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Abstract

Neural radiance fields (NeRFs) have shown impressive
results for novel view synthesis. However, they depend on
the repetitive use of a single-input single-output multilayer
perceptron (SISO MLP) that maps 3D coordinates and view
direction to the color and volume density in a sample-wise
manner, which slows the rendering. We propose a multi-
input multi-output NeRF (MIMO-NeRF) that reduces the
number of MLPs running by replacing the SISO MLP with
a MIMO MLP and conducting mappings in a group-wise
manner. One notable challenge with this approach is that
the color and volume density of each point can differ ac-
cording to a choice of input coordinates in a group, which
can lead to some notable ambiguity. We also propose a
self-supervised learning method that regularizes the MIMO
MLP with multiple fast reformulated MLPs to alleviate this
ambiguity without using pretrained models. The results of
a comprehensive experimental evaluation including com-
parative and ablation studies are presented to show that
MIMO-NeRF obtains a good trade-off between speed and
quality with a reasonable training time. We then demon-
strate that MIMO-NeRF is compatible with and comple-
mentary to previous advancements in NeRFs by applying it
to two representative fast NeRFs, i.e., a NeRF with a sam-
pling network (DONeRF) and a NeRF with alternative rep-
resentations (TensoRF).1

1. Introduction

Images are two-dimensional (2D) projections of three-
dimensional (3D) scenes. Solving the inverse problem, that
is, learning 3D representations from 2D images and synthe-
sizing novel views, is a fundamental concern in computer
vision and graphics and has been extensively studied for
various applications such as photo editing, content creation,
virtual reality, and environmental understanding.

With the advent of implicit neural representations

1The project page is available at https://www.kecl.ntt.co.
jp/people/kaneko.takuhiro/projects/mimo-nerf/.
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Figure 1. Comparison between NeRF and MIMO-NeRF (pro-
posed). (a) A typical NeRF uses a SISO MLP that maps 3D co-
ordinates and view direction to the color and volume density in a
sample-wise manner. (b) In contrast, the proposed MIMO-NeRF
uses a MIMO MLP that performs mappings in a group-wise man-
ner. This change reduces the number of MLPs running and im-
proves the rendering speed, but also requires addressing ambigu-
ity in the color and volume density caused by the fact that these
values are determined in a non-unique manner by a set of input
coordinates that vary by viewpoint, grouping, and sampling. The
main technical contribution of the present work is that of providing
methods to mitigate this challenge. We demonstrate the impact of
the proposed technique in Figure 2.

(e.g., [56, 44, 39, 28, 69, 71, 55]), substantial advancements
have been made towards addressing this problem. Neural
radiance fields (NeRFs) [39] have been noted as a success-
ful approach. A NeRF represents a scene using a continuous
function that maps 3D coordinates and view direction to the
color and volume density and renders a pixel by integrat-
ing the outputs on a ray using volume rendering [34]. This
formulation enables NeRF to learn to synthesize geometri-
cally consistent and high-fidelity novel views with only 2D
supervision.

Despite this advantage, a typical NeRF suffers from
slow rendering because it uses a single-input single-output
(SISO) MLP that calculates the RGB color and volume
density in a sample-wise manner (Figure 1(a)). Although
this architecture ensures the independent representation of
each point, which is useful, for example, for learning
view-independent volume density, its computational cost
increases in proportion to the number of samples for each
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ray (e.g., on the order of hundreds). Several methods devel-
oped to address this issue can be roughly categorized into
two approaches, including (1) sample reduction and (2) al-
ternative representations.

A typical sample reduction strategy reduces the number
of samples on a ray using a sampling network based on the
depth [41] or density of a pretrained NeRF [47] or using
a sampling network with an adaptive optimization mech-
anism [29, 14, 27]. These methods successfully acceler-
ate the rendering process while retaining the quality of an
image adequately. However, most of these techniques still
use a SISO MLP to predict the colors and volume densities
of selected samples; therefore, they still need to run MLPs
many times in proportion to the number of selected sam-
ples. This issue can be alleviated by reducing the number
of selected samples, although this deteriorates the quality of
the synthesized images accordingly.

As alternative representations, various sophisticated and
faster representations such as 3D voxel grids [17, 22, 30,
66, 60], sparse voxel-based octrees [70, 15], multiplane im-
ages [65], tri-planes [7], vector-matrix decomposition [9],
hashes [40], NeRF-specific structures [24], and space-wise
MLPs [50, 51] have been devised. These representations
contribute to achieving fast rendering while retaining image
quality moderately well. However, after powerful features
are extracted using alternative representations, SISO MLPs
are still commonly used for the final prediction of color or
volume density owing to their memory-efficient and con-
tinuous nature. Hence, part of the calculation cost still in-
creases depending on the number of samples.

