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Abstract. A critical limitation of current methods based on Neural Ra-
diance Fields (NeRF) is that they are unable to quantify the uncertainty
associated with the learned appearance and geometry of the scene. This
information is paramount in real applications such as medical diagnosis
or autonomous driving where, to reduce potentially catastrophic fail-
ures, the confidence on the model outputs must be included into the
decision-making process. In this context, we introduce Conditional-Flow
NeRF (CF-NeRF), a novel probabilistic framework to incorporate un-
certainty quantification into NeRF-based approaches. For this purpose,
our method learns a distribution over all possible radiance fields mod-
elling the scene which is used to quantify the uncertainty associated
with the modelled scene. In contrast to previous approaches enforcing
strong constraints over the radiance field distribution, CF-NeRF learns
it in a flexible and fully data-driven manner by coupling Latent Variable
Modelling and Conditional Normalizing Flows. This strategy allows to
obtain reliable uncertainty estimation while preserving model expressiv-
ity. Compared to previous state-of-the-art methods proposed for uncer-
tainty quantification in NeRF, our experiments show that the proposed
method achieves significantly lower prediction errors and more reliable
uncertainty values for synthetic novel view and depth-map estimation.
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1 Introduction

Neural fields [62] have recently gained a lot of attention given its ability to encode
implicit representations of complex 3D scenes using deep neural networks. Ad-
ditionally, they have been shown very effective in addressing multiple problems
such as 3D reconstruction [32I39], scene rendering [27I31] or human body repre-
sentation [38J50]. Among different methods built upon this framework [41I5I55],
Neural Radiance Fields (NeRF) [33] has obtained impressive results in gener-
ating photo-realistic views of 3D scenes and solving downstream tasks such as
depth estimation [61], scene editing [26/15] or pose prediction [65U56].

Despite its increasing popularity, a critical limitation of NeRF holding back
its application to real-world problems has been recently pointed out by [53]. Con-
cretely, current NeRF-based methods are not able to quantify the uncertainty
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Fig.1. Ground Truth (Left), Predictions (Center) and Uncertainty Maps (Right)
obtained by our proposed CF-NeRF in novel view synthesis and depth-map estimation.

associated with the model estimates. This information is crucial in several sce-
narios such as robotics [2822], medical diagnosis [52] or autonomous driving [§]
where, to reduce potentially catastrophic failures, the confidence on the model
outputs must be included into the decision-making process.

To address this limitation, recent works [3TI53] have explored different strate-
gies to incorporate uncertainty quantification into NeRF. Remarkably, Stochastic
NeRF [53] (S-NeRF) has recently obtained state-of-the-art results by employing
a probabilistic model to learn a simple distribution over radiance fields. However,
in order to make this problem tractable, S-NeRF makes strong assumptions over
the aforementioned distribution, thus limiting model expressivity and leading to
sub-optimal results for complex 3D scenes.

In this context, we propose Conditional-Flow NeRF (CF-NeRF), a novel
probabilistic framework to incorporate uncertainty quantification without sac-
rificing model flexibility. As a result, our approach enables both effective 3D
modelling and reliable uncertainty estimates (see Fig. . In the following, we
summarise the main technical contributions of our method:

Modelling Radiance-Density Distributions with Normalizing Flows: In
contrast to S-NeRF where the radiance and density in the scene are assumed to
follow simple distributions (see Fig. 2{c-Top)), our method learns them in a flex-
ible and fully data-driven manner using conditional normalizing flows [64]. This
allows CF-NeRF to learn arbitrarily complex radiance and density distributions
(see Fig. 2fc-Bottom)) which have the capacity to model scenes with complex
geometry and appearance.

