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Abstract

In this paper, we present a novel algorithm for quantify-
ing uncertainty and information gained within 3D Gaussian
Splatting (3D-GS) through P-Optimality. While 3D-GS has
proven to be a useful world model with high-quality raster-
izations, it does not natively quantify uncertainty or infor-
mation, posing a challenge for real-world applications such
as 3D-GS SLAM. We propose to quantify information gain
in 3D-GS by reformulating the problem through the lens
of optimal experimental design, which is a classical solu-
tion widely used in literature. By restructuring information
quantification of 3D-GS through optimal experimental de-
sign, we arrive at multiple solutions, of which T-Optimality
and D-Optimality perform the best quantitatively and qual-
itatively as measured on two popular datasets. Addition-
ally, we propose a block diagonal covariance approxima-
tion which provides a measure of correlation at the expense
of a greater computation cost.

1. Introduction

In order to operate in a novel environment, robots must be
capable of quantifying uncertainty in their surroundings due
to occlusions and unobserved regions, as well as quanti-
fying information gained by exploring new areas. While
many prior methods for map representations were built on
a metric space with natural uncertainty quantification, such
representations result in discretization errors of the environ-
ment [38]. Recently, 3D-Gaussian Splatting (3D-GS) was
proposed as a method for high-quality novel-view synthesis
[14], which captivated the attention of the robotics commu-
nity due to its explicit world model representation, with the

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

Figure 1. We propose a novel method for calculating information
gain from image in 3D Gaussian Splatting. In the above images,
each method is provided a set of one hundred candidate views on
scenes from the Blender dataset, and selects ten views to train a
3D-GS model on. Compared to state-of-the-art, our method more
accurately estimate the information value of images to train a 3D-
GS model. In this figure we demonstrate block D-Optimality, how-
ever our derivation also provides multiple solutions discussed later.

potential to function as a map [6, 23, 37, 42].
Given a set of views of a scene, 3D-GS learns to ren-

der novel views from any angle through gradient descent.
3D ellipsoids are iteratively fine-tuned, which can then be
rasterized to a 2D image at novel views. Several works
have shown that the 3D ellipsoids can be extended to in-
clude features beyond just color, such as the category of ob-
jects the ellipsoid represents, resulting in an improved level
of semantic scene understanding [30, 41]. However, 3D-GS
does not natively quantify uncertainty, which leads to issues
when determining whether an image has been seen before,
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or when quantifying the information gained by perceiving a
new view. While several works have studied this problem
for neural radiance fields (NeRF) [8, 25, 26], the explicit
representation of 3D-GS presents a unique challenge.

Since the conception of 3D-GS, several works have
sought to quantify uncertainty directly upon a trained 3D-
GS model [9, 13, 18]. Of these works, one solution which
has appeared effective is relating the per-pixel gradient of
the 3D-GS parameters to the information or contribution of
the parameters. Notably, FisherRF [13] derived a solution
for information quantification of views in 3D-GS through a
diagonal approximation of Fisher Information [16]. Fish-
erRF has since been applied to mobile manipulation [33]
and active perception [21], however it does not leverage
prior literature in effective functions for active perception
[15, 32] or consider any correlation between parameters.

Classically, the problem of quantifying information gain
from views is known as active perception in robotics litera-
ture, and has been studied extensive in probabilistic robotics
applications [7, 22]. More generally, active perception can
be solved through application of optimal experimental de-
sign [19], which defines solutions for identifying the most
informative design parameters for an experiment in order to
learn about a set of unknown parameters [10, 11, 17, 20].
One particular solution to experimental design is the use of
P-Optimality, which specifies a class of solutions depending
on the covariance matrix and the choice of P. P-Optimality
has been successfully applied in robotics to keyframe selec-
tion, optimal loop closure, and active perception, however
has not been explored in 3D-GS [3, 28, 29].

