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Figure 1. Unsupervised learning of depth and defocus effects from unstructured (and view-limited) natural images. (a) During
training, we used only a collection of unstructured single natural images and did not use any supervision (e.g., ground-truth depth, pairs
of multiview images, defocus supervision, or pretrained models). (b) After training, AR-NeRF can generate sets of images and depths.
In particular, in the generation of an image, AR-NeRF can adjust the defocus strength and focus distance intuitively and continuously
using photometric constraints. The project page is available at https://www.kecl.ntt.co.jp/people/kaneko.takuhiro/
projects/ar-nerf/.

Abstract

Fully unsupervised 3D representation learning has
gained attention owing to its advantages in data collec-
tion. A successful approach involves a viewpoint-aware ap-
proach that learns an image distribution based on genera-
tive models (e.g., generative adversarial networks (GANs))
while generating various view images based on 3D-aware
models (e.g., neural radiance fields (NeRFs)). However,
they require images with various views for training, and
consequently, their application to datasets with few or lim-
ited viewpoints remains a challenge. As a complementary
approach, an aperture rendering GAN (AR-GAN) that em-
ploys a defocus cue was proposed. However, an AR-GAN is
a CNN-based model and represents a defocus independently
from a viewpoint change despite its high correlation, which
is one of the reasons for its performance. As an alternative
to an AR-GAN, we propose an aperture rendering NeRF
(AR-NeRF), which can utilize viewpoint and defocus cues
in a unified manner by representing both factors in a com-
mon ray-tracing framework. Moreover, to learn defocus-
aware and defocus-independent representations in a disen-
tangled manner, we propose aperture randomized training,
for which we learn to generate images while randomizing
the aperture size and latent codes independently. During

our experiments, we applied AR-NeRF to various natural
image datasets, including flower, bird, and face images, the
results of which demonstrate the utility of AR-NeRF for un-
supervised learning of the depth and defocus effects.

1. Introduction
Natural images are 2D projections of the 3D world.

Solving the inverse problem, i.e., understanding the 3D
world from natural images, is a principal challenge in com-
puter vision and graphics and has been actively studied in
various fields owing to its diverse applications, such as en-
vironmental understanding in robotics, content creation in
advertisements, and photo editing in the arts.

After collecting pairs of 2D and 3D data or sets of mul-
tiview images, a successful approach is to learn the 3D
predictor using direct or photometric-driven supervision.
This approach demonstrates promising results in terms of
fidelity. However, the collection of such data is often diffi-
cult or impractical. To reduce the collection costs, learning
from single images (i.e., from a dataset that includes a sin-
gle image per training instance) has been actively studied.

To obtain clues under such setting, several studies [19,
32, 75, 77, 93] have introduced object-specific shape mod-
els, including 3DMM [5] and SMPL [51], and searched
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for solutions within the shape model constraints. Other
studies have utilized auxiliary information such as 2D key-
points [33, 87] or 2D silhouettes [10, 22, 27, 44] to sim-
plify the problem by aligning the object parts or separating
the target objects from the background. These studies also
demonstrate remarkable results; however, the construction
of the shape model is not always easy and narrows the appli-
cable objects, and auxiliary information incurs extra costs in
terms of data collection.

To alleviate such restrictions, a fully unsupervised ap-
proach, which learns 3D representations from single im-
ages without any additional supervision (including auxil-
iary information and pre-trained models), has gained atten-
tion. Under this setting, the viewpoint is a principal clue,
which typical methods utilize by learning an image distri-
bution using a generative model (e.g., a generative adver-
sarial network (GAN) [23]) while generating various view-
point images based on viewpoint-aware 3D models, such
as voxels [27, 58, 59], primitives [46], and neural radiance
fields (NeRFs) [9, 24, 56, 60, 61, 76]. This allows learning a
viewpoint-aware 3D representation; however, owing to the
diverse viewpoints needed, the application to a dataset in
which viewpoint cues are limited or unavailable without the
use of a preprocessing (e.g., natural flower or bird images,
as shown in Figure 1) remains a challenge.

As a complement to a viewpoint cue, an aperture render-
ing GAN (AR-GAN) [34] was proposed to exploit a defo-
cus cue by equipping the aperture rendering [83] on top of
the CNN GANs. This constraint allows the learning of both
depth and depth-of-field (DoF) effects in an unsupervised
manner. However, as a limitation, an AR-GAN employs
the defocus cue independently from the viewpoint cue and
cannot utilize both factors jointly despite these two factors
being highly correlated with the ability to help each other.1

Consequently, the quality of the depth prediction when us-
ing AR-GAN remains limited.

