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Research Activities — Deep Vision

Morph/PAD/Fake Detection Scene Understanding / Multispectral Imaging
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3D Tracking Analysis and Synthesis of Humans Augmented / Extended Reality
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Flelds of Appllcatlon

Agriculture & Environment Mobility
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Problem Statement
Reconstructing the 3D World from Images

Input: a set of multi-view images - Output: a 3D scene

[3DGS]
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Implicit / Neural Representation for 3D Scenes

p— | 5

B Neural Radiance Fields (NeRF) B Gaussian Splatting (3DGS)

implicit representation based on good old point clouds / splatting
continuous coordinates discrete points, can be moved/edited (4D)
color queried from MLP each point has many attributes
training/rendering quite slow rendering fast
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1
Gaussian Splatting fi(p) = o(a)exp (‘E(p — M) (p - ui))

r=~q
\

B 3D point cloud with extended, transparent splats
B Splat attributes

Mean u interpretable as location x,y, z

Covariance X (rotation and anisotropic scale)
Opacity o(a) Factorization: ¥ = RSSTRT

Color parameters, 3 values for (R, G, B)

Spherical harmonics (SH) for view-dependent colors
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View Dependency
Spherical Harmonics =n

Representation of view-dependent colors

Represent directional color and light

&
® 8o
distribution of each Gaussian I=2 0g 06, 0_,0 O
Reflection - a— ‘ ’ x
Refraction *® * * ‘ *
Specularities I=4 *‘*‘ * * ‘ *

B SH are special functions defined on the
surface of a sphere

B Here: order 3

-1 et +Di+m) A

Y(h. _ ™M (gin §)~™ in 6

— 16 params per color channel 0,9) = FTR— (sin 6) d(cosg)f_m(sm )
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Rendering of GS Representations

____ J.’ - — add current splat ;—1
-

g - cp)= ) i ()| |(1-a;(p)
i g [0

<

accumulated transmittance

3D Gaussians projected on 2D plane parallel to image plane -> 2D splat  ¥?” — JWZWTJT
Rendered with regular rasterizer; screen is split into 16x16 tiles

All splats visible in one tile are sorted according to depth (fast radix sort)

Rendering is then performed from front to back; stopping at a certain alpha saturation value
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Initialize point cloud from SfM

£

Differentiable renderer renders images for
each provided view and compare with original

B Optimize GS parameters via Gradient Descent such ﬂ JJ(

that rendered images improve (closer to original)

B Adaptive densifications: add or remove splats in regular intervals

Camera
/V Projection \
® o
® e / ‘\ . .
et s Differentiable —>
[ ]
es., ¥ | Initialization . \ Tile Rasterizer | Image
[ ]
Adaptive /
StM Points 3D Gaussians . P
Density Control — Operation Flow ~ —» Gradient Flow
=
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Densification

’ e o0
Clone Optimization
Continues
: Optimization
. Split s
F Continues

Cloning (create 2 Gaussians with similar attributes)

Under
Reconstruction

B Gradient-based optimization changes attributes
of Gaussians but not their number

B In regular intervals, Gaussians are inserted or
deleted by 3 measures

Over
Reconstruction

In areas, where details cannot be reproduced, a Gaussian is cloned
Splitting (split a large Gaussian into 2 smaller ones)

If a Gaussian gets too large, it is split into 2 smaller ones, placed along the gradient
Pruning (deletion of useless Gaussians)

Remove Gaussian if alpha is below a threshold (almost invisible)

\
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Relighting of Gaussian Splatting Scenes

[Corona et al. RBGW: Relightable 3D Gaussians for Outdoor Scenes in the Wild, VISAPP 2026]

B Lighting typically baked into
colors

B Explicit modelling of lighting via
environment maps and
reflection via BRDFs

B Enables relighting and
reconstruction from in the wild

images
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GS Editing
Prompt-based Editing of 3DGS Scenes

Rendered novel views of a 3DGS scene before (left) and after editing (right)

“Iurn the bear into a golden
bear”
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Linear Transmittance for Neural Shaders