Building upon the recent work of FisherRF, which shows
that a diagonal approximation of the Hessian matrix can
be effective when calculating information gain in 3D-GS,
we derive a general solution for the covariance matrix in
3D-GS and apply optimal experimental design techniques.
Since the covariance matrix is too large to store in mem-
ory, we propose a simple diagonal approximation following
FisherRF [13], as well as a block diagonal approximation
which captures cross-correlation of parameters within the
same ellipsoid [9]. From our general derivation, we con-
struct and compare different p-optimality solutions, and find
that D-Optimality and T-Optimality lead to significant im-
provements. We also find that our block diagonal approxi-
mation improves information gain quantification compared
to the baselines.

To summarize, our contributions are:
1. Derive a general solution for the covariance matrix of

3D-GS, which allows application of optimal experimen-
tal design techniques.

2. Propose several novel methods for quantifying the infor-
mation value of images in 3D-GS.

3. Block-diagonal approximation of 3D-GS covariance ma-
trix which captures correlation between parameters of

the same ellipsoid.
4. Quantitative and qualitative comparison of optimal ex-

perimental design solutions on 3D-GS to each-other, and
to current state-of-the-art solutions.

2. Related Work
In this section, we explore literature related to 3D Gaussian
Splatting (3D-GS) and optimal experimental design for ac-
tive perception. In this paper, we propose to leverage the
theory of p-optimality from optimal experimental design lit-
erature to quantify information gain within 3D-GS.

2.1. 3D Gaussian Splatting
3D Gaussian Splatting (3D-GS) is a new method for novel
view synthesis which models scenes through 3D ellipsoids
[14], different from previous methods which model scenes
implicitly [25, 34]. Each scene is modeled through thou-
sands or millions of 3D ellipsoids where each ellipsoid con-
tain an opacity and color modeled by spherical harmonics
to capture lighting effects. 3D ellipsoids are trained through
gradient descent, and at inference time are rasterized to cre-
ate 2D images at candidate views through a process known
as “splatting” [6].

Due to the explicit representation of scenes as 3D el-
lipsoids, 3D-GS has attracted a significant amount of at-
tention from the computer vision and robotics research
communities [23, 39, 42]. 3D-GS has the potential to
substitute as a more expressive world model representa-
tion, and many works have explored adding additional fea-
tures such as from vision-language (VL) networks to cre-
ate higher levels of scene understanding [30, 41]. How-
ever, despite the name, 3D-GS does not provide a measure
of uncertainty which limits applications in safety-critical
or resource-constrained environments. Recently, several
works have investigated uncertainty quantification and have
found a promising research direction of relating Fisher In-
formation to the explicit 3D-GS parameters [9, 13]. In
particular, FisherRF developed a formulation for calculat-
ing information gain which treats the 3D-GS model as a
black box, not requiring any additional training. However,
FisherRF does not leverage any inter-parameter correlation
when calculating the information of values to images, and
does not utilize the rich literature of optimal experimental
design and active perception which derive solutions for cal-
culating information gain.

2.2. Active Perception
Active perception is a well-studied problem in robotics lit-
erature which seeks to identify the optimal path to improve
a map. Since capturing new views in the real world requires
robot traversal, a significant amount of research has focused
on optimal solutions to determining which view-points are
most valuable. One successful approach is the application
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of P-optimality [15], which defines a class of optimal ex-
perimental design solutions based on functionals of the co-
variance matrix which vary with the choice of an integer
p. P-Optimality (P-Opt.) has been widely and success-
fully applied to SLAM prior to the conception of 3D-GS
in keyframe selection, optimal loop closure, and active per-
ception [3, 28, 29].

Early research in optimal decision-taking for Simultane-
ous Localization and Mapping problems used T-optimality
due to efficient computation as the trace of the covariance
matrix [24, 32], eliminating the need to compute the eigen-
values. On the other hand, recent research has focused on
D-optimality as a reliable metric for an Optimal Experimen-
tal Design [4, 27–29]. As advocated in [3], D-optimality
seems to be a more rewarding metric towards the fulfill-
ing of an active mapping session. The recent success of D-
optimality can also be explained by its monotonicity prop-
erty in active mapping scenarios [31], which guarantees
that uncertainty increases monotonically as a robot move
through the scene. In this work, we propose to expand
upon the formulation from FisherRF to incorporate param-
eter correlation and develop a more general solution which
allows for application of classical optimal experimental de-
sign techniques.

