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Abstract

Implicit Neural Representation (INR) has demonstrated re-
markable advances in the field of image representation but
demands substantial GPU resources. GaussianImage re-
cently pioneered the use of Gaussian Splatting to mitigate
this cost, however, the slow training process limits its prac-
ticality, and the fixed number of Gaussians per image lim-
its its adaptability to varying information entropy. To ad-
dress these issues, we propose in this paper a generalizable
and self-adaptive image representation framework based on
2D Gaussian Splatting. Our method employs a network
to quickly generate a coarse Gaussian representation, fol-
lowed by minimal fine-tuning steps, achieving comparable
rendering quality to GaussianImage while significantly re-
ducing training time. Moreover, our approach dynamically
adjusts the number of Gaussian points based on image com-
plexity to further enhance flexibility and efficiency in prac-
tice. Experiments on DIV2K and Kodak datasets show that
our method matches or exceeds GaussianImage’s rendering
performance with far fewer iterations and shorter training
times. Specifically, our method reduces the training time
by up to one order of magnitude while achieving superior
rendering performance with the same number of Gaussians.
Code is availiable at https://github.com/whoiszzj/Instant-GI

1. Introduction
Image representation is an important task in computer vi-
sion, which has numerous applications in fields such as im-
age compression [38, 48], super-resolution [25, 45], deblur-
ring [23, 34], and so on. The emergence of Implicit Neural
Representation (INR) has shifted image representation from
traditional methods like grid graphics to the more recent ap-
proach using multilayer perceptrons (MLPs). This method
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Figure 1. Teaser. Comparison of the network-based initialization
(Net. Init.) and the random initialization (Rand. Init.) regarding
training efficiency and rendering quality using the same number of
Gaussians. The top graph shows that Net. Init. converges faster
and achieves higher quality. The bottom row visualizes the ini-
tialization state (left), results after 20,000 iterations (middle), and
zoomed-in details (right), highlighting the improved detail preser-
vation and efficiency of our method.

leverages the local continuity of the data to map the input
coordinates to their corresponding output values.

Before the introduction of methods like GaussianIm-
age (GI) [48], INR techniques relied primarily on high-
dimensional MLPs to capture fine image details. However,
this strategy leads to slower training, higher memory con-
sumption, and longer decoding times, making it less suit-
able for real-world applications. To address these limita-
tions, GI draws inspiration from 3D Gaussian Splatting [19]
(3DGS), utilizing discrete Gaussian primitives for image in-
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formation extraction and fitting. In addition, it employs an
accumulated blending-based rasterization approach to en-
able fast rendering, facilitating rapid decoding. For the con-
venience of subsequent descriptions, we define “Gaussian
Decomposition” as the process of obtaining a Gaussian rep-
resentation from an image through certain operations to rep-
resent its content.

Although GI achieves decoding speeds exceeding 1000
FPS, it still faces several challenges. Firstly, the Gaussian
primitives are initialized randomly, requiring a relatively
long training time to achieve a stable fitting result. Sec-
ondly, the number of Gaussian primitives must be predeter-
mined before training, which poses challenges for images
with varying levels of information entropy. High-entropy
images, which contain rich details and sharp transitions, re-
quire a larger number of Gaussians to capture fine details.
Conversely, low-entropy images, characterized by smooth
variations and fewer details, do not require as many Gaus-
sians. Using too few Gaussians for high-entropy images
may lead to loss of detail, while an excessive number for
low-entropy images results in unnecessary storage overhead
and reduced rendering efficiency.

To resolve these issues and improve the rendering per-
formance of GI, we propose to utilize a generalizable net-
work to initialize the Gaussian representation, enabling a
more efficient Gaussian Decomposition through a single
feedforward pass. To this end, we propose a novel pipeline
for Gaussian Decomposition, named Instant GaussianIm-
age (Instant-GI). Specifically, given an input image, we
first employ a feature extraction network to generate a fea-
ture map, from which a Gaussian Position Probability Map
(PPM) is derived. The PPM is then discretized using the
Floyd–Steinberg dithering [14] algorithm, allowing for a
flexible number of Gaussians to adapt to images with vary-
ing levels of information entropy. Finally, based on the
dithering result and feature map, the full set of Gaussian at-
tributes are predicted, and the entire network is trained via
a differentiable rasterization for self-supervised learning.