B GS sorted according to center P Ruear
popplng artlfacts 5 u_AAﬁrst | same for both orders
B Linear instead of exponential weights - i £
B first -;
less artifacts il e K
E T
< Ha Hp x
midpoint T L
exponential (order dependent)
® Triangle primitive with neural shader it B first

disentangle geometry from texture

decoder can correct imperfections

signal intensity
signai intensily

Z Peter Eisert — Efficient Coding and Synthesis of Gaussian Splatting Scenes ~ Fraunhofer
o HHI

\,\\J
A
e
o i o
2 7 =
. s O
e
A
L%



Efficient Coding GAN based Synthesis

[Morgenstern et al. KISS-GS: 3D Gaussian [Barthel et al. COSY: 3D Gaussian Splatting
Splatting Compression Kept Simple, ECCV 2026] Compression Kept Simple, ECCV 2026]

\

< am
3 ‘ﬂ% i Peter Eisert — Efficient Coding and Synthesis of Gaussian Splatting Scenes ~ Fraunhofer
‘(\G H.‘ER\‘\‘é.‘ HHI



Gaussian Splatting
Photorealistic Appearance but Huge in Size

B Parameters of a Gaussian:
3 coordinates — xyz
3 scales
4 rotation (quaternion)
1 opacity
3 RGB color (DC SH)

45 Spherical Harmonics
(view dependent effects)

B 14 + 45 =59 parameters
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Compression of Gaussian Splats
Comparison with Image Coding

-
“

» encoder » decoder » 4__“

A

quantize
predict
entropy coding

input image decoded image

fixed representation

_ compare 4—'
quality
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Compression of Gaussian Splats

encoder decoder
quantize _
GS point cloud predict decoded point cloud
different representations entropy coding

\
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Compression of Gaussian Splats

encoder decoder
quantize _
GS point cloud predict decoded point cloud
different representations entropy coding
train scene render views

images for training and testing may differ

compare

H - 3 i Al 4%*4’3‘ P ot
quality b o 5
synthesized images
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Compression vs. Compaction

different representations

GS point cloud

train scene

o -

multiview images

encoder

quantize
predict
entropy coding

encoding

compare
quality

decoded point cloud

render views

B

synthesized images
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Compression vs. Compaction

encoder

quantize
predict decoded point cloud

entropy coding

GS point cloud
different representations

train scene compaction render views

encoding and compaction
need to be considered jointly

compare
quality

synthesized images
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3 Ways of Reducing 3DGS File Sizes

Sensitivity scoring : ortutual pudoed
1
1 nudge
IS SR
> ¥ > -bi
gsplat MCMC Prune + refine I v v
3‘01{ iterations ° : - les
®e o 1R T Ss
-ply primitives attribute map I
PopSpa SOG-XT format I
1 SOG-XT + FT
\_ J J \ J v _____.
B Compaction, encoding, adaptation
B Typically, all or most strategies are applied jointly
B Difficult to compare approaches
& N”@ﬁ =
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Compaction (Modify Representation to be Coded)

Different Strategies to Get Smaller GS Representations

Under Reconstructon Tioning

& -° o T I T
- Yo o "o

Over Recanstruction Spiting

' 1,0
‘ (.. Opumizing
ﬁ' )’ \_“_/ ... " o
] i v N s ®~® Vg @=® ¥
22 24 s . . .

” . » ‘.:_‘.

different parameterization densification & pruning coding aware training

N Gaussians Masked Gaussians

Voxelized scene with

SfM initialized points Anchor structure
initial SfM » E_":;‘;t’i:"“
= points 5 feature
#‘ iy
Q©  ancher
----» leamable offset
() S o sncr esres
structural changes efficient rendering
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Compact 3D Scene Representation via
Self-Organizing Gaussian Grids

ECCV 2024

Wieland Morgenstern', Florian Barthel 2 Anna Hilsmann!, Peter Eisert"2
! Fraunhofer Heinrich Hertz Institute, HHI

2 Humboldt University of Berlin

D ECCV 2024 Redux Talk D View Dependent Podcast

Millions of Gaussians
~640 MB
n Color

Scale Opacity ..
am

Sorted
2D Attributes
~28.8 MB

e

PSNR 25.57dB

>

PSNR 25.44dB



Core Concept of Self Organizing Gaussians

Grid-Based :
Sorting Compression
Set of 3D Reshaped Sorted Optimized
Gaussian Splats as 2D Grid 2D Grid Compact
3D Scene

