block subdivision of covariance, where Σxy,xy is the
2 × 2 covariance of the pair (x, y) and Σt,t is the variance
of t. The conditioned mean and covariance is given as:

µxy|t = µxy +Σxy,tΣ
−1
t,t (t− µt) (5)

Σxy|t = Σxy,xy −Σxy,tΣ
−1
t,t Σt,xy (6)

3.3. Video Encoding
Each video is ‘encoded’ into our representation through an
optimization process. We optimize the 3D Gaussian at-
tributes to minimize the difference between each video’s
frame collection {I1, I2, . . . , IT } and the resulting ren-
dered frames {Î1, Î2, . . . , ÎT }. In each encoding iteration,
we randomly sample a single frame to consider. The 3D
Gaussian volume is sliced at its corresponding time step,
then rasterized to a decoded frame. We use the loss function
L2 between the original It and decoded frame Ît. Since our
slice & rasterize mechanism is differentiable, we can back-
propagate the loss directly to the 3D Gaussian attributes.
This process is repeated until convergence.

4. Experimental Results and Applications
In this section, we provide details about the dataset, imple-
mentation and compare GaRV with video INR and Gaus-
sian methods. Additionally, we demonstrate 5 applications
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Figure 3. Video decoding efficiency. Dot size represents disk
space. Observe how GaRV is substantially faster (as denoted by
lower Decode values in the top plot) and more memory efficient
(as denoted by lower VRAM values in the bottom plot) than its
neural counterparts. Since GaRV’s largest model is substantially
faster than the next fastest neural model, we can significantly scale
up the number of Gaussians.

of GaRV in Frame Decoding, Video Compression, Spatially
Variable Resolution, Frame Interpolation, and Denoising.

Implementation Details. We use the Adam optimizer [24]
with a learning rate of 5× 10−3, and the ReduceOnPlateau
learning rate scheduler with a patience set to 25. We use
a batch size of 16, 2000 training epochs, and 20 warmup
epochs. We implement our slice & rasterize method in
CUDA [35] and the training loop in PyTorch [37]. All ex-
periments are run on NVIDIA RTX A4000s. Encoding time
is 2-6 hours for GaRV, and 4-10 hours for neural variants.

Comparisons. We fit our method on the UVG dataset [31] at
1920×1080 resolution at 120 fps to compare against recent
neural video representations, ENeRV [29], HNeRV [5], and
HNeRV-Boost [59]. For each task, we use PSNR to evaluate
frame quality and standardize bits-per-pixel for fair com-
parison. We measure peak GPU memory usage (VRAM)
while frame decoding and average frame decode time to
evaluate efficiency. We also compare with recent Gaussian
video representations, Splatter-a-Video [48], VeGaS [46],
and GaussianVideo [3], on the DAVIS dataset at 480p [38].
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(a) Ground Truth (b) HNeRV [5] (c) Ours

Figure 4. Visual comparison of frames from UVG dataset at 0.06 bpp. Top: ‘Bosphorus’ sequence, Bottom: ‘YachtRide’ sequence.

4.1. Frame Decoding
Full video decoding. As described in §3.2, one can eas-
ily extract a frame from our representation by calculat-
ing Eqn. (3) with our slice & rasterize technique. As
shown in Figure 3, our method is significantly more efficient
than neural alternatives. Boosting-NeRV [59] is a recent
work and although boasts an improvement in frame quality,
comes at a significant cost to memory usage and computa-
tion time. GaRV can produce similar frame qualities 50x
faster with 15x less GPU memory by trading off disk space
making it more practical for consumer grade hardware. We
show example frames of our method in Figure 4.
Arbitrary frame decoding. Similar to neural counterparts,
Eqn. (3) can be calculated at any time t with no dependence
on previous computations. This can enable efficient frame
skipping and parallel decoding unlike hand-crafted codecs
which require decoding a previous key-frame. Since GaRV
requires significantly less compute than neural counterparts,
more frames can be feasibly decoded simultaneously.
Arbitrary pixel decoding. Unique to GaRV is the abil-
ity to selectively decode frames not only temporally, but
also spatially without any dependence on neighboring pix-
els. Existing neural representations parameterize solely on
time so they fundamentally only extract full-frames at once.
And, hand-crafted codecs leverage high temporal-spatial
de-duplication to produce disk-compact files disabling arbi-
trary partial frame decoding. Since GaRV’s underlying rep-
resentation is spatially interpretable, we can easily decode
only a partial region. For instance, smart phone users occa-
sionally watch horizontal 16:9 content cropped to their ver-
tical 9:16 aspect ratio screen (1080× 1920 −→ 1080× 608).