With the proposed generalizable network, a high-quality
Gaussian representation can be quickly initialized for an im-
age. Followed by minimal fine-tuning steps, it can match or
exceed the results obtained by GI through long training, as
shown in Fig. 1. Furthermore, our method adaptively de-
termines the number of Gaussians based on the information
entropy of the image, ensuring both efficiency and flexibil-
ity between different images. Our main contributions are
summarized as follows.
• We propose a generalizable network for fast Gaussian De-

composition, enabling efficient initialization that signifi-
cantly reduces training time.

• We introduce the Floyd–Steinberg dithering algorithm to
discretize the Gaussian PPM, allowing for adaptive and
optimal spatial distribution of point cloud based on an im-

age’s information entropy.
• We develop a novel pipeline for Gaussian Decomposition

that generates a high-quality Gaussian representation in a
single feedforward pass.

• Numerical experiments on the DIV2K and Kodak
datasets demonstrate that our method, with shorter train-
ing times, achieves comparable or superior results to GI.

2. Related Work
2.1. Implicit Neural Representation
Implicit Neural Representation has been widely applied in
various domains due to their ability to represent continuous
spatial information, including 3D scene representation [2, 3,
33, 43], image and video representation [7–9, 35, 36], com-
pression [24, 38, 41], and super-resolution [12, 16, 25, 27].
In image representation, [21] introduces a hypernetwork-
based functional representation, mapping coordinates to
colors for continuous reconstruction. To mitigate spectral
bias, [39] proposes Fourier feature mapping, while [37]
leverages periodic activation functions for improved detail
modeling. [9] bridges discrete and continuous representa-
tions by predicting RGB values from coordinates and local
deep features. Recent works have explored adaptive and ef-
ficient INR designs. [32] proposes a hybrid implicit-explicit
model with multiscale decomposition for gigapixel images.
[35] employs multiresolution hash encoding to accelerate
training and rendering. [11] introduces neural fields with
adaptive radial bases, improving detail capture. Addition-
ally, [4] encodes discontinuities using Bézier curves and tri-
angular meshes to enhance sharp feature preservation and
compression efficiency.

2.2. Gaussian Splatting
3DGS [19] has gained significant attention in 3D scene re-
construction due to its fast training, efficient rendering, and
high-quality results. Its differentiable rasterization process
has also been applied to various domains, including depth
map rendering for geometric reconstruction [6, 17, 46, 47],
3D model generation via diffusion [26, 40, 50], and 3D
scene editing [10, 18, 44]. Several works have extended
3DGS to enhance its effectiveness. Scaffold-GS [31] inte-
grates anchor points and scene features to improve Gaussian
property prediction. MVSGaussian [28] leverages MVSNet
for image-based feature extraction, followed by 3D convo-
lution to estimate spatial point positions and predict Gaus-
sian attributes. DiffGS [50] introduces a disentangled rep-
resentation of 3D Gaussians, enabling flexible and high-
fidelity Gaussian generation for rendering.

2.3. GS-based Image Representation
In recent years, several methods have integrated Gaus-
sian Splatting with image representation. One of the most
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notable is GaussianImage [48], which replaces traditional
sorting-based splatting with an accumulated blending-based
rasterization method. This enables faster training and
rendering while achieving high-ratio image compression.
Image-GS [49] adopts a similar approach, computing
grayscale gradients to generate probability values, which
are then used for CDF-based Gaussian sampling and ini-
tialization. GaussianSR [15] uses Gaussian Splatting’s in-
terpolation capabilities for super-resolution by converting
an image into a feature map, generating a high-resolution
feature representation, and reconstructing the final output
with a decoder. Mirage [42] extends GI by projecting 2D
images into 3D space, employing flat-controlled Gaussians
for precise 2D image editing.