3. Method

In this section, we introduce our method for quantifying
uncertainty and information gain in 3D-Gaussian Splatting.
First, we introduce preliminaries on the 3D Gaussian Splat-
ting representation. Next, we describe our approximation
of the covariance matrix for each ellipsoid, which provides
a measure of uncertainty on the parameters. Finally, we de-
tail our method for efficiently calculating the informational
value of a candidate image.

3.1. Preliminaries: Gaussian Splatting
3D Gaussian splatting represents a scene through volumet-
ric rendering of optimized 3D ellipsoids. The geometry of
each 3D ellipsoid is parameterized by a center µ, scale S,
and rotation R, while the color contribution of each ellip-
soid is defined by opacity α and color c. Together, the rota-
tion and scale define the shape of the 3D ellipsoid:

Σ = RSST RT . (1)

To render images, 3D ellipsoids are first splatted into 2D
projections from a provided viewpoint, resulting in a 2D
shape Σ′ and location µ′. Next, the contribution α′

n of each
2D ellipsoid n to pixel x′ is calculated through a kernel as:

α′
n = αn × exp

(
−

1
2

(x′ − µ′
n)T Σ′−1

n (x′ − µ′
n)

)
. (2)

Finally, 2D ellipsoids are blended into pixels through a
process known as alpha compositing, which computes the
color of each pixel from a depthwise sorted list of Gaussians
N :

C =
N∑

n=1

cnα′
n

n−1∏

j=1

(1 − α′
j). (3)

Parameters are optimized by comparing the rendered
image from a viewpoint with the ground truth image and
performing gradient descent over a weighted loss function
[6, 14, 36]:

L = (1 − λ)L1 + λLD-SSIM, (4)

where λ is a weighting function on the L1 and structural
similarity loss. Once the 3D-GS model is fitted to the train-
ing data, it can render views from any perspective, however
it lacks any information on when the rendering may fail. In
order to quantify the amount of information the fitted Gaus-
sian Splatting model has on each parameter, we note that
the L1 loss is proportional to the partial derivative of the
rendered pixel’s color with respect to the parameters of the
3D-GS model, summed over all pixels in the training set.
Based on this insight, we construct our covariance matrix to
capture this information.

3.2. Information Gain through Optimal Experi-
mental Design

In order to quantify information gained through adding an
image, we first require a measure of uncertainty, which is
derived in this section. Approaching the problem from a
maximum likelihood perspective, the maximum likelihood
formulation aims to determine the solution variable θ that
minimizes the pixel error e = c − h(θ) across all pixels
in all frames, where h(·) is the 3D-GS model described in
Section 3.1. Assuming that all measured pixel errors are
normal zero mean, independent and identically distributed
(IID), i.e, e ∼ N (0, σe · I), then the maximum likelihood
formulation seeks an optimal solution variable θ ∈ Rl×l

that maximizes the likelihood function:

p(c|θ) = exp
(

− 1
2

eT e
σ2

e

)
. (5)

Due to the monotonicity of the log function, maximiz-
ing the function above is equivalent to minimizing the log-
likelihood function:

−σ2
e · log p(c|θ) =

1
2

eT e (6)

Assuming that we have an estimate of the solution vari-
ables θ∗, then we can expand the system’s model in the
vicinity of θ∗ using Taylor expansion as: h(θ) ≈ h(θ∗) +
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Figure 2. The Hessian matrix captures the information content of
each parameter in the trained 3D-GS model, approximated as per-
pixel gradients over the training set of images. Since a trained 3D-
GS model may contain millions of parameters, we approximate
the Hessian matrix through a block or main diagonal.