Consequently, owing to its compact, continuous (i.e.,
resolution-free), and independent (e.g., view-independent)
nature, a SISO MLP is commonly used in various NeRFs.
However, as mentioned above, the calculation cost increases
with the number of samples. This is not preferable when
considering the improvement in rendering speed. Possible
simple solutions include, for example, a reduction of the
number of samples or a reduction of the size of a model with
a corresponding sacrifice of image quality. However, these
solutions are not necessarily the best for handling the trade-
off between quality and speed.2 Alternatively, we propose
a multi-input multi-output NeRF (MIMO-NeRF), which is a
novel variant of NeRF that represents a scene using a MIMO
MLP that conducts mappings in a group-wise manner (Fig-
ure 1(b)). This modification enables a reduction in the num-
ber of MLPs running according to the number of grouped
samples and consequently improves rendering speed.

However, in this approach, the uniqueness of the color
and volume density of each point is not ensured because
they are determined not only by the coordinates of the cor-
responding point but also by the coordinates of the other
points in a group, which vary by viewpoint, grouping, and

2We discuss this trade-off in detail in Section 5.2.
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Figure 2. Challenge of training MIMO-NeRF and the impact of the
proposed self-supervised learning. (a) MIMO-NeRF-naive suffers
from ambiguity in the color and volume density of each point and
deteriorates image quality. (b) We propose self-supervised learn-
ing to address this problem without relying on a pretrained model.
This technique improves image quality.

sampling. This leads to some ambiguity and causes fluctu-
ation artifacts as shown in Figure 2(a). In particular, this
ambiguity can be problematic when learning a 3D repre-
sentation using only 2D supervision because obtaining di-
rect supervision that can resolve the ambiguity is difficult.
One possible solution is to train a standard (i.e., SISO)
NeRF first and then distill the model onto the correspond-
ing MIMO-NeRF. However, this increases training time be-
cause both student and teacher NeRFs must be trained. Al-
ternatively, we have also developed a novel self-supervised
learning approach in which we reformulate a MIMO MLP
in several ways (in particular, we use group shift (Fig-
ure 3) and variation reduction (Figure 4)) and impose a
consistent regularization so that the reformulated MIMO
MLPs produce the same outputs. Because each reformu-
lated MIMO MLP can render a pixel faster than the original
SISO MLP, we can prevent a large sacrifice of training time
even when using multiple reformulated MIMO MLPs by
adequately adjusting the reformulation configuration. Fig-
ure 2(b) shows an example of the effects of this learning
scheme.

We investigated the benchmark performance of MIMO-
NeRF by comparing it with possible alternatives (includ-
ing the distillation of a pretrained NeRF, sample reduction,
and reduction of the model size). We also performed ab-
lation studies to examine the validity of each component
of the proposed self-supervised learning method. We ap-
ply MiMO-NeRF to two representative fast NeRFs, includ-
ing a NeRF with a sampling network (DONeRF [41]) and
a model with alternative representations (TensoRF [9]) to
demonstrate that it is compatible with and complementary
to previous advancements in NeRFs.

The main contributions of this study are summarized as
follows.

• To speed up the rendering of NeRF, we propose
MIMO-NeRF, which represents a scene using a MIMO
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MLP that maps the coordinates on a ray to the colors
and volume densities in a group-wise manner.

• We introduce novel self-supervised learning to miti-
gate the ambiguity in the color and volume density of
each point and enable MIMO-NeRF to be trained with-
out relying on pretrained models.

• We examined the effectiveness of MIMO-NeRF
through a comprehensive experimental evaluation, and
the results demonstrate the versatility of MIMO-NeRF
in applications to two representative fast NeRFs. We
also provide more detailed analyses and extended re-
sults in the Supplementary Material.

2. Related work
Implicit neural representations. Implicit neural represen-
tations have attracted attention in 3D shape [45, 35, 11,
36, 52, 18, 3, 20] and 3D scene [25, 46, 6, 12, 54] recon-
structions owing to their memory-efficient, continuous (i.e.,
resolution-free), and 3D-aware characteristics. Although
research began with explicit 3D supervision, learning im-
plicit 3D only from 2D supervision (i.e., inverse graphics)
has also been achieved by incorporating differentiable ren-
dering [56, 31, 44, 32, 39, 28, 69, 71, 55]. In this study,
we focus on NeRFs as a representative example of the latter
owing to their remarkable success in synthesizing geomet-
rically consistent and high-quality novel view. However,
applying our ideas to other implicit neural representations,
such as those mentioned above, remains as an interesting
direction for future research.

