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TurboGS : Accelerating 3D Gaussian Splatting via Error-Guided 
Sparse Pixel Sampling and Optimization
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Finish Training Within ~100 Seconds

Compute Where It Matters



Background : Why Do We Need Fast 3DGS Optimization ?

Rome Images

> 12x Faster Training than Vanilla 3DGS

Ours : ~ 92s

3DGS 
Optimization

3D Gaussian Scene

For Frequently Updated Scenes, Optimization Latency Becomes the Bottleneck

Digital Twin

🔥

Robotics Scene Digital Human / Object Content Creation



Baseline 3DGS : Inefficient Computation Allocation

Gaussian 
Points Dense Rasterization

All Gaussian Grads
Densification 

Pruning

Gradient-Dominated (No efficient density control) 

Full Tiles  
Full Pixels

All Pixel Grads GT

1.0 seond 10.0 seonds 20.0 seonds 40.0 seonds

Most Pixels are Rapidly Well Reconstructed, yet They Still Consume Large Computation

Error Map

Rendering

...

3DGS : All Pixels Treated Equally



Motivation : Compute Where It Matters
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Ours

PSNR - TIME on Bicycle Data

4.0 s

20.82 dB

8.0 s

22.14 dB

60.0 s

25.06dB

73.0 s

25.27 dB

GT Pixels



TurboGS : Framework Overview
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Difficult Tiles

Error-Guided Pixel Sampling

3DGS : All Pixels and Gaussian Points Are Treated Equally

TurboGS Focuses on 1) Where to Optimize ?  2) How to Optimize ?  3) What to Optimize ? 

1)

2)

3)



Adaptive Error-Guided Sparse Pixel Sampling

Focus on Informative Pixels with Higher Recon. Error

Persistent Informative Maps

et,v(p) = ∥ ̂It,v(p) − Iv(p)∥1

Av(p) ← {0, p sampled,
Av(p) + 1, otherwise .

Error Map Age Map

Pixel Loss as Error Signal :   

Pixel Age Update :   

5.0 s

Determine Where to Optimize ? 

Error-Prior Importance Sampling : 

πE(p ∣ τ, v) =
Ev(p)

∑q∈τ Ev(q) + ϵ
, p ∈ τ,

Age-Prior Stable Sampling : 

𝒮t,v(τ) = TopKp∈τ∖ℋt,v(τ)(Av(p), Nstable),

Full Sampled Set : 𝒫t,v(τ) = ℋt,v(τ) ∪ 𝒮t,v(τ)

EMA Update of Pixel Errors :   

Ev(p) ← (1 − β) Ev(p) + β et,v(p)

20 s Pixel Error 40 s 96 s

Rendering

Col.Err.



Adaptive Geometry-Aware View Sampling

Neighbor View Sampling Stack UpdatingView-Error Stack
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No Replacement

Pop M Views

Repeat Sampling 

Anchor View Selection

Baseline 3DGS : 

Random Single View per Iter.

TurboGS : 
Error-Guided Anchor

Geometry-Aware  
Neighbor Sampling

+

Error Map Information Statistics :   Ēv =
1

|Ω | ∑
p∈Ω

Ev(p), v⋆ = arg max
v

Ēv, (Anchor View)

π(u ∣ v⋆) ∝ exp( − λd∥cu − cv⋆∥2 − λθ(1 − ⟨du, dv⋆⟩)),Neighbor-View Searching  :   (K Sampled Views)

Where to Optimize Globally ?  Multi-View Supervision with Local Geometric Perception



Efficient Sparse Pixel Rasterization
Per-Tile Pixel Parallelization (Forward)

Rendered Tiles Tile Indices
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Grid :
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Per-Gaussian Splat Parallelization on Sparse Pixels (Backward)

Differentiable Pixel Rasterizer

Thread : 1 pixel

…

Cooperative Load

Pixel States

Share Mem 
(per Warp)