We thus aim to construct a unified model that can lever-
age defocus and viewpoint cues jointly by considering the
application of unsupervised learning of the 3D representa-
tion (particularly depth and defocus effects) from natural un-
structured (and view-limited) images (Figure 1). To achieve
this, we propose a new extension of NeRF called aperture
rendering NeRF (AR-NeRF), which can represent defocus
effects and viewpoint changes in a unified manner by repre-
senting both factors through a common ray-tracing frame-
work. More precisely, in contrast to the standard NeRF,
which represents each pixel using a single ray under the pin-
hole camera assumption, AR-NeRF employs an aperture
camera [79] that represents each pixel using a collection of
rays that converge at the focus plane and whose scale is de-

1More precisely, in [34], the combinations of an AR-GAN
and viewpoint-aware GANs (particularly, HoloGAN [58] and RGBD-
GAN [65]) are provided. These models can learn the defocus and
viewpoint-aware representations simultaneously but individually; there-
fore, such models cannot utilize the learning of one representation for the
learning of another.

termined according to the aperture size. Through such mod-
eling, we can represent both viewpoint changes and defocus
effects by simply changing the inputs and the integration of
the implicit function (multilayer perceptron (MLP)), which
converts the point position and view direction into the RGB
color and volume density. Consequently, through training,
we can optimize the MLP while reflecting both factors.

Moreover, to disentangle defocus-aware and defocus-
independent representations in an unsupervised manner, we
introduce aperture randomized training, in which we learn
to generate images in a GAN framework while changing the
aperture size and latent codes both randomly and indepen-
dently. A similar technique is commonly used in viewpoint-
aware representation learning [9, 24, 27, 46, 56, 58–61, 76],
and this training is useful for disentangling the effect of the
corresponding factor from latent codes.

We applied AR-NeRF to natural image datasets, includ-
ing view-limited (Oxford Flowers [64] (flower) and CUB-
200-2011 [90] (bird)) datasets and datasets with various
views (FFHQ [39] (face)), and demonstrated that AR-NeRF
is better than or comparable to the baseline models, includ-
ing a state-of-art fully unsupervised depth-learning model
(i.e., AR-GAN [34]) and generative NeRF (particularly pi-
GAN [9]), in terms of the depth prediction accuracy. We
also demonstrated that AR-NeRF can manipulate the defo-
cus effects (i.e., defocus strength and focus distance) intu-
itively and continuously while retaining the image quality,
whereas AR-GAN has difficulty doing so.

Overall, our contributions can be summarized as follows:

• To achieve an unsupervised learning of the depth and
defocus effects, we propose a new extension of NeRF
called AR-NeRF, which can employ viewpoint and de-
focus cues in a unified manner by representing both
factors in a common ray-tracing framework.

• To disentangle defocus-aware and defocus-
independent representations under unsupervised
conditions, we introduce aperture randomized train-
ing, by which we learn to generate images while
changing the aperture size and latent codes both
randomly and independently.

• We empirically demonstrate the utility of AR-NeRF
for the unsupervised learning of the depth and defocus
effects using various natural image datasets, including
view-limited (flower and bird) datasets and datasets of
various views (face). We provide detailed analyses and
extended results in the supplementary material.2

2. Related work
Implicit neural representations. Owing to their 3D-
aware, continuous, and memory-efficient nature, im-
plicit neural representations have gained attention in both

2The supplementary material is available at https://www.kecl.
ntt.co.jp/people/kaneko.takuhiro/projects/ar-
nerf/.
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learning-based 3D [2, 11, 12, 20, 54, 55, 62, 66, 68, 74] and
scene [8,13,31,69] reconstructions. Typical representations
are supervised using 3D data; however, to eliminate the
need for 3D supervision, the incorporation of differentiable
rendering has also been proposed [49, 50, 63, 82, 100]. The
most relevant model is NeRF [56], which combines implicit
neural representations with volume rendering for a novel
view synthesis. Our AR-NeRF is based on NeRF and ob-
tains a viewpoint-aware functionality by inheriting it. How-
ever, to obtain the defocus-aware functionality, AR-NeRF
employs an aperture camera model instead of a pinhole
camera model, which is typically used in NeRF. Moreover,
the described studies aimed to learn a single network per
scene using a set of multiview images, whereas we aimed to
construct a generative model from the collection of unstruc-
tured single images. Owing to this difference, we do not
aim to compare AR-NeRF with NeRF in this study; how-
ever, reimporting our idea (i.e., the usage of an aperture
camera) to the original task remains for future research.