J∆θ, where ∆θ ! θ − θ∗ and J ! ∂h
∂θ |θ=θ∗ . We can

rewrite the residual function as:

e ≈ c − h(θ∗) − J∆θ
= e∗ − J∆θ, (7)

where the optimal residual is defined as e∗ ! c − h(θ∗).
Substituting this in Eq. 6, we have that:

1
2

eT e ≈
1
2

eT
∗ e∗ − eT

∗ J∆θ +
1
2

∆θT JT J∆θ. (8)

In order to satisfy the first order conditions for optimality
in Eq. 8, it is necessary for its first order partial derivative
w.r.t. the solution variables to be zero [1]. This leads to the
Gauss-Newton iterative optimization equation where ∆θ is
updated as:

∆θ =
(
JT J

)−1 JT e∗. (9)

Assuming that the optimal solution θ∗ is unbiased,
then it follows that the expected residual E[e∗] = 0 and
E[e∗eT

∗ ] = σe · I, leading to E[∆θ] = 0 and:

E[∆θ∆θT ] =
(
JT J

)−1 JT E[e∗eT
∗ ]J

(
JT J

)−1

= σ2
e

(
JT J

)−1 JT JT J
(
JT J

)−1

= σ2
e

(
JT J

)−1 . (10)

Without loss of generality, this work assumes1 σe = 1.
Defining H ! JT J ∈ Rl×l, the matrix H is known as
an approximation of the Hessian, or the information matrix

1Given that we’ve assumed that the pixel error is zero-mean IID, the
value of σe does not matter for this application.

Figure 3. Optimal experimental design defines functionals of the
eigenvalues of the covariance matrices, each with geometric intu-
itions. D-Optimality approximates the volume of the covariance
matrix, as shown in this figure.

for this nonlinear optimization problem. Therefore, the co-
variance matrix associated with the solution variables θ is
given by the inverse of the Hessian (information) matrix.

3.2.1. Uncertainty Decrease due to an Added Image
In this paper, we assume that we have a set of n im-
ages to choose from (along with their respective original
poses) to determine which of the images will lead to max-
imal uncertainty reduction among all n candidates. There-
fore, our Next-Best-View formulation attempts at maxi-
mally decreasing uncertainty of the covariance matrix Σi
that is obtained by adding the i-th image to the model,
i ∈ {1, · · · , n}. Note that the contents of the i-th image are
not necessary for our formulation, only the pose at which we
plan to take the i-th image from. This is an important fea-
ture of our solution, as it attempts to evaluate the amount of
uncertainty reduction (or information increase) that can be
achieved by taking an image from a new perspective with-
out actually having the image available.

In this section, we assume that we already have an initial
guess of the map θ∗ and that its associated prior Jacobian
J− and Hessian H− = JT

−J− have been computed. As
we add one new prospective candidate image i taken from
a pose pi, it is possible to compute the Jacobian associ-
ated with the new image using prior map parameters θ∗ and
the image’s pose pi as Ji = ∂h

∂θ |θ∗,pi . Defining Hi as the
Hessian of the problem as we add the i-th image, it can be
computed as:

Hi = H− + JT
i Ji. (11)

For exponential likelihoods, there is an asymptotic in-
verse relationship in the maximum likelihood estimator be-
tween the Hessian and covariance matrices [35]. Therefore,
our goal is to maximize the information I

(
·
)

obtained from
the i-th image, which can be found by minimizing the un-
certainty U

(
·
)
:

arg max
i

I
(
Hi

)
= arg min

i
U

(
Σi

)

= arg min
i

U
(
H−1

i
)

. (12)
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Table 1. Properties of P-Optimality for different values of p. Note: λk represent the eigenvalues of the covariance matrix Σi.

T-optimality A-optimality D-optimality E-optimality
p 1 -1 0 ∓∞

Equivalent
Formulae

1
l tr

(
Σi

)
= 1

l
∑l

k λk
( 1

l tr
(
Hi

))−1 =
(

1
l

∑l
k λ−1

k

)−1

l
√

|Σi| =
exp

(
1
l

∑l
k log λk

)
minλk

maxλk

Meaning Average Variance Harmonic Mean
Variance

Volume of covariance
hyper-ellipsoid

Single extreme
eigenvalue

In this work, we rely on the Theory of Optimal Experi-
mental Design [15, 29], which defines the P-Optimality un-
certainty metric as:

Up(Σi) =
( 1

l trace
(
Σp

i
)) 1

p , (13)

where p is an integer. Depending on the chosen value for
p, the uncertainty function can have some special properties
[27], as detailed in Table 1.