Advancements in NeRFs. Various extensions have been
proposed since the emergence of NeRF. For example, repre-
sentative research topics include (1) improving image qual-
ity and enhancing applicable scenes (e.g., [72, 33, 49, 16,
67, 4, 5, 37, 62, 10]), (2) incorporation into other models,
e.g., deep generative models, such as generative adversar-
ial networks (GANs) [19] and diffusion probabilistic mod-
els [58, 23] (e.g., [53, 8, 43, 42, 21, 7, 13, 68, 26, 57, 48]),
and (3) accelerating NeRFs for fast inference or fast train-
ing (e.g., [41, 47, 29, 14, 27, 17, 22, 30, 66, 60, 70, 15, 65,
7, 9, 40, 24, 50, 51]). The present work falls into the third
category. However, our proposed approach is complemen-
tary to previous studies, including most of the abovemen-
tioned works in all categories, because SISO MLPs have
commonly been used as a partial or main network in previ-
ous studies and improving their rendering speed by replac-
ing SISO MLPs with the proposed MIMO MLP is feasible.
The results of the experimental evaluation validated this po-
tential (Sections 5.4 and 5.5).

Acceleration of NeRFs. As discussed in Section 1, a typ-
ical NeRF is well known for its slow rendering because it
use a SISO MLP. Several approaches have been developed
to address this issue. These can be roughly categorized

into two approaches, including (1) sample reduction and
(2) alternative representations. (1) As described in Sec-
tion 1, methods that reduce the number of samples using a
sampling network can improve rendering speed by replac-
ing a SISO MLP with the proposed MIMO MLP. We vali-
dated this statement during an experiment (Section 5.4) by
applying our ideas to a representative NeRF in this cate-
gory (DONeRF [41]). Another common approach in the
first category is to render pixels using a light-field net-
work [55, 2, 59, 63] instead of volume rendering [34]. This
approach has been shown to achieve fast rendering by run-
ning only a single MLP for a given ray. However, owing to
the lack of explicit geometry-aware representations driven
by the use of volume densities, these methods suffer from
limitations that are not faced by a standard NeRF in terms
of restrictions on applicable scenes (e.g., toy datasets [55]
and forward-facing datasets [2]), a requirement for high-
capacity models (e.g., a deeper MLP [63] and a trans-
former [59]), and the need for extra modules (e.g., meta-
learned priors [55], pretrained NeRFs [2, 63], or additional
encoders [59]). (2) As explained in Section 1, alternative
representations have the potential to accelerate the render-
ing speed by replacing the SISO MLP with the proposed
MIMO MLP. We present an empirical investigation of this
potential in Section 5.5 by incorporating MIMO-NeRF into
TensoRF [9], a representative model in this category.
Learning of fast NeRFs. Knowledge distillation (or bak-
ing) methods are commonly used to train fast NeRFs. In
these methods, a standard NeRF is first trained and then
baked to faster representations [17, 22, 24, 50, 51]. How-
ever, this approach is disadvantageous in terms of train-
ing time because two separate models must be trained, i.e.,
teacher and student NeRFs. As an alternative, we consider
a self-supervised learning approach in which we can train
a model without a large increase in training time. We ex-
amine the performance differences between the proposed
self-supervised learning scheme and a knowledge distilla-
tion scheme in Section 5.1.

3. Preliminaries: NeRF
We begin by explaining NeRFs as the basis for our

model. As shown in Figure 1(a), a NeRF represents a
point in a 3D space using a continuous SISO function fSISO
that maps the 3D position x ∈ R3 and view direction
d ∈ S2 to the RGB color c(x,d) ∈ R3 and volume den-
sity σ(x) ∈ R+ in a sample-wise manner.

fSISO : R3 × S2 → R3 × R+, (x,d) 7→ (c, σ). (1)

Specifically, positional encoding [39, 61] is applied to x and
d to represent the high-frequency details of an image. Sub-
sequently, an MLP is applied to the encoded inputs to ob-
tain c and σ. For simplicity, we represent these series of
processes in a unified manner as fSISO.
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A NeRF is based on ray tracing, in which a camera ray
is defined as r(t) = o + td, where o and d respectively
denote the origin and direction of the camera and t denotes
a distance from the origin. A NeRF calculates the color of
each pixel Ĉ(r) by integrating the colors and volume den-
sities on a ray r(t) within t ∈ [tn, tf ] using volume render-
ing [34]. In implementation, the calculation of the integral
is intractable; therefore, a ray is discretized into N points;
alternatively, the following discretized formulation can be
used.

Ĉ(r) =

N∑
i=1

Tiαici,where Ti =

i−1∏
j=1

(1− αj), (2)

where the subscript i indicates that the variable corresponds
to the i-th point on a ray, αi = 1− exp(−σiδi) is an alpha
value, and δi = ti+1 − ti is the distance between the i-th
and (i+ 1)-th points. fSISO is optimized by minimizing the
following pixel-wise loss.

Lpixel = ∥Ĉ(r)−C(r)∥22, (3)

where C(r) is the ground-truth color for a ray r. In practice,
this loss is calculated for r ∈ R, where R denotes a set of
rays in each batch.

In practice, a NeRF uses coarse and fine networks. In
the coarse network, a ray is discretized into Nc points us-
ing stratified sampling, whereas in the fine network, a ray
is discretized into Nc + Nf points using hierarchical sam-
pling in which Nf additional points are sampled according
to the output of the coarse network. The two networks are
optimized by minimizing Lpixel for Ĉ(r) predicted by each
network. Hereafter, we omit a variable in parentheses (e.g.,
(r)) for simplicity.