Latent Variable Modelling for Radiance Fields Distributions: Motivated
by De Finetti’s Theorem [I7], CF-NeRF incorporates a global latent variable in
order to efficiently model the joint distribution over the radiance-density vari-



Conditional-Flow NeRF 3

S-NeRF

Ours

(a) RGB image (b) depth (c) distribution assumption

Fig. 2. Comparison between our CF-NeRF and the previous state-of-the-art method
S-NeRF [53] on (a) RGB images and (b) depth-maps. S-NeRF generates noisy results
due to the strong assumptions made over the radiance field distribution. In contrast,
CF-NeRF renders more realistic and smooth synthetic views. (c) Illustration of the
radiance distributions that can be modelled by S-NeRF and CF-NeRF. While the
first is only able to represent distributions with a simple form, CF-NeRF can model
arbitrary complex distributions by using Conditional Normalizing Flows.

ables for all the spatial locations in the scene. This contrasts with the approach
followed by S-NeRF, where these variables are considered independent for differ-
ent 3D coordinates. Intuitively, the independence assumption violates the fact
that changes in the density and radiance between adjacent locations are usu-
ally smooth. As a consequence, S-NeRF tends to generate low-quality and noisy
predictions (see Fig. a,b)—Top). In contrast, the global latent variable used
in CF-NeRF allows to efficiently model the complex joint distribution of these
variables, leading to spatially-smooth uncertainty estimates and more realistic
results (Fig. 2f(a,b)-Bottom).

In our experiments, we evaluate CF-NeRF over different benchmark datasets
containing scenes with increasing complexity. Our qualitative and quantitative
results show that our method obtains significantly better uncertainty estima-
tions for rendered views and predicted depth maps compared to S-NeRF and
other previous methods for uncertainty quantification. Additionally, CF-NeRF
provides better image quality and depth estimation precision. These results con-
firm that our method is able to incorporate uncertainty quantification into NeRF
without sacrificing model expressivity.

2 Related Work

Neural Radiance Fields. NeRF [33] has become a popular approach for 3D
scene modelling due to its simplicity and its impressive performance on several
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tasks. By using a sparse collection of 2D views, NeRF learns a deep neural net-
work encoding a representation of the 3D scene. This network is composed of a
set of fully-connected layers that output the volume density and emitted radiance
for any input 3D spatial location and 2D viewing direction in the scene. Subse-
quently, novel views are generated by applying volumetric rendering [I6] to the
estimated density and radiance values obtained by the network. Recently, sev-
eral extensions [68/4236/T97T05458/51I66] over NeRF have been proposed. For
instance, different works have focused on accelerating NeRF training [25/5748)]
or modelling dynamic scenes [44JT0[4723/40]. Despite the advances achieved at
different levels, the application of current NeRF-based methods in real scenar-
ios is still limited since they are unable to quantify the uncertainty associated
with the rendered views or estimated geometry. Our proposed CF-NeRF explic-
itly addresses this problem and can be easily combined with most of current
NeRF-based approaches.

Uncertainty Estimation in Deep Learning. Uncertainty estimation has
been extensively studied in deep learning [I3I7IB0J59IT2) and have been applied to
different computer vision tasks [46363]. Early works proposed to use Bayesian
Neural Networks (BNN) [34135] to estimate the uncertainty of both network
weights and outputs by approximating their marginal distributions. However,
training BNNs is typically difficult and computationally expensive. As a conse-
quence, their use in large deep neural networks is limited. More recently, efficient
strategies have been proposed to incorporate uncertainty estimation into deep
neural networks [49l6]. Among them, MC-Dropout [II] and Deep Ensembles
[20] are two of the most popular approaches given that they are agnostic to the
specific network architecture [IJ1412l24]. More concretely, MC-Dropout adds
stochastic dropout during inference into the intermediate network layers. By
doing multiple forward passes over the same input with different dropout con-
figurations, the variance over the obtained set of outputs is used as the output
uncertainty. On the other hand, Deep Ensembles applies a similar strategy by
computing a set of outputs from multiple neural networks that are independently
trained using different parameters initializations. In contrast to MC-Dropout and
Deep Ensembles, however, we do not train independent networks to generate the
samples. Instead, CF-NeRF explicitly encodes the distribution of the radiance
fields into a single probabilistic model.