Generative adversarial networks. GANs [23] have shown
remarkable results in 2D image modeling through a series
of advancements (e.g., [7, 37–40]). A strong property of
GANs is their ability to learn the data distribution through
random sampling without directly defining the distribution.
This property allows GANs to learn the data distribution
through measurements [6, 35, 36, 43, 67] and architectural
constraints [88,94,95,99,105]. Using the same logic, unsu-
pervised 3D-aware GANs [9,24,27,34,46,56,58–61,65,76,
84] have succeeded in learning 3D-aware representations
by incorporating 3D-2D projection modules and/or 3D-
aware constraints. More specifically, most studies address
viewpoint-aware representation learning using 3D represen-
tations based on voxels [27, 58, 59], primitives [46], and
NeRFs [9, 24, 56, 60, 61, 76], and a few studies [34] have
addressed the learning of defocus-aware representations.
Herein, we introduce a unified model that can jointly lever-
age both defocus and viewpoint cues to strengthen the latter
category model. We demonstrate the utility of their joint
usage in the experiments described in Section 5.3.

Learning 3D representations from single images. As dis-
cussed in Section 1, to eliminate the cost of collecting 3D
data or multiview images, the learning of a 3D represen-
tation from single images has garnered attention. Promis-
ing approaches involve the use of shape models [19, 32, 75,
77, 93] and the incorporation of auxiliary information such
as 2D keypoints [33, 87] or 2D silhouettes [10, 22, 27, 44].
Although such approaches have yielded remarkable results,
the requirement for shape models or auxiliary information
remains a bottleneck. To eliminate this bottleneck, a fully
unsupervised learning approach based on generative mod-
els has been actively studied. The learning targets differ ac-
cording to the studies applied, and to date, the unsupervised
learning of viewpoints [9,24,27,46,56,58–61,65,73,76,84,
96], albedo [96], texture [84], light [96], 3D meshes [73,84],
depth [34, 65, 96], and defocus effects [34] has been pro-

posed. Among these approaches, AR-NeRF shares the mo-
tivation with AR-GAN [34] with the aim of learning the
depth and defocus effects. However, as the main difference,
an AR-GAN represents an aperture renderer in a discretized
CNN and is specific to the learning of the depth and defo-
cus effects, whereas our AR-NeRF represents an aperture
renderer with continuous radiance fields and can explain
and utilize other ray-tracing-related phenomena (e.g., view-
points) in a unified manner. We empirically demonstrate
these merits in Section 5.2.

Learning of depth and defocus effects. There is a large
body of studies conducted on depth learning. Representa-
tive approaches involve training the depth predictor using
pairs or sets of data, such as image and depth pairs [15,
16, 41, 42, 48, 98], multiview image pairs [18, 21, 97], and
consecutive frame sets [91, 101, 104]. Defocus synthesis
has also garnered interest in computer vision and graph-
ics, and both model-based [3, 26, 30, 78, 89] and learning-
based [29, 70, 83, 92] defocus synthesizers have been pro-
posed. Based on the high correlation between the depth and
defocus strength, some studies [25,83] have proposed learn-
ing the depth while reconstructing focused images from all-
in-focus images under the assumption that pairs of focused
and all-in-focus images are available for training. Although
our study is motivated by the success of such studies, the
main difference is that we address a challenging but practi-
cally important situation in which there are no training data
available other than natural unstructured (and view-limited)
images. The latest model addressing this problem is an AR-
GAN [34]. As stated previously, we investigate the quanti-
tative and qualitative differences in Section 5.2.

3. Preliminaries
3.1. GAN

We begin by describing the two previous work upon
which our model is built. The first is a GAN [23], which
learns the data distribution implicitly through a two-player
min-max game using the following objective:

LGAN = EIr∼pr(I)[logD(Ir)]

+ Ez∼pg(z)[log(1−D(G(z)))], (1)

where, given a latent code z, a generator G generates an
image Ig that fools the discriminator D by minimizing this
objective, whereas D distinguishes Ig from a real image Ir

by maximizing this objective. Here, the superscripts r and
g represent real and generated data, respectively. Through
adversarial training, pg(I) reaches close to pr(I).

3.2. NeRF
NeRF [56] (in particular, we consider generative vari-

ants [9,76] relevant to our study) represents a scene using an
MLP that takes the 3D position x ∈ R3 and view direction
d ∈ S2 as inputs and predicts the RGB color c(x,d) ∈ R3
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and volume density σ(x) ∈ R+. More precisely, in [9, 76],
positional encoding [56,86] and sine nonlinearity [80] were
used prior to or during the application of the MLP to encode
positional information; however, we omit them for a general
representation. Moreover, in a generative variant, the MLP
also takes the latent code z ∈ RLz as input to represent a
variety of data. However, this is omitted for simplicity.

NeRF employs a pinhole camera (Figure 2(a)) and pre-
dicts the color of each pixel C(r) and the corresponding
depth Z(r) by integrating over a single camera ray r(t) =
o+ td (where o and d are the camera origin and direction,
respectively) within a distance t ∈ [tn, tf ] using the volume
rendering equation [53]:

C(r) =

∫ tf

tn

T (t)σ(r(t))c(r(t),d)dt,

Z(r) =

∫ tf

tn

T (t)σ(r(t))tdt,

where T (t) = exp

(
−
∫ t

tn

σ(r(s))ds

)
. (2)

In practice, the integral is intractable; thus, a discretized
form with stratified and hierarchical sampling [56] is used.