In this paper, we adopt GI as the baseline of our pro-
posed work. Since our Gaussian model remains consistent
with GI, all compression techniques for GI from [48] can
be applied directly to our method. Therefore, we do not
elaborate on this aspect. Instead, our primary goal focuses
on fast and effective initialization to significantly enhance
training speed and rendering performance.

3. Proposed Method
3.1. Preliminaries
GI refines the Gaussian model based on 3DGS to en-
hance image representation performance, and our proposed
method is also built upon this foundation. Note that a 2D
Gaussian is characterized by the following attributes: po-
sition µ ∈ R2, 2D covariance matrix Σ ∈ R2×2, color
parameter c ∈ R3, and opacity o ∈ R.

For the positive semidefinite covariance matrix, GI of-
fers two different parameterization approaches. The first
approach employs Cholesky factorization, directly decom-
posing the covariance matrix into a lower triangular matrix
L, such that Σ = LLT . The second approach, similar to
3DGS, decomposes Σ into a scaling matrix S and a rotation
matrix R:

Σ = (RS)(RS)T , (1)

where

R =

[
cos(θ) − sin(θ)
sin(θ) cos(θ)

]
, S =

[
s1 0
0 s2

]
. (2)

For ease of transformation, our method primarily adopts the
RS parameterization for learning and representation.

The learnable Gaussian parameters are optimized
through differentiable rasterization. Unlike 3DGS, which
needs to handle occlusion, GI does not require opacity accu-
mulation or Gaussian sorting. Consequently, the rendering
equation is given by:

Ci =
∑
n∈N

cn · αn =
∑
n∈N

cn · on · exp(−σn), (3)

where N represents the set of Gaussians contributing to the
rendering of the pixel, and

αn = on · exp(−σn), σn =
1

2
dT
nΣ

−1dn, (4)

where dn ∈ R2 denotes the displacement between the pixel
center and the projected 2D Gaussian center. Since both
opacity and color are learnable parameters, GI integrates
them together, which can be expressed as:

Ci =
∑
n∈N

c′n · exp(−σn). (5)

In this case, the parameters of the Gaussian model con-
sist of the position, covariance matrix, and color attributes
– a total of eight learnable parameters. During initializa-
tion, the number of Gaussians N is determined and remains
fixed throughout training. The position parameters µ are
uniformly sampled from [−1, 1]. The scaling parameters
s = (s1, s2) are initialized randomly in [0.5, 1.5], while the
rotation angle θ is drawn from [0, 1]. Similarly, the color at-
tributes c are randomly initialized within [0, 1]. Such purely
random initialization lacks prior guidance, making the op-
timization process slower in deriving an accurate Gaussian
representation of the image.

3.2. Overview
Our Instant-GI framework is illustrated in Fig. 2. In the
following sections, we introduce the main modules of our
framework. Given an image of size W × H , our objective
is to obtain its Gaussian representation using Instant-GI. We
begin by employing a ConvNeXt-based [29] UNet to extract
features from the image. Based on these extracted features,
a self-adaptive number of Gaussians are generated. Then,
the corresponding parameters are produced for each Gaus-
sian to ensure that the splatting process generates a render-
ing result consistent with the input image. To achieve this
goal, our work broadly consists of three parts: (1) how a
self-adaptive number of Gaussians is generated from the ex-
tracted features, (2) how the features of each Gaussian are
structured and transformed into appropriate Gaussian pa-
rameters, and (3) which loss functions are used to ensure
that the entire network is trained effectively.

3.3. Self-Adaptive Gaussian Samples
To enable the algorithm to adaptively determine the number
of Gaussians for images with varying levels of information
entropy, ensuring consistent rendering performance across
different images, intuitively:
• The higher the information entropy of an image, the

greater the number of Gaussians required.
• Within different regions of an image, areas with higher

entropy should have a higher density of Gaussian.
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Figure 2. Overview of our Instant-GI pipeline. Given an input image, we first extract a feature map using a ConvNeXt-based UNet. The
Position Probability Map (PPM) is then predicted by an MLP-based Position Field and discretized via Floyd–Steinberg Dithering. The
resulting points are structured using Delaunay Triangulation, from which geometric features are extracted. Gaussian attributes, including
position, scaling, rotation, and opacity, are predicted through dedicated MLP fields (BC Field, Σ Field, and Opacity Field). The final
Gaussians are rendered via splatting, supervised by the RGB loss Lrec to ensure reconstruction quality. Additionally, a pre-trained Gaussian
representation from GI is used to generate a Pseudo PPM, which supervises position probability learning via Lppm.

