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• Training cost scales with number of images 
and acquiring new training views is expensive. 

• Current information formulations for 3D-GS are 
rigid/constrained to one function.

• Classical approaches formulate view selection 
through optimal experimental design, yet 
application is non-trivial.

Motivation

• Formulate information gain as a reduction of 
uncertainty.

• Quantified as a function of covariance matrix, 
depending on a scalar p [1]. 

• Each has a unique geometric interpretation

P-Optimality (T.O.E.D.)

Efficient and flexible information quantification in 3D-
GS for active exploration and keyframe selection. 

(a) Uniform Sampling (b) FisherRF (c) Ours (d) Ground Truth

Hessian Matrix Approximation

1. Construct Hessian matrix (right) 
using Gauss-Newton Approximation 
𝑯 𝜽 = 𝑱𝜽𝑻𝑱𝜽

2. Relate covariance to Hessian         
𝚺 ∝ 𝑯 𝜽 !𝟏 (asymptotic relationship 
in MLE for exponential family)

3. Approximate as diagonal or
block-diagonal due to size.

4. Measure reduction in covariance 
with P-Optimality.

Method (a) Mip-Nerf360 [3] Data (b) Blender [4] Data

D-Opt. References
1. Jack Kiefer, “General equivalence theory for optimum designs (approximate theory)”. The Annals of 

Statistics, 1974.
2. Jiang et al., “FisherRF: Active View Selection and Uncertainty Quantification for Radiance Fields using 

Fisher Information”, ECCV, 2024. 
3. Barron et al., “Mip-NeRF 360: Unbounded Anti-Aliased Neural Radiance Fields”, CVPR, 2022.
4. Mildenhal et al., “NeRF: Representing Scenes as Neural Radiance Fields for View Synthesis”, ICCV, 2020.

➡ Uncertainty correlated w/ image quality➡ T and D Opt. most effective
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