Since only a third of pixels are visible by the user, render-
ing a full frame wastes valuable computation power. GaRV
can simply select which Gaussians to consider before ras-
terization. Performing this process at frame-decode time
results in +250 FPS and −50 MB VRAM usage for videos
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Figure 5. Decode efficiency as fewer pixels are requested.
Solid-brown line represents frame decode speed on the left, while
dashed-black lines represents memory usage on the right. GaRV
supports partial-frame decoding for more resource efficient ren-
dering if only select regions will be displayed, unlike neural coun-
terparts which have a fixed cost for rendering an entire frame.

at 0.06 bpp. Leveraging a 2ms pre-processing step to ‘dis-
card’ unnecessary Gaussians before decoding any frames,
can double the gains to +500 FPS and −120 MB VRAM
— 2x faster and a third of memory.
Line scan decoding Another unique capability of GaRV
is the ability decode a frame row or column’s change over
time, i.e., rasterize an image slice of the 3D volume parallel
to the xt or yt planes. With existing representations, if one
wants to know how a pixel’s color varies, one must decode
every pixel of every frame. GaRV on the other hand can
change the axis sliced over. For instance,

f(x, y, t) =
N∑
i

pi(x, t | y)pi(y)ci, (7)

produces an xt-image at a y row. This leverages our fast
slice & rasterize based renderer but selects a different plane
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Figure 6. Frame quality vs BPP on the UVG Dataset. Our
method trades-off some frame-quality at lower bits-per-pixel in fa-
vor of substantially faster decoding. Since GaRV is significantly
more memory efficient, we can scale the number of Gaussians to
match frame quality without consequence.

through the 3D volume. Neural video representations can
produce a line scan in 8s with a 3M E-NeRV model, while
GaRV takes just 8ms — a 1000x speed up.

4.2. Compression

Our Gaussian representation is naturally much smaller than
the original pixel collection since N ≪ W ×H ×T . How-
ever, we can still reduce the storage requirements of each
Gaussian from needing 32-bits for all 12 parameters.

We leverage an additional quantization-aware fine-
tuning compression stage. For each attribute, we use b-bit
asymmetric quantization [1], with b = 16 for position and
b = 8 for color and Cholesky coefficients, so in total each
Gaussian uses 16×3+8×3×3 = 120 bits — 3x smaller.

Recently, many Gaussian attribute compression tech-
niques have been proposed in the context of 3DGS [6, 10,
16, 34]. Self-Organizing Gaussian Grids [34] is a gener-
alized technique to produce smooth attribute orderings of
3DGS attributes on 2D planes, to leverage entropy encod-
ing mechanisms to compress them. We modify this ap-
proach for use in the video setting. To compress N Gaus-
sians, we reshape the parameters into a

√
N ×

√
N grid

with 12 channels. We perform Parallel Linear Assignment
Sorting (PLAS) [34] with the position and color attributes
as keys. Then, we use JPEG-XL [39] to compress each at-
tribute grid. On any Gaussian set, this scheme can produce
a 20% reduction in space, but through train-time regulariza-
tion we can improve this result to a 50% reduction. While
fitting Gaussians to a video, we regularize the Cholesky pa-
rameters to be smoother, thereby improving JPEG-XL’s ef-
ficiency at grid compression. We compare frame quality as
bits-per-pixels (bpp) increase in Figure 6.

4.3. Spatially Variable Resolution
As consumer grade cameras and displays improve, video
can be increasingly captured and played at extremely high
resolutions. However, it is expensive to stream these higher
qualities. Fortunately, in many setups, the user does not ac-
tually need a full high-resolution image. For instance, when
watching a video in VR, only 4% of pixels are fully in view,
the rest are naturally blurred by the human eye [22]. In an-
other context, the ‘interesting’ part of a video may lie in a
specific region, such as in sports games near the ball. Then,
sending just the region of interest in full-resolution, and the
rest in a lower-resolution would give the user a similar ex-
perience. Unfortunately, existing video codec’s cannot ef-
fectively take advantage of this. Existing codecs potentially
can re-encode a video with blurry peripherals, but that is
slow to perform on the fly and still sends full-resolution
worth of bits, so depending on the codec’s efficiency at
blurry regions some bits will be wasted.

Our approach is different. In §4.1 we described how
Gaussians can be selectively processed to produce cropped
frames. By leveraging this selection process, we can mix
Gaussians in the compressed space to directly control (a)
where sharp regions are and (b) how many bits per pixel
to spend on unimportant regions. Figure 7 visualizes this
spatial resolution control. At encoding time, fit the video
twice: once at a high bitrate to preserve fine detail, second
at a low bitrate to produce blurry frames. Then, depending
on the region of interest (i.e., where the user is looking), we
mix-and-match the two sets of Gaussians. This produces a
“foveated” set of Gaussians, where there is high detail in-
side the selection and blurry details outside the selection.

Figure 7. Spatial Resolution Control in our representation. En-
code twice, at two bitrates, and mix-and-match to form a spatially
variable set of Gaussians to stream. The top route captures better
detail with many tinier Gaussians, while the bottom route produces
blurry frames with fewer larger Gaussians.

Even though GaRV’s frame quality at low bit rates is
worse than neural counterparts, if we only care about a ran-
dom 4% region when decoding, we can merge two sets of
Gaussians to match frame quality with faster rendering time
(Table 2). This process can happen quickly in the com-
pressed space – 1ms – making it ideal for streaming applica-
tions where a server holds full-resolution video, and sends

833



video to consumers on differing network abilities.