4. Aperture rendering NeRF: AR-NeRF
4.1. Problem statement

We first clarify the problem statement. We address fully
unsupervised learning of the depth and defocus effects,
where no supervision or pretrained models are available and
only a collection of unstructured single images are accessi-
ble during training. Owing to the lack of explicit super-
vision, it is difficult to learn a conditional model that can
directly predict the depth and defocus effects from an in-
put image. As an alternative, we aim to construct an un-
conditional generator G(z) that can generate the image and
depth as a set while varying the defocus effects. Similar
to viewpoint-aware representation learning, which requires
a dataset that includes various view images to acquire the
viewpoint cue, our defocus-aware representation learning
requires a dataset that includes variously defocused images
to obtain a defocus cue. More formally, we impose the fol-
lowing assumption for the dataset:

Assumption 1 The training images are captured using var-
ious aperture-sized cameras, and the dataset includes di-
versely defocused images.

Two factors affecting the defocus effects (as detailed in
Section 4.2) are the aperture size and focus distance (dis-
tance between the ray origin and the plane where all objects
are in focus). Hence, we can also impose the assumption
of diversity of the focus distance instead of or in addition to
Assumption 1. However, under a practical scenario, the fo-
cused target tends to be fixed when the scene is determined.

(a) Pinhole camera-based ray tracing (b) Aperture camera-based ray tracing

on NeRF on AR-NeRF (ours)

o

d
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f
s
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u d
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Figure 2. Comparison of ray tracing on NeRF and AR-NeRF.

Hence, in this study, only Assumption 1 is imposed.3

Note that we assume the existence of diversely defo-
cused images but do not assume the existence of their
pairs/sets. We observed that this assumption is satisfied in
a typical natural image dataset, as shown in Figure 1.

4.2. Aperture rendering with NeRF
As described in Section 3.2, NeRF is a strongly 3D-

aware model that can jointly represent an image and depth
at the design level (Equation 2). To utilize this strong prop-
erty in our problem (Section 4.1), we consider representing
aperture rendering in a ray-tracing framework, which is the
basis of NeRF. This is achieved by replacing pinhole cam-
era-based ray tracing (Figure 2(a)), which is used in a stan-
dard NeRF, with aperture camera-based ray tracing [79]
(Figure 2(b)).

For pinhole-camera-based ray tracing, we cast all rays
from a single point o. By contrast, with aperture camera-
based ray tracing, we cast rays from an aperture of radius s.
More formally, the origin of a ray from the aperture (o′) is
written as

o′ = o+ u, (3)

where |u| ∈ [0, s], and the direction of u is orthogonal to o.
A bundle of rays emitted from the aperture converges to

a point on the plane at a focal distance of f . Based on this
definition, the direction of the ray from the aperture (d′) is
calculated as follows:

d′ = (o+ fd− o′)/f, (4)

Based on Equations 3 and 4, we can calculate the ray from
the origin o′, that is, r′(t) = o′ + td′, and render the corre-
sponding color C(r′) and depth Z(r′) using volume render-
ing (Equation 2). The final color and depth are calculated by
integrating over C(r′) and Z(r′) for all rays in |u| ∈ [0, s].4

However, similar to volume rendering, the integral is in-
tractable in practice; therefore, a discretized form is used.

3A similar assumption (diversity of the DoF settings) has also been in-
troduced in an AR-GAN [34]. However, it does not distinguish the effects
of the two factors, and for a stricter assumption, we redefine it here.

4The depth does not need to be integrated, but we used this formulation
to account for the ambiguity derived from the defocus blur. However, we
empirically found that the effect on the depth accuracy is subtle.
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More precisely, we generate a finite bundle of rays from the
sampled |u| ∈ [0, s] and calculate the final output by taking
the average of the corresponding C(r′) and Z(r′).

4.3. Aperture randomized training
To learn defocus-aware and defocus-independent repre-

sentations in a disentangled manner, we introduce aperture
randomized training, in which we learn to generate images
by varying the aperture size and latent codes both randomly
and independently. More formally, we rewrite the GAN ob-
jective (Equation 1) as follows:5

LAR-NeRF = EIr∼pr(I)[logD(Ir)]

+ Ez∼pg(z),s∼pg(s)[log(1−D(G(z, s)))], (5)

where the latent code z and aperture size s are sampled ran-
domly and independently. In practice, we represent pg(s)
using a half-normal distribution and parameterize its stan-
dard deviation σs to determine the range of aperture sizes
in a data-driven manner. As a side note, we represent the
focus distance f , another variable in aperture rendering, us-
ing MLP, taking z as the input under the assumption that f
is determined according to the rendered target.