Uncertainty Estimation in NeRF. Recently, some works [31/53] have at-
tempted to incorporate uncertainty estimation into Neural Radiance Fields.
NeRF-in-the-Wild (NeRF-W) [31] modelled uncertainty at pixel-level in order to
detect potential transient objects such as cars or pedestrians in modelled scenes.
For this purpose, NeRF-W employs a neural network to estimate an uncertainty
value for each 3D spatial location. Subsequently, it computes a confidence score
for each pixel in a rendered image by using an alpha-compositing strategy sim-
ilar to the one used to estimate the pixel color in original NeRF. However, this
approach is not theoretically grounded since there is no intuitive justification to
apply the volume rendering process over uncertainty values. Additionally, NeRF-
W is not able to evaluate the confidence associated with estimated depth. On the
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other hand, S-NeRF [53] has achieved state-of-the-art performance in quantify-
ing the uncertainty of novel rendered views and depth-maps. Instead of learning
a single radiance eld as in original NeRF [33], S-NeRF models a distribution
over all the possible radiance elds explaining the scene. During inference, this
distribution is used to sample multiple color or depth predictions and compute
a con dence score based on their associated variance. However, S-NeRF imposes
strong constraints over the radiance eld distribution and, as a consequence,
this limits its ability to model scenes with complex appearance and geometry. In
contrast, the proposed CF-NeRF combines a conditional normalizing ow and
latent variable modelling to learn arbitrary complex radiance elds distributions
without any prior assumption.

Complex Distribution Modelling with Normalizing Flows. Normalizing
Flows (NF) have been extensively used to model complex distributions with un-
known explicit forms. For this purpose, NF uses a sequence of invertible functions
to transform samples from a simple known distribution to variables following an
arbitrary probability density function. Additionally, the change-of-variables for-
mula can be used to compute the likelihood of di erent samples according to
the transformed distribution. Given its exibility, Normalizing Flows have been
used in several 3D modelling tasks. For instance[ [6/4,45] introduced di erent
ow-based generative models to model 3D point cloud distributions and sample
from them. More recently, [37] used a normalizing ow in order to avoid color
shifts at unseen viewpoints in the context of NeRF. To the best of our knowl-
edge, our proposed CF-NeRF is the rst approach employing Normalizing Flows
in order to learn radiance elds distributions for 3D scene modelling.

3 Deterministic and Stochastic Neural Radiance Fields

Deterministic Neural Radiance Fields. Standard NeRF [33] represents a
3D volumetric scene asF = f(r(x;d); (x)):x 2 R%;d 2 R?, whereF is a set
containing the volume density (x) 2 R* and RGB radiancer(x;d) 2 R from
all the spatial locations x and view directions d in the scene.

In order to implicitly model the in nite set F, NeRF employs a neural net-
work f (x;d) with parameters which outputs the density and radiancer for
any given input location-view pair fx;dg. Using this network, NeRF is able to
estimate the color c(x,; d) for any given pixel de ned by a 3D camera position
Xo and view direction d using the volumetric rendering function:

z, Z
c(Xo;d) = tT(t) (x¢)r (x¢; d)dt; whereT(t) = exp( t (Xs)ds); (1)

th th

and wherex; = X, + td corresponds to 3D locations along a ray with direction
d originated at the camera origin and intersecting with the pixel at X.

During training, NeRF optimizes the network parameters using Eq. (1) by
leveraging Maximum Likelihood Estimation (MLE) over a training set T con-
taining ground-truth images depicting views of the scene captured from di erent
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camera positions. More details about NeRF and its learning procedure can be
found in the original paper [33].

Stochastic Neural Radiance Fields. Deterministic NeRF is not able to pro-
vide information about the underlying uncertainty associated with the rendered
views or estimated depth maps. The reason is that the network (x; d) is trained
using Maximum Likelihood Estimation and thus, the learning process performs
a single point estimate over all the plausible radiance eldsF given the train-
ing set T. As a consequence, model predictions are deterministic and it is not
possible to sample multiple outputs to compute their associated variance.

