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Latent Sparsification for Gaussian Splatting Compression in
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Abstract

This paper applies latent sparsification to improve the compression efficiency of dynamic Gaussian splatting-based online
free-viewpoint video (FVV) and experimentally analyzes its effect. The proposed method employs L1 regularization on
pre-quantized residual latents, driving the latent representations toward zero and thereby increasing the proportion of zero-valued
symbols after quantization. As a result, the entropy of quantized latents is reduced, leading to improved entropy coding efficiency.
The proposed method requires only a single regularization term in the training objective without modifying the existing
compression architecture, making it readily applicable to existing compression pipelines. Experimental results on the N3DV and
MPEG GSC datasets show that the proposed method achieves an average residual storage reduction of 55.4% and a maximum
reduction of 68.4% over QUEEN with less than 0.3 dB PSNR loss, as well as an average 7.4% BD-rate reduction over standard
deviation-based regularization. Analysis of the latent distribution across regularization strengths confirms that L1 regularization
sparsifies latent representations into a form more favorable for compression.

Keyword : Free-Viewpoint Video, Dynamic Gaussian Splatting, Video Compression, Latent Sparsification, Entropy
Coding
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Fig. 1. Overview of the QUEEN compression pipeline with the proposed L1-based latent sparsification loss (in red)
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Table 1. Symbol distribution of integer latents per attribute in the QUEEN baseline

(The per-attribute latent dimensions are 8 for color(DC) and scale, 4 for color(AC), 6 for rotation, and 3 for opacity.)

Dataset Attribute # Symbols zero-ratio bit/symbol
Color (DC) 5.0 0.961 0.278
coffee martin Color (AC) 9.7 0.850 0.797
(N3_DV) Scale 5.6 0.981 0.151
Rotation 7.3 0.828 0.840
Opacity 15.6 0.610 1.721
Color (DC) 5.3 0.959 0.286
sear steak Color (AC) 11.9 0.847 0.814
(NEDV) Scale 4.5 0.980 0.158
Rotation 7.4 0.794 0.954
Opacity 16.1 0.561 1.866
Color (DC) 6.9 0.916 0.497
Color (AC) 9.0 0.809 0.929
(Mfgg”gesrc) Scale 7.0 0.960 0.273
Rotation 10.1 0.762 1.071
Opacity 23.9 0.492 2.067
Color (DC) 73 0.906 0.553
cinema Color (AC) 9.8 0.814 0.931
(MPEG GSC) Scale 6.4 0.952 0.321
Rotation 121 0.754 1.121
Opacity 25.8 0.551 2.008
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Table 2. Key training hyperparameters
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Category Parameter Value
Optimizer Adam
Training Epochs (first / residual frame) 500 / 10
SH degree 2
Loss D-SSIM weight 0.2
Gate LO weight 0.01

Opacity / Rotation

0.05 / 0.05

Learning rate

Scale / Color DC / Color AC

0.01 / 0.0025 / 0.000125

idual ;
(residual) Position / Latent decoder 0.0005 / {10%,10"%}
Latent dim Color DC / AC / Scale / Rotation / Opacity 8/4/8/6/3
Proposed L1 weight Ay, {0, 107> ~ 5x107%
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N3DV coffee_martini N3DV cook_spinach N3DV cut_roasted_beef N3DV flame_steak
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304 270 © A_sparse = 1x10-2
26 O A_sparse = 5x10~7
325 © *2 ° 26.8
T2 2. HE L A, O O HE S-PSNR MAEZ
Fig. 2. Storage-PSNR scatter for varying ..
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PSNRS #AE AHEE dekd Zolth 7& +x 7N Al 204 PSNR =41 0.3 dB ©|WE HF 55.4%, 3
(QUEEN, A, =0)7F &4 2T AlFste A% @ o 68.4% (sear_steak)®] A7 &Fo] A=k ofwf
g, Ashs e A 2ES B 583 89 A} LPIPSS] wis} B3 ST gAY BE A2l
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= T =
#H, H8% 4% FAE PSNRO] 71F T2 57 B2 °le1% deho N3DVS MPEG GSC w5 A4
o] EEt} E4 252 Yolw sido] 45 A5t YAHA AZEHAT FREC] JHA 2 E Y2 bartender
5= 2Ed Asfo] AFHTH S} cinema®l A= 0.2 dB o] ] sHd BIStE 35% o]/de]
- - . AA 8 2ZES A7 5l Z RQorsl= 718 Az I3
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Table 3. Compression at the operating point (minimal PSNR loss)