A natural approach is to compute the color gradient of
the image and use it to determine the Gaussian density, en-
suring that regions with higher color gradients contain more
Gaussians to capture high-frequency information. For in-
stance, [49] computes the probability of generating a Gaus-
sian based on the gradient of the pixel and sampled with
the Cumulative Distribution Function (CDF). However, the
distribution of an image’s Gaussian representation does not
strictly correspond to variations in the color gradient. While
the color gradient may exhibit abrupt changes, the variation
in Gaussian density tends to be smoother (demonstrated in
Fig. 5 in Sec. 4). As a result, directly deriving the probabil-
ity of Gaussian generation from the gradient is suboptimal.
To address this, we adopt a data-driven approach by training
a network to predict the probability of Gaussian generation
more effectively.

Obtain Pseudo PPM. To train a network capable of pre-
dicting a Position Probability Map (PPM) that indicates the
spatial distribution of Gaussians, we first generate high-
quality training data by Gaussian Decomposition. After
that, we compute the Gaussian density at each pixel posi-
tion x in the image. Specifically, for each x, we estimate
the minimal radius of a circle centered on x that encom-
passes K Gaussians, then the local Gaussian density Dx is

defined as the unit density of Gaussians in this circle:

Dx =
K

π ·max
i

(∥px − pi∥)2
, (6)

where p represents the position coordinates, and i indexes
the top-K nearest neighbors of x. In our experiments, we
set K = 10. Next, we convert this density map into a PPM,
which determines the probability of generating a Gaussian
at each pixel location:

Ppseudo(x) ∝ Dx. (7)

Finally, under the supervision of Ppseudo, we use an MLP
network (Position Field in Fig. 2) to predict Ppred. For more
details of the generation of Ppseudo, please refer to the sup-
plementary material.
Dither with Ppred. The key challenge is how to sam-
ple Gaussians based on the PPM. A straightforward ap-
proach is thresholding—sampling a Gaussian if its proba-
bility exceeds a certain value. However, this ignores spa-
tial dependencies, leading to excessive Gaussians in high-
entropy regions and sparse coverage in low-entropy regions,
resulting in underfitting and overfitting [19]. An alterna-
tive is CDF sampling with a fixed number of Gaussians,
as in [49]. While it works when high- and low-entropy re-
gions are balanced, it degrades rendering quality when high-
entropy regions dominate, reducing point density where de-
tail is needed. Conversely, in low-entropy images, excessive
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Figure 3. Feature organization for MLP input. We construct the
MLP input by combining multiple feature components. Geometric
features are extracted from the triangle ti and its fitted ellipse ei,
while grid sampling provides local image features and sampled
colors from the input image. The image features undergo feature
reduction and layer normalization before concatenation.

points are allocated to smooth regions, leading to redun-
dancy (refer to supplementary material for details).

To address this, before generating the Gaussian, we
adopt the Floyd–Steinberg Dithering algorithm [14] to
adaptively discretize the PPM. The map is first divided into
k×k patches, with each patch assigned its highest probabil-
ity as the representative value. We then apply dithering and
use the centers of the activated patches as sampling points,
ensuring a balanced spatial distribution.

3.4. Transformation from Feature to Gaussians

Ellipse Fitting. From the previous steps, we obtain a set
of discrete points whose distribution reflects the image’s en-
tropy information. However, to fully define the Gaussians,
we still need to predict their scaling, rotation, and color.