To address this limitation, S-NeRF [53] employs Bayesian Learning to model
the posterior distribution p (FjT ) over all the plausible radiance elds explain-
ing the scene given the training set. In this manner, uncertainty estimations can
be obtained during inference by computing the variance over multiple predictions
obtained from di erent radiance elds F sampled from this distribution.

In order to make this problem tractable, S-NeRF uses Variational Inference
to approximate the posterior p (FjT ) with a parametric distribution q (F) im-
plemented by a deep neural network. However, S-NeRF imposes two limiting
constraints over g (F). Firstly, it models the radiance r and density for each
location-view pair in the scene as independent variables. In particular, the prob-
ability of a radiance eld given T is modelled with a fully-factorized distribution:

Y Y
q(F)= q (rix;d)a ( jx): @)
x2R3 d2R?
Whereas this conditional-independence assumption simpli es the optimization
process, it ignores the fact that radiance and density values in adjacent spatial
locations are usually correlated. As a consequence, S-NeRF tends to render noisy
and low-quality images and depth maps (see Fig. 2).

4 Conditional Flow-based Neural Radiance Fields

Our proposed Conditional Flow-based Neural Radiance Fields incorporates un-
certainty estimation by using a similar strategy than S-NeRF. In particular,
CF-NeRF learns a parametric distribution q (F) approximating the posterior
distribution p(FjT ) over all the possible radiance elds given the training views.

Di erent from S-NeRF, however, our method does not assume a simple and
fully-factorized distribution for q (F), but it relies on Conditional Normalizing
Flows and Latent Variable Modelling to preserve model expressivity. In the fol-
lowing, we discuss the technical details of our approach (Sec. 4.1), the optimizing
process following S-NeRF (Sec. 4.2) and inference procedure used to compute
the uncertainty associated with novel rendered views and depth maps (Sec. 4.3).

4.1 Modelling Flexible Radiance Field Distributions with CF-NeRF

Radiance Field distribution with Global Latent Variable. As discussed
in Sec. 3, S-NeRF formulation assumes that radiance and density variables at
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Fig. 3. (Left) We use two Conditional Normalizing Flow (CNF) to sample radiance and
density values from distributions q (rjx;d;z) and q ( jx;z), respectively. Each CNF
computes a transformation of a sample from the latent distribution q (z) conditioned
to an embedding h. This embedding which is computed by an MLP with the location-
view pair (x;d) as input. (Right) Each CNF is composed by a sequence of invertible
transformation functions fi.x conditioned on h.

each spatial location in the eld follow a fully-factorized distribution ( Eq. (2)).

As a consequence, they are forced to be independent from each other. This sim-
pli cation was motivated by the fact that modelling the joint distribution over

the in nite set of radiance and density variables in the eld F is not trivial. To
address this problem, our proposed CF-NeRF leverages De Finetti's representa-
tion theorem [17]. In particular, the theorem states that any joint distribution
over sets of exchangeable variables can be written as a fully-factorized distribu-
tion conditioned on a global latent variable. Based on this observation, we de ne
the approximate posterior q (F):

q(F)= &g (Fjz)dz= (2) q (rjix;d;2)q ( jx;2)dz; (3)

z Xx2R3 d2R?