3.3. Approximating the Covariance
In practice fitted 3D-GS models may contain millions of
parameters, which is intractable due to the cubic computa-
tional and quadratic memory complexity of computing the
eigenvalues. Therefore, we propose two approximations of
the Hessian matrix to save memory and computation.

Simple Diagonal: First, following the work of FisherRF
we propose a simple diagonal approximation of the covari-
ance matrix. FisherRF derives the approximation from a
Laplace approximation [5], where the covariance matrix is
approximated as the main diagonal plus a small regularizing
constant λθ:

Σθ ≈ diag(Σi) + λθ, (14)

This formulation allows for an efficient and direct compari-
son of our method of computing information gain with Fish-
erRF, without consideration of correlation. Intuitively, the
constant λθ represents prior information for our method.

Block Diagonal: In order to capture some of the corre-
lation between 3D-GS parameters, we propose to approxi-
mate the Hessian matrix as a block diagonal matrix where
each block diagonal element contains the parameters of a
single ellipsoid. Please note that a block diagonal approxi-
mation has also been proposed within 3D-GS, however the
approximation was applied to the task of pruning 3D-GS
models to remove redundant ellipsoids [9]. Our insight is
that the parameters of the same ellipsoid are most likely to
be correlated, and a block diagonal matrix can be processed
in parallel on a GPU for efficient computation.

When constructing the block diagonal matrix, we note
that computing partial derivatives w.r.t. each pixel leads to
singularity issues since the partial derivative of each color
is the value α′

n for the ellipsoid. To avoid singularity issues,

we therefore compute the Hessian matrix by separately cal-
culating partial derivatives for each channel of every pixel,
instead of for every pixel for all channels. The block diago-
nal approximation is shown in Fig. 2.

3.4. Batch Selection
In practical applications it may be valuable to measure in-
formation gain over a set of candidate images, such as along
a trajectory or in keyframe selection. Following FisherRF,
we implement a simple approach which iteratively adds
or removes the most optimal candidate image, updates the
Hessian, and repeats the process without additional train-
ing. While simple, this batch information implementation
does capture the redundancy of views, as the change in the
Hessian is reflected when a candidate image is added.

4. Results

In this section, we study the effectiveness of our method on
quantifying information gained from obtaining new images.
Following the experimental setup of FisherRF, we quantita-
tively and qualitatively evaluate our method against base-
lines on the task of single view selection, where a 3D-GS
model is trained by iteratively selecting the most informa-
tive proposal view and fitting the model to a set of candidate
view. Next, we compare our method against the same base-
lines on batch view selection. Third, we compare the abil-
ity of each method to quantify uncertainty in novel views
by studying the correlation of information gain with recon-
struction metrics. Last, we perform ablation studies on the
parameters of the 3D-GS model to identify the most impor-
tant parameters for calculating information gain.

Baselines: We compare against the recently published
FisherRF [13], which calculates information gain as:

I(Hi) = tr
(
(JT

i Ji)H−1
−

)
(15)

with matrices modeled by the simple diagonal approxima-
tion. While FisherRF compared against a random and Ac-
tiveNeRF baseline [26], we omit these baselines as they
performed worse than FisherRF in their experiments, and
instead focus on comparing our results with FisherRF. We
also add a uniform sampling baseline, which is slightly dif-
ferent from the implementation of random in FisherRF that
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(a) Uniform Sampling (b) FisherRF (c) D-Opt. (Block) (d) Ground Truth

Figure 4. Comparison of view selection methods on the Mip-Nerf360 dataset with 10 views. The columns are built by different methods
and in order are: uniform sampling, FisherRF, Block D-GS, and the ground truth image.

we found was incorrectly implemented. Instead, our uni-
form sampling baseline samples views uniformly from the
training set, which results in a high coverage of the views in
the test set, especially if the training and testing views are
similarly distributed. As one of the merits of our approach is
a more general solution with optimal experimental design,
we implement A, D, E, and T Optimality baselines for com-
parison. All baselines are compared over the peak signal-to-
noise ratio (PSNR), structural similarity index (SSIM) [36],
and LPIPS metrics [40].