As discussed in Section 4.2, our aperture rendering has
a strong 3D constraint based on ray tracing, and therefore
when we train a model using Equation 5, z must capture
the representations that are independent and robust to the
change in defocus driven by the fluctuation of s.

4.4. Advanced techniques for practice
To the best of our knowledge, unsupervised learning of

the depth and defocus effects is a relatively new task (e.g.,
the first attempt was at CVPR 2021 [34]), and practical tech-
niques (in particular, those specific to NeRF) have yet to be
sufficiently developed. To advance this research direction,
we discuss practical techniques considered for this task.
Representation of unbounded background with
NeRF++. A typical generative NeRF [9, 76] renders an
entire scene in a tightly bounded 3D space to efficiently
model the foreground. However, this strategy is problem-
atic when training images with an unbounded background
(e.g., bird images in Figure 1). In particular, this problem
is critical in terms of learning the defocus effects because
its strength is determined according to depth. We cannot
represent a strong defocus effect at the design level when
using a tightly bounded 3D space. To address this problem,
we implemented a synthesis network using NeRF++ [103],
which is composed of a foreground NeRF in a unit sphere
and background NeRF modeled using inverted sphere

5The relevant training scheme is DoF-mixture learning [34], in which
the image generation is learned while generating various defocused im-
ages. The main difference from our approach is that their method manipu-
lates the depth scale instead of the aperture size because they cannot scale
the aperture directly owing to the discretized formulation. Consequently,
their learned depth is relative, and therefore they must carefully tune the
value when changing the focus distance by adding an offset.

parameterization. This implementation allows representing
a strong defocus effect in a far background. For a fair
description, we note that concurrent approaches [24, 60]
have also incorporated NeRF++ for image generation to
represent an unbounded background.
Learning depth and defocus effects with changes in
viewpoint. Fully unsupervised learning of the depth and
defocus effects is a challenging and ill-posed problem, al-
though our aperture randomized training alleviates this dif-
ficulty. To obtain a hint from another source, we jointly
learn viewpoint-aware and view-independent representa-
tions by randomly sampling the camera poses during train-
ing [9, 76]. To prevent sampled camera parameters beyond
a real distribution, we restrict its range (using a standard de-
viation of 0.1 radian in practice). We found that this setting
works reasonably well for both datasets, including limited
and wide viewpoints (Section 5.3).
Aperture ray sampling scheme. In typical ray tracing used
in computer graphics [79], a large number of rays (e.g., 100)
are sampled per pixel in aperture rendering (Section 4.2)
to improve the synthesis fidelity. However, this increases
both the processing time and memory. To efficiently repre-
sent the aperture using limited rays, we used stratified sam-
pling [56]. More concretely, we used five rays; the origin
of one ray was placed at the center of the aperture, and the
origins of the others were placed along the circumference
of the aperture with equal intervals. We examine the effect
of this approximation in the supplementary material.2

5. Experiments
5.1. Experimental settings

We conducted two experiments to verify the effective-
ness of AR-NeRF from multiple perspectives: a compara-
tive study (Section 5.2) in which we compared AR-NeRF to
AR-GAN [34], which is a pioneering model with a similar
objective, and an ablation study (Section 5.3) in which we
investigated the importance of our ideas. In this section, we
present the common settings and discuss the details of each
in the next sections.
Dataset. Following the AR-GAN study [34], we eval-
uated AR-NeRF using three natural image datasets: two
view-limited datasets, i.e., Oxford Flowers [64] (8,189
flower images with 102 categories) and CUB-200-2011 [90]
(11,788 bird images with 200 categories), and a view-
various dataset, that is, FFHQ [39] (70,000 face images).
To effectively examine various cases, we resized the images
to a pixel resolution of 64× 64. This strategy was also used
in the AR-GAN study [34]. Therefore, we can compare
AR-NeRF to AR-GAN under fair conditions. We provide
detailed information about the datasets in the supplemen-
tary material.2