where the latent variable z is sampled from a Gaussian priorgs:(z) = f ;; .0
with learned mean and variance. In this manner, all the 3D spatial-locationsx
and viewing-directions d generated from the same shared latent variable and
thus, they are conditionally dependent between them. This approach allows CF-
NeRF to e ciently model the distribution over the radiance-density variables in
the radiance eld without any independence assumption. It is also worth men-
tioning that De Fineti's theorem has been also used in previous works learning
joint distributions over sets for 3D point cloud modelling [18].
Radiance-Density Conditional Flows. Given that the radiance-density dis-
tributions can be highly complicated for complex scenes, modelling them with
variants of Gaussian distributions as in Stochastic NeRF can lead to sub-optimal
results. For this reason, CF-NeRF modelsq (rjx;d;z) and q ( jX;z) using a
Conditional Normalizing Flow (CNF) [4]. This allows to learn arbitrarily com-
plex distributions in a fully data-driven manner without any prior assumption.
For any input location-direction pair ( x;d), we use a sequence d CNFs
that transform the global latent variable z into samples from the radiancer
or density  distribution q (rjx;d;z) or g ( jx;z). More formally, each ow is
de ned as an invertible parametric function zy = fy(zx 1;x;d), where fy maps
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Fig. 4. lllustration of our pipeline for the inference and computation of the
log-likelihood on the pixel color. (a) We sample a set of variablesz from the global
latent distribution. (b) Given each spatial location x along a camera ray with viewing
direction d, we can generate a set of density and radiance values by passing eacl
variable through our proposed CNF. (c) These values can be represented as a set of
di erent density-radiance trajectories along the ray corresponding to each z, followed
by volume rendering techniques to composite each trajectory into a RGB value. Finally,
these RGB values are used to compute the log-likelihood for the pixel color and also
estimate the model prediction and its associated uncertainty using their mean and
variance during inference.

a random variable zx 1 into another one zx with a more complex distribution.
Note that the each ow fy is conditioned on the location and view direction
(x;d). Finally, zk is followed by a Sigmoid and Softplus activation functions for
radiance and density samples, respectively. This process is detailed in Fig. 3.

Using the introduced CNF, radiance and density probabilities q (rjx;d;z)
and g ( jx;z) can be computed with the change-of-variables formula typically
used in normalizing ows as:

o @ _ @ 'Y @
q (rjx;d;z) = g:(2) det@ = (2) dﬂ@ . det@k : ;

where jdet(@x =@y 1)j measures the Jacobian determinant of the transforma-
tion function fy. Note that q ( jx;z) can be computed in a similar manner.

4

4.2 Optimizing Conditional-Flow NeRF

We adopt a Variational Bayesian approach to learn the parameters of the poste-
rior distribution q (F) de ned in Eq. (3). Note that the optimized  corresponds
to the parameters of the CNFs de ned in the previous section. More formally,

we solve an optimization problem where we minimize the Kullback-Leibler (KL)

divergence betweerg (F) and the true posterior distribution p(FjT ) of radiance

elds given the training set:

min KL (g (F)jip(FiT))
=min  Eq (r)logp(TjF)+ Eq (r)logq (F) Eq (r)logp(F):  (5)
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The rst term in Eq. (5) measures the expected log-likelihood of the training
set T over the distribution of radiance elds q (F). The second term indicates
the negative Entropy of the approximated posterior. Intuitively, maximizing the
Entropy term allows uncertainty estimation by preventing the optimized distri-
bution to degenerate into a deterministic function where all the probability is
assigned into a single radiance eldF . Finally, the third term corresponds to
the cross-entropy betweenqg (F) and a prior over radiance elds p(F). Given
that it is hard to choose a proper prior in this case, we assumé(F) to follow
uniform distribution and thus, this term can be ignored during optimization. In
the following, we detail how the rst two terms are computed during training.

Computing the log-likelihood. Assuming that the training set T is com-
posed byN triplets fC,;x2;d,g representing the color, camera origin and view
direction of a givg1 pixel in a training image, the log-likelihood term in Eq. (5) is
equivalent to: Ni E=l logp(CnjF). In order to compute an individual p(C,jF)
we use the following procedure.