4. MIMO-NeRF
4.1. MIMO formulation

There are several ways to group the input samples when
constructing a MIMO MLP. For example, we can construct
a general MLP that can accept any combination of sam-
ples in a 3D space, or we can construct a specific MLP that
only accepts a group of nearby samples. In preliminary ex-
periments (Appendix A.1), we found that the latter signifi-
cantly outperformed the former because general models are
more difficult to train than more specific models. Therefore,
we adopted the latter in this study. In particular, we group
neighboring samples on a ray as shown in Figure 1(b).3

More formally, given N samples on a ray, we group Np

samples from the sample nearest to the camera and create

3One possible alternative is to group near samples on different rays.
However, in NeRFs, searching near points across different rays is not trivial
because points are sampled unevenly via hierarchical sampling. Therefore,
we simply group neighboring samples on the same ray in this study.

N/Np groups. Subsequently, we apply a MIMO function
fMIMO to each group as follows.

fMIMO : (R3)Np × S2 → (R3 × R+)Np ,

(xi, . . . ,xj ,d) 7→ (ci, . . . , cj , σi, . . . , σj), (4)

where i ∈ {1, 1+Np, . . . , 1+N −Np} and j = i+Np −
1. Assuming that the grouped samples are lined on a ray,
we use a single direction d in the input of fMIMO. In this
formulation, the number of MLPs running to render a pixel
(# Run) is equal to the number of groups and is calculated as
# Run = N/Np. Therefore, we can reduce the calculation
cost, particularly that of # Run, by increasing Np.

In inference, the only necessary modification to a NeRF
is the simple replacement of fSISO with fMIMO and the same
volume rendering (Equation 2) and sampling scheme (i.e.,
stratified and hierarchical sampling) can be used. With this
modification strategy, MIMO-NeRF exhibits high compati-
bility and complementarity with previous NeRFs.

During training, Lpixel (Equation 3) can be used for Ĉ
obtained using fMIMO. However, this loss does not necessar-
ily suffice to address the ambiguity in the color and volume
density of each point because this ambiguity occurs in a 3D
space and the loss cannot regularize the 3D representations
explicitly. Hence, we introduce self-supervised learning as
discussed in subsequent sections.

4.2. MIMO reformulation

One possible solution to this ambiguity is to train a stan-
dard (i.e., SISO) NeRF first and then distill the model onto
a corresponding MIMO-NeRF. However, this solution in-
volves an increase in training time because it requires train-
ing not only a MIMO-NeRF but also a SISO NeRF. Conse-
quently, this solution cannot entirely take advantage of the
fast rendering of MIMO-NeRF in training.

Alternatively, we reformulate a MIMO MLP in multi-
ple ways and impose a consistent regularization to produce
the same RGB colors and alpha values. Because each re-
formulated MIMO MLP can render a pixel faster than the
original SISO MLP, we can prevent a large increase in train-
ing time even when using multiple reformulated MIMO
MLPs by adequately adjusting the reformulation configu-
ration. When implementing this idea, the question arises as
to how best to reformulate a MIMO MLP. To this end, we
developed two methods, including (1) group shift and (2)
variation reduction.
Group shift. We consider restricting this ambiguity by as-
sessing each point in multiple ways using different groups
and imposing consistency on the assessed results. More for-
mally, we implement this by shifting groups and rewriting
Equation 4 as follows.

f shift
MIMO : (R3)Np × S2 → (R3 × R+)Np ,

(xi′ , . . . ,xj′ ,d) 7→ (ci′ , . . . , cj′ , σi′ , . . . , σj′), (5)

3276



Group shiftPad

fMIMO

f shift
MIMO
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Figure 3. Example of the group shift when Np = 4 and s = 2. We
shift each group by s toward the camera after padding s samples
before the front sample. This procedure enables assessing each
sample in multiple ways using different groups.

where i′ ∈ {k, k +Np, . . . , k +N} and j′ = i′ +Np − 1.
Here, k is the head index of the first group, which is shifted
by s ∈ {1, . . . , Np − 1} toward the camera. Hence, k ∈
{2−Np, . . . , 0}. In practice, it is randomly sampled during
training. More strictly, we add padding before this process
to represent a sample with an index exceeding the original
index, i.e., i′ < 1 or j′ > N . For clarity, we present an
example in which Np = 4 and s = 2 in Figure 3.
Variation reduction. In the original MIMO formulation,
the abovementioned ambiguity is caused by Np different
input samples. To mitigate this, we consider reducing the
variation in the input by replacing Equation 4 with the fol-
lowing.

f reduce
MIMO : (R3)Np × S2 → (R3 × R+)Np ,

([xi′′ ]
R, . . . , [xj′′ ]