Dataset: All methods are compared on two common
radiance field datasets. First is the Mip-NeRF360 dataset
[2], which is a real-world high-resolution dataset commonly
used in novel view synthesis literature as well as by Fish-
erRF. Mip-NeRF360 contains nine scenes, with five out-
door scenes and four indoor, which we average performance
over to obtain the final results. Following FisherRF and the
original 3D-GS paper, we train all models at resolutions of
1060×1600 pixels. Additionally, the prior information con-
stant is set to a value of λθ = 10−6 for all models. The
Mip-NeRF360 dataset contains complex scenes, where the
benefit of strong view selection models is clear. However,
the dataset also contains some noisy images which are dis-
tributed at random, and can impact the results.

Therefore, following FisherRF, we also evaluate all mod-
els on the Blender dataset [25], which contains eight high-
fidelity objects modeled synthetically. While the scenes in
this experiment are less complex, this dataset allows us to
study information gain quantification without the stochas-
ticity introduced by real-world noisy images.

Table 2. Results on Single View Selection with 10 Views on the
Mip-Nerf360 Dataset.

Method PSNR (↑) SSIM (↑) LPIPS (↓)

Uniform Sampling 17.29 0.508 0.432
FisherRF 16.81 0.493 0.445
A-Opt. (Simple) 15.55 0.452 0.480
E-Opt. (Simple) 15.33 0.436 0.488
T-Opt. (Simple) 17.91 0.520 0.420
D-Opt. (Simple) 17.95 0.535 0.411
D-Opt. (Block) 18.15 0.548 0.401

4.1. Single View Selection
First, we compare all methods on single view selection,
where one candidate view is selected at a time. We follow
the experimental setup of FisherRF with minimal modifica-
tions, including evaluating models on the ability to select
both ten views and twenty views. Note that accurate infor-
mation quantification is more apparent with ten views due
to the limited amount of training information.

Ten Views: For the ten view setup, each method be-
gins with 2 training views, and is trained for 100v itera-
tions, where v is the number of training views. The method
then selects a single candidate view to add to the training
set, and repeats the process until v = 10, at which point
the model trains until a cumulative total of 10, 000 training
steps. Qualitative examples on the Mip-Nerf360 dataset are
shown in Fig. 4, and qualitative examples on the Blender
dataset are shown in Fig. 1.

First, we compare models on the Mip-NeRF360 dataset,
whose performance metrics can be found in Table 2. In this



Table 3. Results on Single View Selection with 10 Views on the
Blender Dataset.

Method PSNR (↑) SSIM (↑) LPIPS (↓)

Uniform Sampling 23.32 0.885 0.101
FisherRF 24.59 0.897 0.091
A-Opt. (Simple) 22.39 0.876 0.116
E-Opt. (Simple) 21.40 0.862 0.129
T-Opt. (Simple) 25.40 0.908 0.080
D-Opt. (Simple) 25.52 0.909 0.078
D-Opt. (Block) 25.41 0.908 0.078

experiment, FisherRF is slightly outperformed by the uni-
form sampling method. We would like to note that uniform
sampling is actually an effective method for this experimen-
tal setup, and will achieve a near optimal performance if the
test and train set are similarly distributed. By reframing
the approach to information gain within 3D-GS as optimal
experimental design, we find that both T-Optimality and D-
Optimality approaches improve significantly over the Fish-
erRF and uniform sampling baselines. Additionally, the
block diagonal approximation significantly improves the
structural quality measured by SSIM and LPIPS metrics.

Next, we repeat the same set of experiments on the syn-
thetic dataset, shown in Table 3. Here, we find that Fish-
erRF performs significantly better than the uniform sam-
pling method, which may be due to the less complex syn-
thetic scenes, where FisherRF is able to more accurately
quantify information on a single object. Similar to before,
we find that both T-Optimality and D-Optimality methods
outperform the baselines by a wide margin. Across all three
metrics, simple and block D-Optimality perform similarly,
which we expect is due to the saturation of performance as
the approaches are near optimal.