Firstly, we sample a set of variablesz’X from the global latent distribution
0:(z). Secondly, given a training triplet f C;x°; dg and a set of 3D spatial loca-
tions along a ray de ned by x; = x,+ td, we sample a set of density and radiance
valuesf g . andfriKg, ., by using the Conditional Flow introduced in
Sec. 4.1. In particular, we perform a forward pass over the ow with inputs zX
conditioned to x, for all t. Subsequently, a set ofK color estimates € 1.« are
obtained by using, for everyk, the volume rendering formula in Eqg. (1) over the
sampled radiance and density valued kgtn;tf and frkgtn;tf , respectively. Fi-

nally, with the set of obtained color estimations €1k, we use a non-parametric
kernel density estimator as in [53] to approximate the log-likelihood logp(CjF )
of the pixel color. An illustration of this procedure is shown in Fig. 4.

Computing the Entropy term. In order to compute the entropy term in
Eqg. (5), we use a Monte Carlo approximation with M samples as:

Y Y _ Y Y _
Eq (r)logq (F) = Eq, 2) logq (rjx;d;z) + Eq, (z ) logg ( jx;2)

x2R3 d2R? x2R3 d2R?

logq (rmjXm:;dm;zm)+10g g ( miXm;Zm) (6)
m=1
wherez,, are obtained from the latent variable distribution g (z) and fxm;dmg
are possible 3D locations and view directions in the scene which are randomly
sampled. Finally, . andr are density and radiance values obtained by apply-
ing our conditional ow with inputs ( zZy ,Xm,dm ). Their probabilities g ( mjXm;zZm)
and q (rmjXm;dm;zm) can be computed by using Eq. (4).

4.3 Inference and Uncertainty Estimation

CF-NeRF allows us to quantify the uncertainty associated with rendered images
and depth-maps. As described in Sec. 4.2, given any camera pose, we can obtain
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a set of color estimatesC 1.x for every pixel in a rendered image. These estimates
are obtained by sampling a set of random variablez;.x from latent distribution

0 (z) and applying CF-NeRF. Finally, the mean and variance of the pixel colors
over the K samples are treated as the predicted color and its associated uncer-
tainty, respectively. For depth-map generation, we sample a sequence of density
valuesf g, .t, along a camera ray and we compute the expected termination
depth of the ray as in [33]. In this way, we obtain a set of depth-valuesd;.x
for each pixel in the depth-map for the rendered image. As in the case of the
RGB color, its mean and variance correspond to the estimated depth and its
associated uncertainty.

5 Experiments

Datasets. We conduct a set of exhaustive experiments over two benchmark
databases typically used to evaluate NeRF-based approaches: theé FF dataset
from the original NeRF paper [33] and the Light Field LF dataset [68,67].
The rst is composed of 8 relatively simple scenes with multiple-view forward-
facing images. On the other hand, from the LF dataset we use 4 sceneAfrica,
Basket, Statue and Torch. The evaluation over the LF scenes is motivated by
the fact that they have a longer depth range compared to the ones in LLFF
and, typically, they present more complicated geometries and appearance. As
a consequence, the evaluation over LLFF gives more insights into the ability
of NeRF-based methods to model complex 3D scenes. Same as [53], we use
a sparse number of scene views (%) for training and the last adjacent views
for testing. As discussed in the cited paper, training in an extremely low-data
regime is a challenging task and provides an ideal setup to evaluate the ability
of the compared methods to quantify the uncertainty associated with the model
predictions. While the ground truth of depth is not available in the original
datasets, we compute pseudo ground truth by using the method in [61] trained
on all the available views per scene.

Baselines. We compare our method with the state-of-the-art S-NeRF [53],
NeRF-W [31] and two other methods, Deep-Ensembles(D.E.) [20] and MC-
Dropout(Drop.) [11], which are generic approaches for uncertainty quanti cation
in deep learning. For NeRF-W, we remove the latent embedding component
of their approach and keep only the uncertainty estimation layers. For Deep-
Ensembles, we train 3 di erent NeRF models in the ensemble in order to have a
similar computational cost during training and testing compared to the rest of
compared methods. In the case of MC-Dropout, we manually add one dropout
layer after each odd layer in the network to sample multiple outputs using ran-
dom dropout con gurations. The described setup and hyper-parameters for the
di erent baselines is the same previously employed in S-NeRF [53].
Implementations details. In order to implement CF-NeRF and the di er-
ent baselines, we inherit the same network architecture and hyper-parameters
than the one employed in the original NeRF implementation. In CF-NeRF,