T ar grad

for this strip
…

P0 P1 PK-1

Sparse Pixels
K <= 32 this strip

…

32 Gaussians 
per Warp

0 1

… 31
0 1 2 … 31

0

1

3

Sp
ar

se
 P

ix
el

s 
K

 =
 4

Active Splats

…

…

…

…
2

S0

S1

S2

S3

3

S0

S1

S2

S0

S1 S0

Diagonal Sweep over Pixels & Warp Shuffle

Forward Pixel Rasterization : 

1) Maintain Valid Tile Indices

2) Calc. Tile-Pixel Offsets

3) Query Pixel Indices in Each Block

Backward  : 

1) Sampled Sparse Pixels

2) Per-Gaussian Warp Assignment

3) Warp-Shuffle Accumulation

4) Gradient Atomic Reduction



Making Sparse Optimization Effective

Local Tiles Sampled Pixels GT

S-NCCL
(       ,         )

Pred

Tile-Wise Structure Loss :   

ℒτ
S−NCC = 1 − NCC( ̂It,v(𝒫t,v(τ)), Iv(𝒫t,v(τ))) .

λτ
ncc = clip(

ḡτ
ℓ1

ḡτ
S−NCC + ϵ

, 0, 1),

ḡτ
k = 𝔼p∈𝒫t,v(τ)[∥∇ ̂I(p)ℒ

τ
k(p)∥1], k ∈ {ℓ1,S-NCC} .

Gradient-Balanced Weighting : 

What to Optimize ? Compact GaussiansHow to Optimize ? 

Rasterize ( Warp Reduce )

Split, Clone

Pruning

Grad2d  > τg   &   Errgau  > εg   &  Distgau  > dg

Error Maps

Per-Gaussian Error & Weight Accumulation  :   

ℰ(t)
i = ∑

v, p
et,v(p) wt,i(p), 𝒲(t)

i = ∑
v, p

wt,i(p) .

e(t)
i = ℰ(t)

i /(𝒲(t)
i + ϵ) d(t)

i = 𝒟(t)
i /(𝒲(t)

i + ϵ)

Normalization by Visibility  :   

(J⊤
g Jg + diag( vg + ϵ)) Δg = − mgMoment-LM Solver : 



Ablation Study : WHY It Works  

Ours (Full)S-NCC. → S-SSIM. Sparse Adam (only)

Err-SPS. → RPS. Geo-VS. → RVS. Ours (Full)

3DGS (baseline) + Err-SPS.      Err-DP. (Full) Ground Truth

23.42dB (avg) 25.24dB (avg)

24.73dB, 0.81M24.47dB, 0.76M24.21dB, 0.72M

29.42dB29.04dB29.50dB ref

973 s 101 s

…

+ Err-SPS. & Geo-VS. + Sparse-NCC. + Err-DP. (Full)

69 s

23.18dB, 0.60922.34dB, 0.595

102 s90 s

22.52dB, 0.551

Ablation on MipNeRF-360 Dataset

Dominates Major Acceleration

Geo-VS. Improved Multi-View Consistency

Sparse-NCC. Recovers Fine Structures

Err-DP. Adaptive Capacity Allocation

Err-SPS.



Analysis of TurboGS

Completes training within ~80s in three representative datasets, while achieving competitive quality.

Bicycle

GVS EPS FWD BWD EDCΔGLoss E



Optimization Progress Visualization

Bicycle

Flowers



Large-Scale Scene Results



Comparisons of Optimization



Comparisons of Optimization



Key Takeaways

Ground Truth

Ground TruthError Map

Rendering

Low 
Response Rippling

Artifacts

Main Insight : Not All Pixels deserve equal computation.

Allocate computation adaptively across views, pixels and Gaussians.

Conclusion : 

• Error-Guided Sparse Optimization achieves > 10x Speedup than Baseline 3DGS 

• Compact Gaussian Representation with Error-Guided Density Control

Limitation : 

• Low-Texture Regions : May Need Adaptive Dense Supervision; • Extend to Dynamic Scene



THANKS YOU

https://zhengdong.site/projects/TurboGS/

Project Page

https://zhengdong.site/projects/TurboGS/