Sequence Baseling PSNR (dB) / A L1 ESNR (dB) / APSNR | ALPIPS Reduction
Size (MB) sparse Size (MB) 1 ! 1

coffee_martini 25.55 / 0.871 5x10°° 25.25 / 0.417 -0.29 +0.010 52.1%
cook_spinach 32.06 / 0.532 5x107° 31.91/ 0.180 -0.15 +0.004 66.1%
cut_roasted_beef 31.88 / 0.510 1x1073 31.78 / 0.198 -0.10 +0.003 61.1%
flame_steak 32.85 / 0.515 5x107° 32.71/ 0.165 -0.14 +0.003 68.1%
sear_steak 33.01 / 0.533 5x10°° 32.80 / 0.168 -0.21 +0.003 68.4%
bartender 31.15/ 1.311 11073 30.98 / 0.845 -0.17 +0.004 35.6%
cinema 27.65 / 0.971 1x10°3 27.53 / 0.616 -0.12 +0.005 36.6%
Average 55.4%
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Table 4. Per-attribute symbol distribution before and after L1 regularization
(For the same four sequences as Table 1, the per-attribute zero-ratio and bits-per-symbol of the QUEEN baseline and the
L1-regularized model are compared, using a single representative seed. The L1 regularization strengths are the operating points

from Table 3 (coffee_martini-sear_steak X

sparse

=5x10"?, bartender-cinema 1x10"?%).)

Dataset Attribute zero-ratio (Base) zero-ratio (L1) bit/symbol (Base) bit/symbol (L1)
Color (DC) 0.961 0.998 0.278 0.026
coffee martini Color (AC) 0.850 0.927 0.797 0.471
(N3‘_DV) Scale 0.981 0.996 0.151 0.038
Rotation 0.828 0.996 0.840 0.043
Opacity 0.610 1.000 1.721 0.000
Color (DC) 0.959 0.998 0.286 0.019
sear steak Color (AC) 0.847 0.934 0.814 0.429
(NaTDV) Scale 0.980 0.998 0.158 0.024
Rotation 0.794 0.998 0.954 0.028
Opacity 0.561 0.999 1.866 0.008
Color (DC) 0.916 0.969 0.497 0.231
bartender Color (AC) 0.809 0.904 0.929 0.559
(MPEG GSC) Scale 0.960 0.983 0.273 0.144
Rotation 0.762 0.967 1.071 0.247
Opacity 0.492 0.942 2.067 0.426
Color (DC) 0.906 0.961 0.553 0.280
. Color (AC) 0.814 0.890 0.931 0.639

cinema

(MPEG GSC) Sca!e 0.952 0.974 0.321 0.197
Rotation 0.754 0.957 1.121 0.311
Opacity 0.551 0.967 2.008 0.264
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Baseline (QUEEN) L1, Asparse=1e-4 L1 Asparse=1e-2

Opacity
Probability (log)

-6 0 6
-6 o 6 -6 0 6 -6 o 6
Integer symbol Integer symbol Integer symbol
12 3-a. cinema A[EAS SMY (EFYHE-5|H A7) M4 &R E8o| ME 2X
(EERE 7|Z 7% (QUEEN), MI2tSk= L1 Bst (A, = 1074 107%)2] Zzo|0d, 2 Jai=
9| J|2E2 A AMEZL MZE2 20 AF2UZ LIEKH £8 2E0|Ct)

Fig. 3-a. Integer latent symbol distributions (opacity, rotation, scale) for the cinema
sequence.

(From left: baseline(QUEEN) and the proposed L1 regularization with . = 10~* and
10~ 2. The horizontal axis denotes the integer symbol value and the vertical axis the occur-
rence probability in log scale.)

Baseline (QUEEN) L1, Asparse=1e-4 L1, Aparse=1e-2

Opacit
Probability (log)

Rotation
Probability (log)

Scale

Probability (log)