R,d) 7→ (ci′′1 , . . . , ci′′R , . . . , cj′′1 , . . . , cj′′R ,

σi′′1
, . . . , σi′′R

, . . . , σj′′1
, . . . , σj′′R

),

(6)

where [·]R denotes the operation of repeating the given vari-
able R times, i′′ ∈ {1, 1 +

Np

R , . . . , 1 + N − Np

R }, and
j′′ = i′′ + Np

R − 1. After applying f reduce
MIMO, we average

(ck′′
1
, . . . , ck′′

R
) and (σk′′

1
, . . . , σk′′

R
) to obtain ck′′ and σk′′ ,

where k′′ ∈ {i′′, . . . , j′′}. In this formulation, the men-
tioned ambiguity is reduced by decreasing input variation
from Np to Np

R . Conversely, the number of MLPs running
increases by factor of R, i.e., # Run = N/Np × R; there-
fore, we need to select R carefully in practice to avoid a
large increase in training time. For clarity, we present an
example case in which Np = 4 and R = 2 in Figure 4.

4.3. MIMO objective

Through the above processes, we obtain M reformulated
MIMO MLPs in which we use different s for each MIMO
MLP and set R such that the total number of # Run is not
larger than that of the original SISO MLP. Hereafter, we
use the superscript m ∈ {1, . . . ,M} to denote the variable
corresponding to the m-th reformulated MIMO MLP, e.g.,
Ĉm and Rm. We train these MLPs using two loss functions,
including pixel-wise and 3D consistency losses.

f reduceMIMO

fMIMO

x1 x2 x3 x4

x1 x2 x3 x4x2x1 x3 x4

Figure 4. Example of variation reduction when Np = 4 and R =
2. Samples with the same color correspond to the same coordinate.
In f reduce

MIMO, we reduce the number of unique samples in a group from
Np (= 4) to Np

R
(= 2) by repeating each sample R (= 2) times

to reduce the variation in a group.

Pixel-wise loss. We apply the pixel-wise loss (Equation 3)
to each Ĉm as follows.

LMIMO
pixel =

M∑
m=1

∥Ĉm −C∥22. (7)

3D consistency loss. The pixel-wise loss provides supervi-
sion in a 2D space; however, it cannot impose an explicit
regularization in a 3D space. Hence, we introduce a 3D
consistency loss that encourages the reformulated MIMO
MLPs to produce the same colors and alpha values in the
3D space. The 3D consistency loss consists of a color 3D
consistency loss Lcolor

3D and an alpha value 3D consistency
loss Lalpha

3D as follows.

Lcolor
3D =

M−1∑
m1=1

M∑
m2=m1+1

1

N

N∑
i=1

[µm2
m1

∥cm1
i − sg(cm2

i )∥22

+µm1
m2

∥sg(cm1
i )− cm2

i ∥22],
(8)

Lalpha
3D =

M−1∑
m1=1

M∑
m2=m1+1

1

N

N∑
i=1

[µm2
m1

∥αm1
i − sg(αm2

i )∥22

+µm1
m2

∥sg(αm1
i )− αm2

i ∥22].
(9)

where “sg” indicate a stop-gradient operation. The 3D con-
sistency loss L3D is calculated by L3D = Lcolor

3D +Lalpha
3D . We

define µ
mj
mi as µmj

mi =
√
Rmj√

Rmax
√
Rmi

, where Rmax is the max-
imum of Rm in m ∈ {1, . . . ,M}. We use this asymmet-
ric weight on the assumption that cmi and αm

i with greater
Rm have lower ambiguity and are more reliable. Hence,
the effect of L3D is reduced. We empirically investigated
the importance of this effect through an ablation study as
described in Section 5.3.
Full objective. The full objective is defined as follows.

LMIMO = LMIMO
pixel + λL3D, (10)

where λ is a hyperparameter that balances the pixel-wise
loss and 3D consistency loss.
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5. Experiments
We conducted five experiments to investigate the effec-

tiveness of MIMO-NeRF. In the first three experiments,
we conducted a comprehensive study, including an inves-
tigation of benchmark performance (Section 5.1), an inves-
tigation of the trade-off between speed and quality (Sec-
tion 5.2), and ablation studies (Section 5.3). In the remain-
ing two experiments, we examined the versatility of MIMO-
NeRF by applying it to two representative fast NeRFs,
including a NeRF with a sampling network, i.e., DON-
eRF [41] (Section 5.4), and a NeRF with alternative repre-
sentations, i.e., TensoRF [9] (Section 5.5). The main results
of these experiments are provided here, and detailed analy-
ses are presented with extended results in Appendix A. The
implementation details are presented in Appendix B.