Representation

\
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Grids of 3DGS attributes

rotation position scale opacity color spherical harmonics

Gaussian Splat

A single Gaussian splat needs 59 attributes to render.
We can reshape the attributes of a scene of n Gaussians
into a grid of shape /n x /n x 59

]
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Compressing sorted data
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Compressing sorted data
PNG - lossless compression

626 KB : » 496 KB : > 199 KB
1.26Xx reduction 2.49x reduction
3.15x reduction
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Compressing sorted data
JPEG - lossy compression

298 KB : » 174 KB : » 33 KB
1.71x reduction 5.27x reduction
9.03x reduction
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Costs for Sorting

opacity: a
orientation: q4,..,q,
scale: Sy:SyS;

| —— position: x,y,z

— color:n,g,b

Each Gaussian has several attributes

All attributes A, must be sorted identically

One cost function used for sorting:
c=2;w; 4

Must be balanced across attributes

Position very important
(and correlated with other attributes)
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Parallel Linear Assignment Sorting

\ ry \J 7y \ ,’
Blockwise Blockwise Blockwise ¢
1 . ] "
Linear /\_ | Gaussian Linear /\ | Gaussian Linear

I Blur ~ Assignment

Assignment I Blur Assignment :
2 |

A

Our novel algorithm: Sorting multi-dimensional data into locally smooth 2D grids.
Allows us to group 3D Gaussian Splats with similar attributes close together in 2D.
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Self Organizing Gaussians [SOG]

\
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Adaptation

#OOO%%

B Gaussian Splatting scenes exhibit many ambiguities to create the same scene
B Optionally, a finetuning can be conducted after reconstruction
additional loss: smoothness in attribute planes

can further reduce bit-rate without drop in visual quality

\
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Quantization

B Quantization of attributes

Position 16 bit can be split into high byte low byte
Color 8 bit
Scale, Rotation 6 bit
Opacity 6 bit

Spher. Harmonics 5 bit

B Compress 59 grids as 2D images
using JPEG XL or WebP with different parameters, one file per attribute group

spherical harmonics: an image with 15 layers
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Results

3D Gaussian Splatting Ours

R

B Size reduction by a factor of 20-40 Millions of Gaussians
~174 MB

Index Position Color Scale Opacity

0 (0.148,0.601,0.294) (0.871,0.917,0.886) (0.499, 0.639,0.471) 0.722 .
1 (0.481,0.319,0.554) (0.983,0.799,0.379) (0.576,0.653, 0.913) 0912 -
. N t t I d H f' t H 2 (0.773,0.833,0.396) (0.207,0.164,0.421) (0.693,0.551,0.672)  0.074 S o rte d
O S ru C U ra m O I I Ca IO n n ecessa ry 3 (0.838,0.267,0.669) (0.475,0.478,0.521) (0.192,0.459,0.771) 0.667 9 2 D Attributes

4 (0.135,0.054,0.808) (0.308,0.882,0.829) (0.394, 0.532, 0.026) 0.503
5 (0.148,0.601,0.295) (0.871,0.917,0.886) (0.499, 0.639,0.471) 0.722 2 ~9 . 5 M B

2.;87 (0.027, I]134 0.02) (0.204, 0669 0.816) (0.877, 0553 0.416) 0.;87

~— I —

B Supports hardware decoding

¥

B Easy to extend to new research trends

B Basis of most methods within MPEG

PSNR 24.89dB PSNR 24.83dB
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Coding Results
3DGS

» 28.8 MB

639.7 MB :
22x reduction
Z Fraunhofer
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https://survey.3dgs.zip/

3DGS.zip: A survey on 3D Gaussian Splatting
Compression Methods

Knoll1, Yi-Hsin Li3, Florian Bart
1 Fraunhofer Heinrich Hertz Institute, HHI

Milena Bagdasarian’, el'2, Anna Hilsmann', Peter Eisert'-2, Wieland Morg

2 Humboldt University of Berlin

3 Technical University Berlin

€ Star us on Github -

We present a work-in-progress survey on 3D Gaussian Splatting compression methods, focusing on their statistical performance across various
benchmarks. This survey aims to facilitate comparability by summarising key statistics of different compression approaches in a tabulated
format. The datasets evaluated include Tanks and Temples, Mip-NeRF 360, Deep Blending, and Synthetic NeRF. For each method, we report
the Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), Learned Perceptual Image Patch Similarity (LPIPS), and the
resultant size in megabytes (MB, 1046 bytes), as provided by the respective authors. This is an ongoing, open project, and we invite
contributions from the research community as GitHub issues or pull requests