Evaluation metrics. We evaluated the effectiveness of AR-
NeRF quantitatively using the same two metrics used in the
AR-GAN study [34] for a direct comparison. The first is
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the kernel inception distance (KID) [4], which measures
the maximum mean discrepancy between real and generated
images within the inception model [85]. We used the KID
to evaluate the visual fidelity of the generated images. We
calculated this score using 20,000 generated images and all
real images. Based on our objective (i.e., training an uncon-
ditional model on unstructured natural images), preparing
the ground truth depth is nontrivial. Following [34], as an
alternative, we calculated the depth accuracy by (1) train-
ing the depth predictor using pairs of images and depths
generated through GANs, (2) predicting the depths of real
images using the trained depth predictor, and (3) comparing
the predicted depths to those predicted by a highly general-
izable monocular depth estimator [97] trained using stereo
pairs.6 To measure the differences in depth, we used the
scale-invariant depth error (SIDE) [15], which measures
the difference between depths in a scale-invariant manner
and is useful for comparing the depths predicted by differ-
ent representation systems. For both metrics, the smaller
the value, the better the performance.
Implementation. We implemented AR-NeRF based on pi-
GAN [9],7 which is a state-of-the-art generative variant of
NeRF. Because the original pi-GAN was not applied to the
dataset used in our experiments, we carefully tuned the con-
figurations and hyperparameters such that the baseline pi-
GAN could generate images reasonably well. Next, we
incorporated a background synthesis network into pi-GAN
based on NeRF++ [103]8 (Section 4.4). Hereafter, we refer
to this model as pi-GAN++. Subsequently, we incorporated
aperture rendering (Section 4.2) and aperture randomized
training (Section 4.3) into pi-GAN++. This is the model
denoted by AR-NeRF below. We provide implementation
details in the supplementary material.2

5.2. Comparative study
To determine the validity of AR-NeRF for unsupervised

learning of the depth and defocus effects, we first investi-
gated the comparative performance between AR-NeRF and
AR-GAN [34], which is a state-of-art model for this prob-
lem. The main difference between AR-NeRF and AR-GAN
is the architectural difference, where AR-NeRF is con-
structed based on the continuous radiance fields, whereas
AR-GAN is constructed based on discretized CNNs. An-
other small but significant difference is that AR-NeRF rep-
resents the defocus distribution (i.e., aperture size distribu-
tion) using a half-normal distribution (Equation 5), whereas
AR-GAN represents it (i.e., depth scale distribution in this
case) using a binomial distribution (Equation 6 in [34]). To
confirm the effects of this difference, we also evaluated a
variant of AR-GAN (referred to as AR-GAN++), in which

6We used the official pretrained model: https://github.com/
KexianHust/Structure-Guided-Ranking-Loss.

7We implemented it based on the official code https://github.
com/marcoamonteiro/pi-GAN.

8We implemented this while referring to the official code: https:
//github.com/Kai-46/nerfplusplus.

Oxford Flowers CUB-200-2011 FFHQ

KID↓ SIDE↓ KID↓ SIDE↓ KID↓ SIDE↓

AR-GAN 11.23 4.46 14.30 3.58 5.75 4.21
AR-GAN++ 10.18 4.42 13.91 3.61 5.43 4.88
RGBD-GAN 12.04 7.01 14.92 7.06 6.73 5.81

AR-NeRF (ours) 7.86 3.94 6.81 3.63 3.67 2.61

Table 1. Comparison of KID↓ (×103) and SIDE↓ (×102) be-
tween baseline GANs and AR-NeRF (ours).

the defocus distribution was expressed using a half-normal
distribution, similar to AR-NeRF. Furthermore, as a ref-
erence, we report the scores of RGBD-GAN [65], which
learns the depth information using viewpoint cues.9

Quantitative comparisons. We summarize quantitative
comparison results in Table 1. AR-NeRF outperformed
the baseline GANs in terms of the KID and SIDE, except
for SIDE on CUB-200-2011, where AR-GAN/AR-GAN++
was comparable to AR-NeRF.10 These results validate the
utility of AR-NeRF for unsupervised learning of depth. We
believe that the strengths of AR-NeRF, i.e., the joint usage
of the viewpoint and defocus cues and continuous represen-
tations based on implicit functions, contribute to this im-
provement. We present qualitative comparisons of the pre-
dicted depths in the supplementary material.2

Qualitative comparisons. We conducted qualitative com-
parisons to validate the effectiveness of unsupervised learn-
ing of the defocus effects. We present examples of generated
images and depths in Figure 3. In AR-NeRF, we manipu-
lated the defocus strength and focus distance by changing s
and f (Figure 2(b)). As discussed above, the original AR-
GAN discretely represents the defocus distribution. There-
fore, differently from AR-NeRF, it is unsuitable for con-
ducting continuous operations. Alternatively, we examine
the performance of AR-GAN++, which represents a con-
tinuous defocus distribution. In AR-GAN++, we manipu-
lated the defocus strength and focus distance by changing
the scale and offset of depth, respectively.

The results indicate that AR-NeRF can manipulate both
the defocus strength and focus distance without generating
significant artifacts. In particular, in the manipulation of the
focus distance, AR-NeRF succeeds in refocusing on both
the foreground and background, the appearances of which
are the same as those in the all-in-focus images (in the left-
most column). By contrast, AR-GAN++ often generates

9In our preliminary experiments, we also examined the performances
of AR-HoloGAN/AR-RGBD-GAN (combinations of AR-GAN and Holo-
GAN [58]/RGBD-GAN [65]) on FFHQ. We found that the SIDE scores
for AR-HoloGAN and AR-RGBD-GAN were 4.79 and 4.40, respectively,
and were worse than those for AR-GAN. This result indicates that the si-
multaneous but individual usage of the viewpoint and defocus cues in AR-
HoloGAN/AR-RGBD-GAN does not improve the depth learning.