Since the scaling is measured in pixel units, directly pre-
dicting an absolute value with the network is hard work.
Instead, a reference value is required to constrain the learn-
ing range, similar to [31]. To better determine the learn-
ing range for scaling, we introduce the Delaunay Triangu-
lation [5] method to help based on two insights:
• Given that the scaling defines a Gaussian as an ellipse, the

overlap between ellipses should be minimized to reduce
the network’s learning complexity.

• Simultaneously, all ellipses should fully cover the entire
image to prevent underfitting.

Specifically, we perform Delaunay Triangulation on the dis-
crete points, using the resulting triangles as fundamental
feature processing primitives, as they can guarantee full
coverage without overlap. For the obtained set of triangle
representations {ti}Ti=0, where each ti consists of the three

vertex coordinates of the corresponding triangle:

ti =

xa ya
xb yb
xc yc

 . (8)

Next, we compute the midpoints of the three edges of each
triangle to extract additional geometric information. Using
these six points, we perform ellipse fitting [13] to obtain the
set of ellipses {ei}Ti=0, where each ellipse is characterized
by its position, major and minor axes, and rotation parame-
ters:

ei = {(xe, ye), (sxe
, sye

), θe}. (9)

For more details, please refer to the supplementary material.
Feature Organization After obtaining the fitted ellipse for
each triangle, the next step is to extract the correspond-
ing feature information for each primitive. As illustrated
in Fig. 3, given the triangle ti and its fitted ellipse ei, we
compute the triangle and ellipse features, which serve as
geometric attribute inputs to the network. Additionally, we
sample both the image and the feature map at the three
triangle vertices and the center point to obtain the corre-
sponding color and feature values. To prevent an exces-
sively high feature dimension, we apply feature reduction
and layer normalization to the sampled features. The four
feature components are concatenated to form the final fea-
ture vector, which is fed into the Gaussian fields. For more
details, please refer to the supplementary material.
Gaussian Fields. After extracting the features of each
primitive, we predict all Gaussian attributes based on these
features, including position, scaling, rotation, and color.

When predicting position information, we use the “BC
Field” in Fig. 2 to compute the barycentric coordinates of
the Gaussian center bc ∈ R3. The final Gaussian position
µi is obtained as:

µi = bci · ti. (10)

When predicting the scaling and rotation parameters, we
use a single MLP, denoted as the “Σ Field” in Fig. 2. Given
the major and minor axes (sxe

, sye
) and the rotation angle

θe of a fitted ellipse, our predictions include the scaling ad-
justment factors (Osx , Osy ) and the rotation bias Oθ. The
activation function applied to (Osx , Osy ) is defined as:

fs(x) =

{
0.5 · e0.5x, x < 0,

− 1
2 log(1 + e−0.5x+5) + 3, x ≥ 0.

(11)

The final scaling si = (sx, sy) is computed as:

sx = fs(Osx) · sxe
, sy = fs(Osy ) · sye

. (12)

The final rotation θi is obtained as:

θi = σ
(
σ−1(eθ) + tanh(Oθ)

)
, (13)
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where σ is the sigmoid function, and σ−1 is the inverse.
When predicting color attributes, we found that directly

regressing RGB values from features results in slow con-
vergence during early training stages and may even lead to
training failure. Thus, we predict the opacity attribute o
with the “Opacity Field” in Fig. 2 instead of directly pre-
dicting color. The final color attribute ci is then obtained
by multiplying the color sampled from the image I at the
Gaussian position pi with the opacity:

ci = I(pi) · σ(o). (14)

At this point, all the attributes of each Gaussian primitive
Gi have been initialized as:

Gi = {pi, si, θi, ci}. (15)

3.5. Loss Function
To ensure network training, the initialized Gaussian prim-
itives are rendered into an image using the splatting tech-
nique. The primary objective of the network is image re-
construction, optimized via the loss function Lrec, which
combines the L2 loss and the D-SSIM term:

Lrec = λ · L2 + (1− λ) · LD−SSIM . (16)

Furthermore, to supervise the PPM, we introduce the loss
function Lppm, formulated as a Focal MSE Loss:

Lppm = α ·
(
1− e−|Ppseudo−Ppred|

)γ

·(Ppseudo−Ppred)
2. (17)