-6 0 6 -6 0 6 -6 0 6
Integer symbol Integer symbol Integer symbol

2! 3-b. coffee_martini A|E20] CHEH S5 H|m
Fig. 3-b. The same comparison for the coffee_martini sequence
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E 5 L1 et HE HRQ JRRAl T Hlm
(F 32| 2 (coffee_martini-sear_steak A,,,.,. = 5 < 107*, bartender-cinema 1x 10~*)0{A] St&
&t CHE A= stte] Zoolod, ZhAL Za|lofl CHell Zm&t 7HRAISH JHS-OILt)
Table 5. Number of Gaussians before and after L1 regularization
(The number of Gaussians averaged over residual frames, using a single representative seed
trained at the operating points (coffee_martini-sear_steak ,,,.., = 5 < 10~%, bartender-cinema
1x10~%) from Table 3.)
Sequence # Gaussians (Base) # Gaussians (L1) Change
coffee_martini 331,045 331,944 +0.27%
sear_steak 222,723 219,761 -1.33%
bartender 378,106 378,903 +0.21%
cinema 255,333 256,312 +0.38%
4. BELA 7|8k Ywsiefel vlm FEAA 7 Ase 7 4 A 18 2R
£ A2AES SEHEE, BE AAE BFS FHL
2 =AM E A 284S 0 TR FEA] A% 2 Hg Ao r FA7])= SA4= 7tk v L1 44t
WO E L1 7k AfstE Asteiich g, A 2de L 7 AR mde Azl A FLsle] 7|7 e
HFA7IE WHoRe B0 REUAE A2NVIC E - ) 58S $4502 008 Frait) gepq F e
ERA ) Aests e S Qom, ol QUEENTS g Bxs wWishAlsl= wajo] AR thEm, ojeld 2ol
FEAAE A A JhA WRICR ASE H otk F U = gl o]F A4 A BE) A Bxe dERT
B5F A 289 £XE FHAYIE AFHE /HAAY, o3t aeoe 9= A 2R Ve
EE WA 7= A odlE Aozt SR e wheba 2 A 0|2 A=3l7) Yste] TUS 7)FE TZ9) 5 2 A
M e FLT sk Al BE=HA} 710 Atstetk Ll A BFEHA} 719F Apake} A|ekslhe L1 7|6 AqrakE 7
715k Aeke vlaetel ARk we] A3E AFAT g Hestar T A7E 4o 24 P slefshs gel

N3DV coffee_martini

Rate-Distortion Comparison: L1 vs. std Regularization (seed-averaged, n=5)

N3DV cook_spinach

N3DV cut_roasted_beef
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i
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Size (MB) L

MPEG GSC Bartender
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MPEG GSC Cinema

050 015

N3DV sear_steak

PSNR (dB) 1

5 020 025 030 035 040 045 050 055
Size (M) +

T2 4. L1 7|Eh Zralet mEEA J|H Fete| A= HE 2-9f

e 2T o2 A}

Mo A

pd e
= =0T o

(

09 10
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12 13
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=x,,=09 7|
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=

)
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@ QUEEN (baseline)
0 L1 (Asparse ™)
-~ std (AsaT)

(T4 A|EA, A|S 53] BF)
(QUEEN)Z ZgsiC

Fig. 4. Seed-averaged rate-distortion curves of the proposed L1-based and the standard-deviation-based regularization for
seven sequences (averaged over 5 seeds)
(Each curve connects operating points in order of regularization strength and shares the baseline (QUEEN).)
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Table 6. BD-rate comparison between the proposed L1-based and
the standard-deviation based regularization

(Averaged over 5 seeds; a negative value indicates smaller storage
for L1 at the same quality.)

Sequence BD-rate |
coffee_martini -10.0%
cook_spinach -11.0%

cut_roasted_beef -7.1%
flame_steak -1.7%
sear_steak -8.0%
bartender -4.6%
cinema -9.7%
Average -7.4%
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Fig. 5. Qualitative comparison of rendered test views

(From left to right: Ground-Truth, QUEEN baseline, and the proposed method (L1). The storage size / PSNR / LPIPS of each
frame is annotated at the top of the baseline and proposed-method results. Colored boxes denote the zoomed regions (red:
motion, blue: specular, green: texture). The top and bottom rows correspond to the bartender (A =1x10"*) and sear_steak
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(A gparse = 5 107%) sequences, respectively.)
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Table 7. Training time before and after L1 regularization
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(The training time per residual frame in seconds, using a single representative seed trained at the operating points from Table 3.)

Sequence Training time (Base) Training time (L1) Change

coffee_martini 7.67 7.57 -1.3%

cook_spinach 7.69 7.64 -0.7%

cut_roasted_beef 7.16 6.91 -3.5%

flame_steak 7.54 7.35 -2.5%

sear_steak 7.61 7.46 -2.0%

bartender 7.72 7.51 -2.7%

cinema 6.29 6.29 0.0%

Average 7.38 7.25 -1.8%
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