Twenty Views: The twenty view experimental setup fol-
lows a very similar approach, of iteratively adding views
and training for 100v iterations before selecting the next
view. However, this setup begins with v = 4 training views,
adds images until v = 20, and trains until a cumulative total
of 21, 000 training steps. Experimental results on the MIP
dataset can be found in Table 4. Similar to the ten view
experiment, we find that uniform sampling slightly outper-

Table 4. Results on Single View Selection with 20 Views on the
Mip-Nerf360 Dataset.

Method PSNR (↑) SSIM (↑) LPIPS (↓)

Uniform Sampling 20.86 0.616 0.408
FisherRF 20.89 0.608 0.416
A-Opt. (Simple) 18.62 0.558 0.452
E-Opt. (Simple) 19.57 0.580 0.433
T-Opt. (Simple) 21.07 0.615 0.409
D-Opt. (Simple) 21.09 0.624 0.406
D-Opt. (Block) 21.32 0.636 0.397

forms FisherRF while T and D Optimality achieve the high-
est performance with an improvement from the block diag-
onal approximation.

4.2. Batch View Selection
Next, we compare all methods on batch view selection,
where information gain is evaluated over several views si-
multaneously before training. This problem is more appli-
cable to real-world scenarios such as information gained
over a robot trajectory, or identification of the best set of
views of an object.

Iterative: In the first experiment on batch view selec-
tion we follow the experimental set-up of FisherRF. The
procedure is similar to single view selection, however mod-
els begin with 4 training views, are trained for 150v itera-
tions between view selections, and select 4 views at a time
until 20 views are obtained. All models are trained for a
cumulative total of 10, 000 training steps. Results on the
Mip-Nerf360 dataset are shown in Table 5, and similar to
previous experiments demonstrate superior performance of
D and T optimality. Additionally, the block diagonal ap-
proximation improves structural quality measured by SSIM
and LPIPS metrics. Note that due to the iterative view se-
lection and training, this experiment may not reward batch
view diversity, motivating our next experiment.

Keyframe Selection: To further study batch view se-
lection in a setting more similar to SLAM applications, we
compare each approach on keyframe selection. All methods
are provided the same pre-trained 3D-GS model and select
ten keyframes without replacement from a set of views. The
selected views are then used to re-train a new 3D-GS model,
which is evaluated and compared as a measure of batch in-
formation quantification. Results on the Blender dataset are
summarized in Table 6, demonstrating low performance of
FisherRF, A Optimality and E Optimality which select sim-
ilar views. Instead, T and D Optimality select informative
and different views resulting in a large performance gap.

4.3. Correlation with Render Quality
Intuitively, we expect information gain and rasterization
quality at view points to be inversely related. For instance,
if a 3D-GS model has only been trained on the front side of

Table 5. Results on Batch View Selection on Mip-Nerf360 dataset.

Method PSNR (↑) SSIM (↑) LPIPS (↓)

Uniform Sampling 20.42 0.613 0.389
FisherRF 20.50 0.603 0.399
A-Opt. (Simple) 18.14 0.553 0.428
E-Opt. (Simple) 17.88 0.535 0.440
T-Opt. (Simple) 20.73 0.611 0.391
D-Opt. (Simple) 20.86 0.624 0.383
D-Opt. (Block) 20.79 0.631 0.378



Table 6. Results on Keyframe Selection on Blender Dataset.

Method PSNR (↑) SSIM (↑) LPIPS (↓)

Uniform Sampling 23.47 0.888 0.109
FisherRF 18.37 0.829 0.184
A-Opt. (Simple) 17.05 0.811 0.226
E-Opt. (Simple) 16.55 0.786 0.255
T-Opt. (Simple) 24.90 0.903 0.096
D-Opt. (Simple) 24.26 0.899 0.101
D-Opt. (Block) 24.53 0.902 0.099

a chair, view points from the back side would have poor ren-
derings while providing high information gain to the 3D-GS
model. Therefore, as another test of our proposed method
of quantifying information gain, we create a sparsification
plot [12] to study the inverse relationship between image
information gain and image render quality.

The sparsification plot in Fig. 5 is created by first train-
ing a 3D-GS model on ten randomly selected images for
2, 000 iterations. Each method, using the same random seed
and trained model, sorts candidate views by expected infor-
mation gain. At decile increments, the cumulative average
reconstruction quality of views is calculated and plotted for
each method. Reading from left to right, the plot indicates
the average reconstruction quality of the most informative
views. Due to the inverse nature between image uncertainty
and information gain, we would expect the most informative
candidate views (left) to have low reconstruction quality.