10SIDE has a limitation in that it can ignore certain types of degradation
because it measures the difference based on l2, causing statistical aver-
aging. This may be why SIDE is comparable on CUB-200-2011 despite
the qualitative differences (Figure 3). To validate this hypothesis, we ana-
lyzed the gradient of the difference between the ground truth and predicted
depths [14] and found that AR-NeRF outperformed AR-GAN/AR-GAN++
on this metric. We discuss the details in the supplementary material.2
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Figure 3. Comparison of generated images and depths between AR-GAN++ and AR-NeRF (ours). To manipulate the defocus
strength, we varied the strength within [0, σs, 2σs, 3σs], where σs indicates the standard deviation of a half-normal distribution, which is
used to represent the defocus distribution during training. To manipulate the focus distance, we used a range in which the foregrounds and
backgrounds were focused.

unexpected artifacts, particularly when it attempts to refo-
cus on the background (in the second-to-last column). As
possible causes for this phenomenon, (1) AR-GAN++ dis-
cretely represents light fields in a 2D space; thus, the dis-
cretization error becomes critical when large manipulations
are counted and (2) the predicted depths include artifacts
(e.g., holes appearing in objects), causing errors when im-
ages are rendered based on depth. The properties of AR-
NeRF, that is, (1) a continuous representation in a 3D space
and (2) joint usage of defocus and viewpoint cues, are use-
ful for addressing these defects. As another advantage of
AR-NeRF, it can increase the resolution of the generated
images by increasing the density of the input points owing
to the nature of the implicit function [9]. We demonstrate
this strength in Figure 1, where 128 × 128 images are gen-
erated using the same model as that used in Figure 3.

5.3. Ablation study
We conducted ablation studies to examine the utility of

AR-NeRF as a generative variant of the NeRF. We com-
pared AR-NeRF to five baselines: pi-GAN [9], where a
background synthesis network and aperture rendering are
ablated; pi-GAN++, where aperture rendering is ablated;
AR-NeRF-0, where viewpoint changes (Section 4.4) are not
applied during training; AR-NeRF-F, where the full view-
point changes that are optimized to the face dataset (FFHQ)
are used; and pi-GAN++-F, where aperture rendering is
ablated from AR-NeRF-F. We tested the last two models
on FFHQ only because viewpoint cues were limited on the

Oxford Flowers CUB-200-2011 FFHQ

(B) (D) (V) KID↓ SIDE↓ KID↓ SIDE↓ KID↓ SIDE↓

pi-GAN L 3.69 5.23 5.04 4.87 4.29 3.03
pi-GAN++ ✓ L 8.30 4.83 9.84 3.88 4.43 2.69

AR-NeRF-0 ✓ ✓ 0 6.81 4.03 8.67 3.74 3.83 3.61
AR-NeRF-F ✓ ✓ F – – – – 4.59 2.75
pi-GAN++-F ✓ F – – – – 5.06 2.78

AR-NeRF ✓ ✓ L 7.86 3.94 6.81 3.63 3.67 2.61

Table 2. Comparison of KID↓ (×103) and SIDE↓ (×102) be-
tween AR-NeRF and ablated models. Check marks (B) and (D)
indicate the use of a background synthesis network and defocus
cue, respectively. In column (V), L, F, and 0 indicate the use of
local, full, and no viewpoint changes, respectively.