The overall optimization objective is defined as:

L = Lrec + Lppm. (18)

4. Experiments
4.1. Experimental Setup
Dataset. Following GI, we evaluate our method on the Ko-
dak [22] and DIV2K [1] datasets. The Kodak dataset con-
sists of 24 images, each with a resolution of 768×512. The
DIV2K dataset contains a training set of 800 images and a
test set of 100 images. For network training, we utilize im-
ages from the DIV2K training set, applying bicubic down-
scaling at scales ×2, ×3, and ×4. During evaluation, to
ensure consistency with GI and other methods, we conduct
testing at a scale of ×2 on the test set, with image dimen-
sions ranging from 408× 1020 to 1020× 1020.
Implementation. We set patch size k = 3 in Sec. 3.3 dur-
ing training, while during testing, different levels such as
k = 3, 4, 5 can be used to further control the number of
Gaussians. To accelerate Floyd–Steinberg dithering, we im-
plement a GPU-accelerated version based on [14]. For loss
parameter settings, we set λ = 2, α = 1.0, and γ = 2.0. We

use the Adam [20] optimizer with a cosine annealing sched-
uler [30], where the learning rate decays from 1 × 10−3 to
1 × 10−5 over 100 epochs. For the subsequent fine-tuning
stage, we follow the same experimental settings as GI. Our
method is trained and tested on one NVIDIA A100 (40GB).
For more details, please refer to the supplementary material.

Datasets Kodak DIV2K ×2
Methods PSNR↑ MS-SSIM↑ Params(K)↓ PSNR↑ MS-SSIM↑ Params(K)↓
WIRE 41.47 0.9939 136.74 35.64 0.9511 136.74
SIREN 40.83 0.9960 272.70 39.08 0.9958 483.60
I-NGP 43.88 0.9976 300.09 37.06 0.9950 525.40
NeuRBF 43.78 0.9964 337.29 38.60 0.9913 383.65
3DGS 43.69 0.9991 3540.00 39.36 0.9979 4130.00
GI 44.08 0.9985 560.00 39.53 0.9975 560.00
GI† 41.44 0.9979 342.86 40.26 0.9980 615.05
Ours 42.92 0.9972 342.86 42.80 0.9982 615.05

Table 1. Quantitative comparison results. PSNR, MS-SSIM,
and parameter count comparison across methods on Kodak and
DIV2K×2. GI† means using the same number of Gaussians as
our method but initializes parameters with GI’s approach.

4.2. Quantitative Results
This experiment aims to demonstrate the upper bound of
rendering performance achievable by our method. We com-
pare our approach with several recent image representa-
tion methods, with the specific results shown in Tab. 1. In
this experiment, both our method and GI undergo extensive
training (50,000 iterations).

Firstly, our method achieves state-of-the-art (SOTA) per-
formance on the DIV2K ×2 dataset. Secondly, compared
to GI†, our method outperforms in final rendering quality
under the same number of Gaussians. This is due to our ini-
tialization aligning better with image information entropy,
reducing optimization complexity, and enhancing rendering
quality. Thirdly, while our method does not surpass GI on
the Kodak dataset, this is primarily due to Kodak’s lower
resolution, leading to a 61% reduction in Gaussian points.
However, across both datasets, our method demonstrates a
more stable performance (PSNR: 42.92 on Kodak, 42.80
on DIV2K ×2), proving its ability to dynamically adjust
Gaussian counts based on information entropy for consis-
tent image representation. In summary, our method enables
a well-structured distribution with an optimized number of
Gaussians, reducing the computational complexity of opti-
mization while improving rendering quality.