5.1. Investigation of benchmark performance

First, we investigated the benchmark performance
of MIMO-NeRF by applying our ideas to the original
NeRF [39]. In particular, we examined three variants of
MIMO-NeRF, including MIMO-NeRF-naive, which simply
replaced fSISO (Equation 1) with fMIMO (Equation 4) and
was trained with a standard pixel-wise loss (Equation 3).4

MIMO-NeRF-distill, which is a student model distilled from
a pretrained standard (i.e., SISO) NeRF. During training,
we used a 3D consistency loss (Equations 8 and 9) that was
adjusted for knowledge distillation, in addition to the pixel-
wise loss. MIMO-NeRF-self, which is MIMO-NeRF that
adopted the proposed self-supervised learning. We exam-
ined the performance when Np was varied within {2, 4, 8}.

Datasets. We investigated the benchmark performance on
two commonly-used datasets. (1) Blender dataset [39] in-
cludes eight scenes, each of which consists of 360◦ views of
complex objects at a resolution of 800×800 pixels. We used
100 and 200 views for training and testing, respectively. (2)
Local Light Field Fusion (LLFF) dataset [38, 39], which
consists of eight complex real-world scenes, each of which
includes 20–62 forward-facing views at 1008 × 756 pix-
els. One-eighth of the images were used for testing, and
the remainder were used for training. Where not otherwise
specified, we used half-sized images following the default
settings of a widely-used source code for NeRF5 to better
investigate the various configurations.

Implementation. For a fair comparison, we implemented
all the models with a commonly-used source code for
NeRF5 and trained the models using the default settings
provided in the code. The number of samples was set as
Nc = 64 and Nf = 128 for the Blender dataset and

4For simplicity and a fair comparison, we only increased the input and
output of the original SISO MLP and retained the other parameters (e.g.,
depth and width). Hence, the increase in model size was relatively small.

5https://github.com/yenchenlin/nerf-pytorch

Nc = 64 and Nf = 64 for the LLFF dataset. For MIMO-
NeRF-self, we used two formulations with R1 = R2 = 1
when Np = 2, two formulations with R1 = 1 and R2 = 2
when Np = 4, and three formulations with R1 = 1,
R2 = 2, and R3 = 4 when Np = 8. MIMO-NeRF-self
was trained individually depending on Np. An investiga-
tion of different reformulation methods is presented in Ap-
pendix A.2. Group shifts were applied to all cases. We set
λ to 1 and 0.4 for the Blender and LLFF datasets, respec-
tively. The effect of λ is analyzed in Appendix A.3. The
implementation details are presented in Appendix B.1.

Evaluation metrics. Following the original NeRF
study [39], we used the peak signal-to-noise ratio (PSNR),
structural similarity index (SSIM) [64], and learned per-
ceptual image patch similarity (LPIPS) [73] to quantita-
tively evaluate the image quality. To assess the calcula-
tion cost of inference and training, we report inference
time (I-time) measured with an NVIDIA GeForce RTX
3080 Ti GPU and training time (T-time) measured with
an NVIDIA A100-SXM4-80GB GPU.6 We also provide
# Run

(
=

Nc+(Nc+Nf )
Np

)
and the number of parameters

(# Params) as supplementary information. # Params in-
creases in MIMO-NeRF mainly because the total dimen-
sion of the positional embeddings is increased by Np times
according to the increase in the inputs.

Results. From Table 1, the following is observed.

Image quality. MIMO-NeRF-self outperformed not only
MIMO-NeRF-naive but also MIMO-NeRF-distill in most
cases in terms of PSNR, SSIM, and LPIPS. We conjec-
ture that this occurred because the joint optimization of
the teacher and student networks in MIMO-NeRF-self was
more effective for training than the student-only optimiza-
tion in MIMO-NeRF-distill. Even MIMO-NeRF-self suf-
fered from a trade-off between speed and quality with in-
creasing Np; however, MIMO-NeRF-self performed better
than or comparably to the original NeRF when Np = 2.
This may have occurred because the advantage of accumu-
lating neighboring information and the disadvantage of han-
dling the ambiguity were antagonistic in this case.

Inference speed. All MIMO-NeRFs with the same inference
procedure showed inference times improved by a factor of
1.84–5.78 with increasing Np.

Training speed. MIMO-NeRF-naive achieved the fastest
training because it used only a single MIMO formulation
during training. MIMO-NeRF-self required more train-
ing time because it uses multiple MIMO reformulations;
however, each calculation cost is low. Therefore, it did
not suffer from a large increase in training time compared

6For simplicity and a fair comparison, we measured the calculation
time using a standard PyTorch implementation5 for all the models. Opti-
mizing the implementation for faster rendering (e.g., using custom CUDA
kernels) would be interesting for future research.
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Blender LLFF
Model Np PSNR↑ SSIM↑ LPIPS↓ # Run↓ I-time↓ T-time↓ # Params PSNR↑ SSIM↑ LPIPS↓ # Run↓ I-time↓ T-time↓ # Params

(s) (h) (M) (s) (h) (M)
NeRF 1 31.04 0.951 0.055 256 9.60 4.70 1.19 27.72 0.871 0.150 192 8.38 3.39 1.19
MIMO-NeRF-naive