Method PSNR↑ FPS↑ VRAM↓
E-NeRV [29] 29.45 75 315 MB

HNeRV [5] 30.64 31 2.9 GB
HNeRV-Boost [59] 32.34 07 3.5 GB

Ours 32.06 240 210 MB

Table 2. Preservation of a region of interest. If only 4% of pixels
are important, our method can adaptively distribute bits to spend
more on that region than the peripheral. Neural counterparts on
the other hand have uniform quality control, so a regions quality
will decreases as the total available bits also decrease.

4.4. Dynamic Gaussian Representations
Concurrent Gaussian-based video representations primarily
target video editing and tracking related tasks, neglecting
the impact of their choices on disk space. From a func-
tionality perspective, GaRV can better maximize flexible
decoding and spatially variable resolution. Whereas other
methods require evaluating expensive projection operations
before determining if a Gaussian should be decoded, GaRV
requires only a lightweight ellipsoid-plane intersection test.

Table 3 shows a quantitative comparison on the DAVIS
dataset [38]. Since concurrent works are not concerned with
disk space and utilize an adaptive Gaussian framework, bits
per pixel is estimated based on reported Gaussian counts
and attribute size with an overly optimistic 8-bit quantiza-
tion. GaRV’s linear motion is more efficient at preserving
frame quality than the higher-order motions in other meth-
ods. In §2.3 of the supplement, we show adding more Gaus-
sians is more efficient than introducing higher-order terms
in terms of representation size.

Method BPP↓ PSNR↑ FPS↑ VRAM↓
Splatter-a-Video [48] 3− 30 28.6 150 1− 10 GB

VeGaS [46] 3 33.3 200 200 MB
GaussianVideo [3] 2 33.8 100 —

GaRV (Ours) 1 34.0 350 70 MB

Table 3. DAVIS Dataset frame quality. GaRV preserves frame
quality more efficiently than concurrent works.

4.5. Frame Interpolation
Since our representation shares Gaussians over time, time
steps between two supervised frames still intersect with
some Gaussians, forming a ‘video interpolation’ effect. We
evaluate performance of our representation on this task by
holding out half of the frames while fitting, and evaluate de-
coded quality on the remaining frames. Specifically, for a
120 FPS video, we fit to a downsampled 60 FPS video start-
ing at frame ‘0’, then evaluate on a 60 FPS video starting
at frame ‘1’. The quantitative details are in Table 4. GaRV
produces similar frame quality to neural counterparts, while
not having an explicit mechanism for interpolating frames,

but at a significantly faster FPS and as mentioned earlier, at
significantly lower memory requirement.

Method PSNR↑ FPS↑
E-NeRV [29] 28.73 75

HNeRV [5] 29.65 31
HNeRV-Boost [59] 29.99 07

Ours 28.86 470

Table 4. Frame interpolation. Our representation renders unseen
frames at 3% worse quality but with over 60x the frame rate.

4.6. Denoising
Since Gaussians are naturally smoothing, GaRV can auto-
matically remove frame noise. We evaluate our denoising
capability by applying additive white Gaussian noise to the
source video. The original noisy frames have 23.71 dB
PSNR. NeRV [4] showed neural methods were second to
median filters [36] at Gaussian noise removal. On our noisy
frames, a median filter reaches 30.49 dB. HNeRV [5] sur-
passes this baseline with 30.85 dB. However, our method
beats both methods with 32.36 dB. We visualize sample
noisy and denoised frames in the supplement.

5. Conclusion
Static 3D Gaussians in the x, y, t space can efficiently rep-
resent video content. GaRV enables orders of magnitude
more efficient decoding through our novel slice & raster-
ize technique, which also unlocks more control over when
and which regions to decode compared to all existing rep-
resentations. GaRV is up to 50× faster than neural coun-
terparts [59], while using 15× less memory. Compared to
dynamic 3D Gaussian approaches to video, GaRV is 2-30×
smaller on disk, while still being faster and more memory
efficient. GaRV unlocks an exciting new direction for prac-
tical and efficient video representations.
Limitations. There are some limitations with our proposed
method. First, the base Gaussian distribution has little ca-
pacity to represent complex shapes, requiring more Gaus-
sians to cover the gap. Leveraging alternative primitives
such as the Generalized Normal Distribution [14], Gabor
filters [54], Smooth Convexes [17] or Deformable Radial
Kernels [21] may add capacity more efficiently than scaling
the number of Gaussians. Second, to achieve sufficiently
high frame quality, the fitting time of GaRV is much longer
than the encoding time of traditional video codecs.
Extensions. Although we focus on RGB-videos, our
method can be extended to other domains; trivially, to
multi-spectral videos and also, other 2D time varying data
such as event-streams. Further from our work, slicing
can be used on 3DGS scenes to view interior structures.
Our proof of concept spatial resolution control can enable
progressive video loading, switching between ‘high’ and
‘low’ bit settings as network connectivity changes.
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