4.3. Performance & Qualitative Results
One of the key contributions of our algorithm is its ability to
achieve usable rendering results within a short time. There-
fore, we specifically analyze this performance in this sub-
section. In this experiment, we select three representative
images: one with predominantly low-entropy information,
one with a balance of high and low entropy, and one with
predominantly high-entropy information. We compare GI
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Image ID Gaussian Num. Init. Method PSNR GPU Mem. (MB) Training FPS Testing FPS2s 10s 20s

0844×2 60170 Rand. Init 35.14 44.75 45.90 410 717 3015
Net. Init. 46.68 49.05 49.58 3038 + 408 447 1969

0879×2 77690 Rand. Init 31.96 36.04 36.47 454 582 2506
Net. Init. 37.41 41.51 42.49 3624 + 466 344 1536

0858×2 82766 Rand. Init 32.25 36.58 37.12 414 736 2733
Net. Init. 36.79 39.72 40.51 3038 + 414 718 2740

Table 2. Performance comparison results. Comparison of different initialization methods (Rand. Init vs. Net. Init.) across multiple
images in terms of PSNR at different time intervals (2s, 10s, 20s), GPU memory consumption, and FPS during training and testing.

08
44
×

2
08

79
×

2
08

58
×

2

Ground Truth Image Spectrum Initialization Result at 2s Result at 10s Result at 20s

Figure 4. Reconstruction Progress Visualization. Each row sequentially shows the GT image, frequency spectrum, initialization results,
and results at 2s, 10s, and 20s. The results compare Rand. Init (left) and Net. Init. (right).

with random initialization and our network-based initializa-
tion, reporting PSNR at 2s, 10s, and 20s (including initial-
ization time) for both methods. As shown in Tab. 2, our ini-
tialization significantly accelerates rendering. For images
0844×2 and 0879×2, the 2s rendering surpasses random
initialization at 20s, achieving over a 10× speed-up. Even
for 0858×2, which predominantly contains high-entropy
regions and exhibits a spatial distribution similar to random
initialization, our method still achieves a 5× speed-up by
predicting more accurate scaling, rotation, and color param-
eters. Regarding memory usage, our method requires ap-
proximately 3GB due to additional network computations,
but this is negligible for modern GPUs.

In Fig. 4, we present the frequency spectrum analysis,
initialization results, and rendered outputs at different time
intervals for three selected images. From the initial render-
ing, our method already achieves high-quality results, with
only minor deficiencies in fine details. By 2s, the rendering
output becomes visually indistinguishable from the ground
truth, whereas the random initialization method remains un-
converged, exhibiting significant artifacts. At 10s and 20s,
both methods produce nearly identical results. However,
upon closer inspection, fine-grained differences persist, as
illustrated in Fig. 1. Additional results can be found in the

supplementary material.
Based on the above observations, we conclude that our

algorithm achieves high-quality rendering immediately af-
ter network-based initialization. With only 2 seconds of
initialization and fine-tuning, our method attains rendering
quality comparable to GI after 20+ seconds of training, sig-
nificantly improving the efficiency.

4.4. Ablation Study

We conduct four ablation experiments to validate the ratio-
nality of our proposed method, as summarized in Tab. 3.
These experiments aim to answer the following questions:
• Why can’t the PPM be directly derived from the image

gradient but instead needs to be learned through a net-
work?

• Why not directly predict color but learn opacity?
• Why don’t we initialize directly with the fitted ellipse?
• If the number of points in an image is self-adaptive, how

can different compression ratios be achieved?
Dithering using Image Gradient. In Sec. 3.3 we point
out that gradient-based sampling is sub-optimal. The key
issue, as observed in our experiments, is that high-entropy
regions tend to have dense point distributions, while low-
entropy regions are sparsely populated. However, at the
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Method Describe Gaussian Num. Initialization 2s
PSNR MS-SSIM PSNR MS-SSIM

Dither with Img. Grad. 51675 27.15 0.9347 37.42 0.9934
Color Field 77451 30.21 0.9740 38.49 0.9968
Init. with Fitted Ellipse 76881 17.87 0.6942 36.94 0.9968
Ker. Size = 4 (w/o train) 43627 24.31 0.8911 35.12 0.9936
Ker. Size = 4 (train) 44639 29.53 0.9724 35.99 0.9945
Final 76881 30.26 0.9752 38.73 0.9968

Table 3. Ablation Study Results. Quantitative evaluation of dif-
ferent strategies in our method. We compare initialization and 2s
performance in terms of PSNR and MS-SSIM across various set-
tings, including dithering with image gradients, using a color field,
initializing with a fitted ellipse, and using different kernel sizes.