other datasets. For pi-GAN++, we set the number of rays to
be the same as that in AR-NeRF by an ensemble of multiple
rays with an aperture size of s = 0. We used this imple-
mentation to investigate the pure performance differences
between the models with and without aperture rendering.
Results. We list the quantitative results in Table 2 and pro-
vide a qualitative comparison of the predicted depths in the
supplementary material.2 Our findings are as follows:
(1) Effects of the background synthesis network (pi-GAN
vs. pi-GAN++). We found that pi-GAN outperforms pi-
GAN++ in terms of the KID. We consider that the com-
pact representation of the pi-GAN is advantageous for effi-
ciently learning 2D image distributions. However, pi-GAN
was outperformed by pi-GAN++ in terms of the SIDE. This
result indicates that pi-GAN is unsuitable for our aims (i.e.,
unsupervised learning of depth information) despite its abil-
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ity to generate high-fidelity images.
(2) Effects of aperture rendering (pi-GAN++ vs. AR-
NeRF). We found that AR-NeRF outperformed pi-GAN++
on both metrics, except for SIDE on FFHQ, where pi-
GAN++ was comparable to AR-NeRF. The same tendency
holds for the comparison between AR-NeRF-F and pi-
GAN++–F. This is because FFHQ includes sufficient view-
point variations to leverage the viewpoint cues. By contrast,
Oxford Flowers and CUB-200-2011 do not contain them. In
this case, the defocus cues used in AR-NeRF contributed to
an improvement.
(3) Comparison between viewpoint and defocus cues (pi-
GAN++ vs. AR-NeRF-0). With these models, the defocus
and viewpoint manipulations are ablated. Therefore, we can
analyze each effect by comparing them. We found that, in
FFHQ, pi-GAN++ outperformed AR-NeRF-0 in terms of
SIDE, whereas in the other datasets, AR-NeRF-0 outper-
formed pi-GAN++. This can be explained by differences in
the availability of the viewpoint cues, as discussed in (2).
(4) Comparison between local and full viewpoint changes
(AR-NeRF vs. AR-NeRF-F). We found that AR-NeRF out-
performed AR-NeRF-F on both metrics. This result indi-
cates that we do not need to carefully tune the camera pa-
rameters for unsupervised depth learning. The same ten-
dency was observed in the comparison between pi-GAN++
and pi-GAN++-F. Note that AR-NeRF-F has an advan-
tage in the viewpoint manipulation capability because it can
learn full view variations, whereas AR-NeRF can only learn
local view variations.
Detailed analyses. For further analyses, we examined (1)
the importance of learning defocus effects from images, (2)
the effect of the aperture ray sampling scheme, (3) simulta-
neous control of the viewpoint and defocus, (4) generation
of higher-resolution images, (5) application to defocus ren-
derers, (6) the Fréchet inception distance (FID) [28], and
(7) the gradient of the difference in depth [14]. See the sup-
plementary material2 for further details.

6. Discussion
6.1. Limitations and future work

AR-NeRF has two limitations, stemming from radiance
field representations and fully unsupervised learning.
Limitations caused by radiance field representations. In
radiance field representations, the computational complex-
ity increases not only with the image size but also with the
depth along each ray. Consequently, the calculation cost
is higher than that of a CNN GAN (e.g., AR-GAN [34]);
therefore, application to high-resolution images is diffi-
cult. AR-NeRF requires multiple rays per pixel to repre-
sent aperture rendering. Therefore, it incurs a larger calcu-
lation cost than the standard NeRF, which represents each
pixel using a single ray. Through our experiments, we
found that AR-NeRF outperforms the baseline NeRF, which
has a similar calculation cost (in particular, pi-GAN++).

Focus distance Depth

Near Far

Figure 4. Failure case.

This demonstrates the validity of our research direction.
However, improving the calculation cost remains an im-
portant topic for future research. Recent concurrent stud-
ies [17, 24, 47, 71, 81, 102] have addressed reducing the cal-
culation cost of NeRF, and the incorporation of these meth-
ods is also a promising research area.
Limitations caused by fully unsupervised learning. Fully
unsupervised learning of the depth and defocus effects is
highly challenging, and some limitations remain. During
our experiments, we found that our model is better than
or comparable to the models trained under the same con-
ditions. However, its performance is lower than that of
supervised models. In particular, application to complex
images will be difficult because AR-NeRF is a generative
approach that assumes that it can learn the image genera-
tion reasonably well. Furthermore, the use of an unbounded
background based on NeRF++ [103] allows strong defocus
effects that occur in the far plane to be represented. How-
ever, it is still difficult to distinguish the defocus blur from
the flat texture when the defocus blur is extremely strong
(e.g., Figure 4). Addressing these problems is a possible
direction for future research.

6.2. Potential negative social impact
The method presented in this paper enables the creation

of realistic images. This poses a potential risk to the cre-
ation of misleading content (e.g., deepfake). In particular,
our model can increase the credibility of fake content in
terms of 3D consistency and may potentially deceive sys-
tems that rely on 3D structures, such as face recognition
systems. Therefore, we believe that it is essential for the
community to develop technology to distinguish fake im-
ages from real images and carefully monitor advancements
in the corresponding research fields [1, 45, 52, 57, 72].

7. Conclusion
To advance the research on the fully unsupervised learn-

ing of depth and defocus effects, we introduced AR-NeRF,
which extends NeRF by incorporating aperture rendering.
AR-NeRF is noteworthy because it can employ defocus and
viewpoint cues in a unified manner by representing both
factors through a common ray-tracing framework. We em-
pirically demonstrated the effectiveness of AR-NeRF for
unsupervised learning of the depth and defocus effects. Al-
though we focused on a generative variant of NeRF in this
study, our idea, that is, the incorporation of aperture ren-
dering in NeRF, is general, and we expect that its usage will
broaden the applications of NeRF under practical scenarios.
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