2
30.18 0.944 0.065 128 5.15 3.09 1.26 27.31 0.860 0.167 96 4.55 2.12 1.26

MIMO-NeRF-distill 30.76 0.949 0.058 128 5.15 9.46 1.26 27.50 0.863 0.169 96 4.55 6.81 1.26
MIMO-NeRF-self 31.26 0.953 0.054 128 5.15 5.36 1.26 27.70 0.870 0.155 96 4.55 3.97 1.26
MIMO-NeRF-naive

4
28.62 0.927 0.091 64 2.79 2.02 1.39 26.29 0.824 0.218 48 2.46 1.57 1.39

MIMO-NeRF-distill 30.22 0.946 0.065 64 2.79 8.42 1.39 27.37 0.861 0.172 48 2.46 6.25 1.39
MIMO-NeRF-self 30.94 0.950 0.058 64 2.79 4.68 1.39 27.51 0.865 0.162 48 2.46 3.44 1.39
MIMO-NeRF-naive

8
26.34 0.895 0.133 32 1.66 1.66 1.65 25.10 0.774 0.284 24 1.45 1.24 1.65

MIMO-NeRF-distill 29.39 0.937 0.075 32 1.66 8.07 1.65 27.01 0.851 0.184 24 1.45 5.91 1.65
MIMO-NeRF-self 30.40 0.945 0.065 32 1.66 5.86 1.65 26.97 0.851 0.180 24 1.45 4.43 1.65

Table 1. Benchmark performance of MIMO-NeRFs. MIMO-NeRF-self outperformed MIMO-NeRF-naive and MIMO-NeRF-distill in
terms of PSNR, SSIM, and LPIPS in most cases with shorter training time than MIMO-NeRF-distill. All MIMO-NeRFs outperformed the
original NeRF in terms of inference time owing to the reduction of # Run.
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MIMO-NeRF-selfMIMO-NeRF-naiveGround truth NeRF

Figure 5. Qualitative comparison between NeRF and MIMO-
NeRFs with Np = 8. The models were trained using full-sized
images. MIMO-NeRF-naive (c) produced some artifacts owing
to the ambiguity in the color and volume density of each point.
MIMO-NeRF-self (d) was useful for addressing this issue, and its
results were close to those of NeRF (b), while inference time were
improved by a factor of 5.8.

with MIMO-NeRF-distill, which requires training not only
a MIMO-NeRF but also a SISO NeRF.

Summary. From these results, we found that when Np = 2,
MIMO-NeRF-self improved the inference speed of NeRF
without compromising image quality, and when Np was
larger, there was a trade-off between speed and quality. We
examine the validity of this trade-off in Section 5.2.

Qualitative results. Figure 5 shows a qualitative com-
parison between NeRF, MIMO-NeRF-naive, and MIMO-
NeRF-self. In this experiment, we used full-sized images to
train the models and set Np to 8 for MIMO-NeRFs. MIMO-
NeRF-naive produced some artifacts, whereas MIMO-
NeRF-self adequately addressed this issue. The additional
results are provided in Appendix A.6.

MIMO-NeRF-self

NeRF-few

NeRF-small

FLOPs↓ (M)
P
S
N
R
↑

MIMO-NeRF-self

NeRF-few

NeRF-small

FLOPs↓ (M)

P
S
N
R
↑

(a) Blender (b) LLFF

Figure 6. Relationship between FLOPs and PSNR. Higher values
indicate better the image quality. Faster speeds are shown to the
left. MIMO-NeRF-self achieves the best trade-off between speed
and quality.

5.2. Investigation of speed-quality trade-off

We compared MIMO-NeRF with possible alternatives to
investigate whether it achieved a good trade-off between
speed and quality. In particular, we focused on methods
that are general and applicable to various NeRFs, similar to
MIMO-NeRF, and examined two variants, including NeRF-
few, which reduced the number of samples on a ray, and
NeRF-small, which reduced the number of features in the
hidden layers. We adjusted the parameters such that their
FLOPs were comparable to those of MIMO-NeRF.7

Results. The relationship between the FLOPs and PSNR
is plotted in Figure 6. We found that MIMO-NeRF-self
obtained a better trade-off between speed and quality than
NeRF-few and NeRF-small. We provide other relation-
ships (e.g., relationships between FLOPs/inference time
and PSNR/SSIM/LPIPS) in Appendix A.4.8

7We tuned the models based on FLOPs because the performance of
different methods for improving speed in terms of inference time may vary
depending on the calculation tools used, such as GPU processor hardware.
As a reference, we provide the relationship between the inference time and
image quality in Appendix A.4.