We can see from Fig. 5 that D-Opt. (Block) has a mono-
tomic relationship with the reconstruction quality, whereas
FisherRF has difficulty with some objects. To better un-
derstand the relative performance, we also include plots of
the Uniform Sampling and Oracle methods, where the Uni-
form Sampling method shows no correlation between the
selected images and the reconstruction quality as expected.
The Oracle baseline sorts the candidate views by the actual
PSNR value, representing a perfect baseline, with similar
performance to D-Opt. (Block).

4.4. Ablation Study

Last, we conclude with ablation studies on the most impor-
tant parameters for information gain quantification. While

(a) Ficus (b) Drums

Figure 5. Correlation of expected information gain with PSNR of
candidate views on two objects in Blender dataset.

Table 7. Ablation study on D-Opt. (Block) parameters on Blender
Dataset with 10 images. The parameters are sh: spherical har-
monics, α: opacity, µ: location, R: rotation, and S: scale.

Parameters Removed PSNR (↑) SSIM (↑) LPIPS (↓)

{sh } 25.52 0.9089 0.0784
{α } 25.56 0.9087 0.0778
{µ, R, S } 25.36 0.9074 0.0793
! 25.41 0.9084 0.0776

we evaluated our methods with all parameters, reducing
the number of parameters can improve computational effi-
ciency. We compare the performance of D-Opt. (Block)
with different parameter combinations in Table 7 on the
task of single view selection with 10 views on the Blender
dataset. Peculiarly, we find that the geometric parameters
are important to quantifying information with few images
while the spherical harmonics do not result in a significant
difference, supporting the approach of PUP 3D-GS [9]. We
expect that the opacity decreases performance since our ap-
proach does not capture the cross-correlation of ellipsoids.
Additionally, we suspect that the spherical harmonics may
be more useful with a well fitted scene which already has
learned the geometric structure. Nonetheless, these results
indicate that information may be evaluated with a minimal
set of the geometric parameters, which can increase infer-
ence speed. Concretely, on the ship scene from the Blender
dataset the memory and latency are as follows: 2.62 GB at
0.15 Hz for full block diagonal, 75.3 MB at 1.71 Hz for
block diagonal without spherical harmonics, and 44.4 MB
at 12.16 Hz for the simple approximation. Note that the cost
of the simple approximation is the same as that of FisherRF.

5. Conclusion
In this paper, we introduced a novel method for calculating
the information gain from images in 3D Gaussian Splat-
ting which builds on prior literature of P-Optimality. In-
formation quantification for 3D-GS is an important prob-
lem for evaluating uncertainty in novel environments, se-
lecting key frames for SLAM algorithms, and next best
view applications. Our novel formulation leads to a gen-
eral solution with a simple and block diagonal informa-
tion matrix approximation, with computational and perfor-
mance trade-offs. We demonstrate quantitatively that for-
mulating the information quantification with T and D Op-
timality improves performance compared to the state of
the art, supporting results from prior literature. While
our method achieves significant results quantitatively and
qualitatively, the simple and block diagonal approxima-
tions discard correlation between ellipsoids. For future
work we would like to investigate re-formulating the
problem to include inter-ellipsoid information, such as
from the structural similarity loss or the opacity parame-
ter.



References
[1] Yaakov Bar-Shalom, X Rong Li, and Thiagalingam

Kirubarajan. Estimation with Applications to Track-
ing and Navigation: Theory, Algorithms and Software.
John Wiley & Sons, 2004. 4

[2] Jonathan T. Barron, Ben Mildenhall, Dor Verbin,
Pratul P. Srinivasan, and Peter Hedman. Mip-
NeRF 360: Unbounded Anti-Aliased Neural Radiance
Fields. In Proc. IEEE Conf. Comput. Vis. Pattern
Recog., pages 5460–5469, 2022. 6

[3] Henry Carrillo, Ian Reid, and José A. Castellanos.
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