Figure 5. PPM Comparison. Visualization of different Position
Probability Maps (PPMs). The top row shows the pseudo PPM,
predicted PPM, and gradient-based PPM. The bottom row presents
their corresponding probability distributions along the indicated
horizontal line. Our predicted PPM closely aligns with the pseudo
PPM, while the gradient-based PPM exhibits abrupt transitions,
highlighting the advantages of our learning-based approach.

boundaries between these regions, a smooth transition is
necessary. Gradient-based probability maps rely solely on
local information and fail to capture the overall density dis-
tribution. As shown in Fig. 5, analyzing probability values
along the horizontal center of the image reveals that both
our method and the pseudo-probability distribution exhibit
smooth transitions. In contrast, gradient-based maps intro-
duce abrupt changes at high-low entropy boundaries, result-
ing in uneven density distributions and poor transitions. Es-
sentially, a gradient-based probability map acts as an edge
detector, leading to excessive sampling along edges while
significantly reducing point density in smooth regions. This
imbalance yields fewer total samples and, as Tab. 3 con-
firms, degrades rendering quality.
Color Field. In Sec. 3.4, we proposed learning opacity and
sampling colors from the image rather than directly predict-
ing color as GI. This reduces the number of learned parame-
ters from three (RGB with opacity) to one (opacity). On one
hand, this approach does not compromise the model’s ex-
pressive capability, as shown in Table 3. On the other hand,

directly learning color slows down training and increases
the likelihood of getting stuck in local minima. Please refer
to the supplementary material for more details.
Initialization with Fitted Ellipse. As mentioned in
Sec. 3.4, the fitted ellipse acts as a reference for each primi-
tive. So, why not use it directly for Gaussian initialization?
As shown in Tab. 3, initializing Gaussians directly with the
fitted ellipses can’t yield reasonable scaling, rotation, and
color. Additionally, at 2s, the PSNR of this method is lower
than that obtained through network-based initialization.
Kernel Size = 4. A key feature of our algorithm is its abil-
ity to automatically determine the optimal number of Gaus-
sians for a given image. But how can we achieve different
compression ratios? As discussed in Sec. 3.3, our method
controls the number of generated points by setting a kernel
size k. Increasing k will reduce the number of generated
points. Our model was trained with k = 3, achieving a
well-optimized image representation. However, we can di-
rectly apply k = 4 to the same model without retraining.
The corresponding rendering results are shown in Tab. 3 as
“Kernel size = 4 (w/o train)”. Similarly, we can fine-tune
the model trained with k = 3 to adapt to k = 4, with the
corresponding rendering performance listed as “Kernel size
= 4 (train)” in Tab. 3. From the results, we observe that our
method still produces a good result even without retraining,
and fine-tuning significantly improves initialization quality.
Meanwhile, the number of generated points decreases, ef-
fectively achieving a higher compression ratio.

5. Conclusion
In this paper, we propose Instant-GI, a generalizable and
self-adaptive image representation framework based on 2D
Gaussian Splatting. Our method generates high-quality
Gaussian representations through a single feedforward pass,
followed by minimal fine-tuning to match or surpass the
rendering performance of GI, which requires significantly
longer training. Furthermore, our approach adaptively de-
termines the number of Gaussians based on the image in-
formation entropy, ensuring consistent performance across
different datasets. Experimental results in the DIV2K and
Kodak datasets show that, given the same number of Gaus-
sians, Instant-GI achieves a rendering performance compa-
rable to or surpassing GI while significantly reducing train-
ing times. These findings underscore the efficiency and
practicality of our approach for high-quality image rep-
resentation. For future work, we aim to further enhance
rendering quality by exploring alternative initialization and
optimization strategies. Our current pipeline incurs no-
table CPU overhead, particularly in Delaunay Triangula-
tion, which could be optimized for better efficiency. Lastly,
scaling our method to larger datasets may further improve
its performance, contributing to a more robust image repre-
sentation framework.
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