3 https://github.com/bmild/nerf



Conditional-Flow NeRF 11

Table 1. Quality and uncertainty quanti cation metrics on rendered images over the
LLFF dataset. Best results are shown in bold with second best underlined.

quality metrics uncertainty metrics
PSNR" SSIM" LPIPS# AUSE RMSE # AUSE MAE # NLL #
D.E. [20] 22.32 0.788 0.236 0.0254 0.0122 1.98
Drop. [11] 2190 0.758 0.248 0.0316 0.0162 1.69
NeRF-W [31] 20.19 0.706 0.291 0.0268 0.0113 231
S-NeRF [53] 20.27 0.738 0.229 0.0248 0.0101 0.95
CF-NeRF 21.96 0.790 0.201 0.0177 0.0078 0.57

we use this architecture to compute the conditional part givenx and d. Since
CF-NeRF uses an additional normalizing ow following this network, we add ad-
ditional layers for the rest of baselines so that they have a similar computational
complexity than our method. See the supplementary material for more details
on hyper-parameters of our conditional normalizing ow.

Metrics. In our experiments, we address two di erent tasks using the com-
pared methods: novel view synthesis and depth-map estimation. In particular,
we evaluate the quality of generated images/depth-maps and the reliability of
the quanti ed uncertainty using the following metrics:

Quality metrics: We use standard metrics in the literature. Speci cally, we
report PSNR, SSIM [60], and LPIPS [69] for generated synthetic views. On the
other hand, we compute RMSE, MAE and -threshold [9] to evaluate the quality
of the generated depth-maps.

Uncertainty Quanti cation: To evaluate the reliability of the uncertainty es-
timated by each model we report two widely used metrics for this purpose.
Firstly, we use the negative log likelihood (NLL) which is a proper scoring rule
[21,29] and has been previously used to evaluate the quality of model uncer-
tainty [53]. Secondly, we evaluate the compared methods using sparsi cation
curves [46,3,43]. Concretely, given an error metric (e.g. RMSE), we obtain two
lists by sorting the values of all the pixels according to their uncertainty and the
computed error. By removing the topt%(t =1  100) of the errors in each vec-
tor and repeatedly computing the average of the last subset, we can obtain the
sparsi cation curve and the oracle curve respectively. The area between is the
AUSE, which evaluates how much the uncertainty is correlated with the error.

5.1 Results over LLFF dataset

Following a similar experimental setup than [53], we rstly evaluate the per-
formance of the compared methods on the simple scenes in the LLFF dataset.
All the views in each scene are captured in a restricted setting where all cam-
eras are forward-facing towards a plane, which allows to use Normalized Device
Coordinates (NDC) to bound all coordinates to a very small range(0-1). In Ta-

ble 1, we report the performance of the di erent evaluated metrics averaged over

all the scenes. As can be seen, S-NeRF achieves the second best performance in
terms of uncertainty quanti cation with quality metrics comparable to the rest of
baselines. These results are consistent with the results reported in their original
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Table 2. Quality and uncertainty quanti cation metrics on rendered images over LF
dataset. Best results are shown in bold with second best underlined.