Compression Compaction
Method Rank # Tanks and Temples Mip-NeRF 360 Deep Blending Synthetic NeRF
Size Size Size Size
“ PSNR SSIM LPIPS [MB] PSNR SSIM LPIPS MB] PSNR SssIm LPIPS (MB] PSNR SSIM LPIPS B8]
. HAC-lowrate 43 24.04 0.846 0.187 8.5 27.53 0.807 0.238 16.0 29.98 0.802 0.268 4.8 33.24 0.987 0.037 12
@ HAC-highrate 4.3 24.40 0.853 0177 1.8 2177 0.811 0.230 22.9 30.34 0.906 0.258 6.7 33.71 0.968 0.034 2.0
gsplat-1.00M 48 24.03 0.857 0.163 16.1 27.29 0.811 0.229 16.0
IGS low 57 23.70 0.836 0.227 89 27.34 0.81 0.255 13.4 30.83 0.804 0.293 6.6 33.36 0.971 0.036 1.8
IGS high 6.4 24.05 0.849 021 13.1 27.62 0.820 0.245 27.0 32.33 0824 0.253 8.1 34.18 0.975 0.032 29
B Compa a1 23.44 0.838 0.198 13.0 2712 0.808 0.240 19.0 29.90 0.907 0.251 13.0
8.5 23.70 0.837 0.208 101 27.26 0.803 0.239 17.3 29.69 0.901 0.279 9.2
a5 23.39 0.836 0.200 12.0 27.03 0.804 0.243 18.0 29.90 0.906 0.252 12.0
9.1 23.34 0.835 0.195 12.0 27.05 0.802 0.239 235 29.63 0.802 0.252 18.0 3312 0.967 0.035 23
95 23.57 0.840 0.188 14.0 27.10 0.808 0.226 28.0 29.63 0.802 0.249 18.0

Bl o uls O ann N 1c nang n 100 ana ne ce n 709 n oAt T ng 19 naas " a7n 7 e g7 nacao nnNAa -
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KISS-GS (ECCV 2026)

(
\

Stage 1

gsplat MCMC
3‘01{ iterations |

Stage 2

Sensitivity scoring

¥ >

Prune + refine

e %o
-ply primitives ’ attribute map
PopSpa SOG-XT format
\_ J J \ J
vary prim. count ~15.7x reduction (avg) ~6.6x reduction (avg)

Compaction: combination GaussianSpa with GaussianPop

Encoding: high dimensional sorting, SH via codebooks

Adaptation: coding aware finetuning

Total reduction

continuous

quantized

«
«

_________________________

~2.2% reduction (avg)

15.7 X reduction
6.6 x reduction
2.2 X reduction

228 x reduction

v
£
»
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POPSpa Compaction

B GaussianPOP

determine each Gaussian‘s contribution to the rendered views

B Constrained optimization with GaussianSPA:

min £ (a,®), s.t. ||allo < &
a,®

B Efficient rank regularization (to avoid needle like Gaussians)

erank(X) = exp (— Z?:l Di - 10gpz‘)

B Largest gains (about 15x)

\
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Ambiguities in Scale and Rotation

L3
7 4
I"/-" A-”/"
.r .-*
i i
4 v

B Covariance is decomposed into > = RSSR/

rotation (quaternion: 4 parameters) and

ook AR

scale (3 parameters)
B 48 different parameter configurations with the same resulting Gaussian

B During sorting: assign the configuration with the highest smoothness

) =
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Spherical Harmonics: VQ with Sorted Codebooks

B Vector quantization of SH
coefficients (15x3 per Gaussian)

k-means clustering (64k centroids)
PLAS sorting of codebook
" codebook easy to encode

“ neighboring indices smoother

o e’
o9 » ® @
b 3 - ° b .o
L] DOe &
. T
l Clustering Vector t
.7| Quantization
> _o e
™Y ‘ \\ Codebooks
- A 3 .
*®

., =
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Results for MipNeRF360

PSNR [dB]

28.0

275

27.0

26.5

26.0

255

25.0

INRIA-Q: 27.20 dB

Average over scenes: MipNeRF360

228.4x

'OIIIIG.