Scene Quality Metrics Uncertainty Metrics Scene Quality Metrics Uncertainty Metrics
Type Methods PSNR" SSIM" LPIPS # S&"SSEE#QL/JMSEE# NLL # | Type PSNR" SSIM" LPIPS# R’,A’\;"SSEE#QLXISEE# NLL #
D.E. [20] 2593 0.87 0.17 0.206 0.161 1.26 2314 078 0.32 0.385 0.304 2.19
Drop. [11] 24.00 0.80 0.30 0.324 0.286 1.35 2213 072 042 0.396 0.339 1.69
Basket NeRF-W [31] 19.81 0.73 0.31 0.333 0.161 2.23|Afria 21.14 0.71 0.42 0.121 0.089 1.41
S-NeRF [53] 2356 0.80 0.23 0.098 0.089 0.26 20.83 0.73 035 0.209 0.161 0.56
CF-NeRF 26.39 0.89 0.11 0.039 0.018 -0.90 23.84 0.83 023 0.077 0.054 -0.25
D.E. [20] 2457 085 021 0307 0.214 153 2149 073 043 0153 0.101 1.80
Drop. [11] 2391 0.82 0.28 0.297 0.2321.09 19.23 0.62 0.59 0.226 0.154 3.09
Statue NeRF-W [31] 19.89 0.73 0.41 0.099 0.071 3.03 [Torch 1559 0.56 0.69 0.132 0.131 1.52
S-NeRF [53] 13.24 0.55 0.59 0.475 0.714 4.56 13.12 0.33 1.02 0.321 0.454 2.29
CF-NeRF 2454 0.87 0.16 0.040 0.019 -0.83 2395 0.86 0.17 0.047 0.015 -0.86

Table 3. Quality and uncertainty quanti cation metrics on depth estimation over the
LF dataset. All the results are computed from disparity values which are reciprocal to
depth. Best results are shown in bold with second best underlined.

Quality Metrics Uncertainty Metrics Quiality Metrics Uncertainty Metrics

Scene Scene

Type MehodS  pusEsMAE# " F?“;JSS,'EE# Qﬁi NLL# | Type RMSE#MAE# 3" RAB;EEE#QL:EE# NLL #
D.E. [20] 0221 0.132 0.66 0480 0232 7.88 0.085 0.039 090 0218 0.110 3.61
Drop. [11] 0.241 0153 0.43 0.297 0.157 10.96 0216 0141 031 0544 0.503 10.36

Basket NeRF-W [31] 0.214 0.179 041 - - - |Africa 0.127 0079 077 - - -
S-NeRF [53] 0417 0.401 0.23 0.305 0.312 8.75 0.239 0155 0.36 0.234 0.252 6.55
CF-NeRF 0.166 0.099 0.80 0.101 0.052 6.76 0.074 0.039 0.93 0.105 0.090 2.05
D.E. [20] 0.162 0118 0.73 0.115 0.056 7.78 0.132 0071 071 0226 0.131 5.76
Drop. [11] 0.197 0128 059 0164 0.109 10.89 0263 0173 0.06 0982 0.809 10.84

Statue NeRF-W [31] 0.276 0.218 055 - - - |Torch 0271 0241 0.17 - -
S-NeRF [53] 0.751 0.709 0.26 0.353 0.386 11.51 0.274 0236 014 0770 1.013 875
CF-NeRF 0.122 0.098 0.73 0.069 0.053 7.38 0.110 0.061 0.78 0.164 0.089 4.15

paper and demonstrate that the expressivity of S-NeRF on these simple scenes
is not severely limited by the imposed strong assumptions over the radiance eld
distribution. Nonetheless, our CF-NeRF still achieves a signi cant improvement
over most of the metrics, showing the advantages of modelling the radiance eld
distribution using the proposed latent variable modelling and CNFs.

5.2 Results over LF dataset

To further test the performance of di erent approaches on larger scenes with
more complex appearances and geometries, we evaluate the di erent methods
on the LF dataset. All images in these scenes have a large depth range and are
randomly captured towards the target. As a consequence, coordinates cannot be
normalized with NDC.

Quantitative results.  Results over rendered RGB images and estimated depth-
maps for all the scenes and evaluated metrics are shown in Table 2 and Table 3,
respectively. As can be seen, S-NeRF obtains poor performance in terms of qual-
ity and uncertainty estimation. This clearly shows that the imposed assumptions
over the radiance elds distribution are sub-optimal in complex scenes and lead
to inaccurate model predictions and unreliable uncertainty estimations. In con-
trast, our CF-NeRF outperforms all the previous approaches by large margins
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