103.6x

6.6x

v

> €

POPSpa @ INRIA-Q: 47.1 MB

SOG-XT @ INRIA-Q: 7.13 MB
SOG-XTFT @ INRIA-Q: 3.23 MB

INRIA 40k: 738 MB

1M

M

SM

10M

20M 50M
Size [Bytes]

100M

T 1
200M 500M

Joint Compaction+Compression
HAC+Ht

Compaction (Reconstruction)
+ O INRIA 40k + ply

Post-hoc Compression

~$~ INRIA 40k + SOG-XT
POPSpa + sog
POPSpa + spz

Ours

= O POPSpa+ ply

=6~ POPSpa + SOG-XT
—#— POPSpa + SOG-XT +FT
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Results and Evaluation

Method Tanks and Temples|Mip-NeRF 360| Deep Blending |Synthetic NeRF
PSNR SSIM LPIPS PSNR SSIM LPIPS |PSNR SSIM LPIPS|PSNR SSIM LPIPS
CodecGS [21] 1ccv 25T h3* - - 72% 72* - | 76* 76* - |n/a n/a n/a
ContextGS [42] NeurlPs 24| 42% 42* - 5% 55* - |187* 187* - |n/a n/a n/a
gsplat-1M [13] arXiv ‘247 60* 44 26 52 57 28 |n/a n/a n/a|n/a n/a n/a
HAC [3] Eccv 24T 49% 48 - 46* 46* - [150* 129 - | 47 - -
HEMGS [22] arXiv 241 69* 69* - 59*% 59* - |220% 220* - |57* - -
HAC-++ [5] TPAMI '25 7T 68 - 70 36 - |156 156 - - - -
Ours (SOG-XT) 227 104 60 104 73 40 | - - - | 10 - -
Ours+FT 319 131 72 228 109 64 | 8 98 - |21 14 14
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Visual Result
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© KISS-GS @ Cleanview L] Fullscreen O Rendering on

3.94 MB

256k splats - 123 b/splat
60 FPS

See §2 0 33
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COSY: Compositional 3DGS Synthesis for Disentangled
Human Head Editing [ECCV 2026]
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3D GANs for Head Model Synthesis

Learning from 2D images only

.\‘
3D N Y - .
Generator NalZ,

2D Rendering 2D
Discriminator

Dataset with 2D Images
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CGS-GAN

[Barthel, 3D Consistent Gaussian Splatting GANs for High Resolution Human Head Synthesis, NeurlPS 2025]
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Current Problems with View Conditioning
Solved by removing View Conditioning and Multiview Regularization

Fixed Frontal Conditioning Standard Viewpoint Conditioning
(only frontal views look good) (inconsistent over viewing direction)
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Comparison of CSGAN with other Approaches

GGHead ours

fixed data
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Interactive Editing

1.000 0.000 10.000

W e | [NeurlPS 2025]

Safe Load

Drag

Latent Space

1 -08 06 -04 -02
Truncation PSI

Camera Conditioning  frontal

Latent Space w

=
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Fitting to Images through GAN Inversion

4 Yy VVYVYVYYY

Start Tuning
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Problem: Entangled GAN Space

[StyleFlow]
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COSY [Barthel et al. ECCV 2026]

Independent Latent Spaces for different Attributes
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Shape Context
Ensures that different parts fit together

Latent shape vector

Only affects small
decoder of positions

Cannot change colors
etc.

Z&hape
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Light Context

En

sures that lighting is consistent
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Disentangled Editing of 3D Models
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Future Work
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other object classes multiple object classes
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Conclusion

B Gaussian Splatting is an exciting representation but huge in size
High dimensional sorting enables efficient compression
Size reduction can be reached via compaction, encoding of adaptation (finetuning)

Sorting can also improve vector quantization

B Gaussian Splats can also be synthesized via GANs
No 3D datasets required
Fast and interactive editing
Disentangling of latent space into sub-groups for easier modification

No mask or object supervision
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Questions?

Contact:

Peter Eisert

peter.eisert@hu-berlin.de
+49 30 2093 41180
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