8During training, the calculation cost of MIMO-NeRF-self was larger
than those of NeRF-small and NeRF-few because multiple MIMO refor-
mulations were used. To confirm this effect, we examined the performance
of NeRF-few and NeRF-small with increasing batch sizes such that the cal-
culation costs became almost the same as that of MIMO-NeRF-self. We
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Blender LLFF
Np GS CL AW PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

2
✓ 30.17 0.943 0.067 27.21 0.856 0.170

✓ 30.54 0.945 0.065 27.48 0.865 0.161
✓ ✓ 31.26 0.953 0.054 27.70 0.870 0.155

4

✓ ✓ 30.84 0.949 0.058 27.39 0.862 0.166
✓ 29.48 0.936 0.077 26.46 0.832 0.206
✓ ✓ 30.87 0.949 0.060 27.44 0.864 0.164
✓ ✓ ✓ 30.94 0.950 0.058 27.51 0.865 0.162

8

✓ ✓ 29.81 0.941 0.069 26.97 0.851 0.179
✓ 27.39 0.907 0.116 24.29 0.734 0.332
✓ ✓ 30.16 0.942 0.071 26.69 0.843 0.192
✓ ✓ ✓ 30.40 0.945 0.065 26.97 0.851 0.180

Table 2. Results of ablation studies. Check marks in GS, CL, and
AW indicate the use of group shift, 3D consistency loss, and asym-
metric weights. In Np = 2, asymmetric weights were not used in
the full model because R1 = R2 = 1. Hence, it was not ablated.

5.3. Ablation studies

We also conducted ablation studies to better understand
the performance of each element of the proposed self-
supervised learning method. Specifically, we investigated
the importance of group shift, 3D consistency loss, and
asymmetric weights. When asymmetric weights were ab-
lated, µmj

mi was set to 1.

Results. The results are listed in Table 2. We found that
the full model achieved the best performance in most cases.
The results validate the importance of each technique.

5.4. Application to DONeRF

We incorporated MIMO-NeRF into DONeRF [41], a
representative NeRF with a sampling network, to demon-
strate that MIMO-NeRF can complement existing fast
NeRFs. DONeRF uses a sampling network called a depth
oracle network to select samples and calculates the colors
and volume densities of the selected samples using a shad-
ing network. It handles the trade-off between speed and
image quality by adjusting the number of selected samples
(Ns). We examined whether MIMO-NeRF could be used
as an alternative to handle this trade-off.

Datasets. We evaluated the performance using the DON-
eRF dataset [41] comprising six synthetic indoor and out-
door scenes. Each scene included 300 forward-facing views
at a resolution of 800× 800 pixels. 70%, 10%, and 20% of
the images were used for training, validation, and testing,
respectively.

Implementation. We implemented the models according
to the source code of DONeRF9 and trained them using the
default settings. We applied MIMO-NeRF with Np = 4
to DONeRF-16 (i.e., DONeRF with Ns = 16). In the self-
supervised learning process, we used two formulations with

found that MIMO-NeRF-self achieved a better trade-off between speed
and quality than the other variants. Detailed results are provided in Ap-
pendix A.4.

9https://github.com/facebookresearch/DONERF

Model PSNR↑ FLIP↓ # Run↓ I-time↓ T-time↓ # Params
(s) (h) (M)

DONeRF-16 33.06 0.061 17 0.429 3.79 0.94
DONeRF-4 31.21 0.070 5 0.140 3.23 0.94
MIMO-DONeRF-16/4-naive 32.30 0.063 5 0.155 3.26 0.99
MIMO-DONeRF-16/4-self 32.72 0.061 5 0.155 3.56 0.99

Table 3. Comparison of quantitative scores between DONeRFs
and MIMO-DONeRFs. MIMO-DONeRF-16/4-naive outper-
formed DONeRF-4 in terms of PSNR and FLIP with a small
increase in I-time and T-time. The performance of MIMO-
DONeRF-16/4-self was close to DONeRF-16 in terms of PSNR
and FLIP with shorter I-time and T-time.

R1 = R2 = 1 and group shifts. This model is referred to
as MIMO-DONeRF-16/4. We set λ to 0.001. As a base-
line, we examined DONeRF-4, which had the same # Run
as MIMO-DONeRF-16/4. The implementation details are
presented in Appendix B.2.

Evaluation metrics. Following the study on DONeRF [41],
we assessed the image quality using the PSNR and FLIP [1].
In addition, we used the # Run, I-time, T-time, and # Params
described in Section 5.1. In DONeRF, # Run was calculated
as 1 + Ns

Np
.

Results. The results are summarized in Table 3. It is
observed that MIMO-DONeRF-16/4-naive outperformed
DONeRF-4 in terms of PSNR and FLIP with a small in-
crease in I-time and T-time. MIMO-DONeRF-16/4-self en-
hanced the image quality with an increase in T-time, and its
image quality approached that of DONeRF-16 in terms of
PSNR and FLIP with faster inference and training. These
results suggest that the increase in Np (i.e., the replacement
of the SISO MLP by the MIMO MLP) can be used as an
alternative to the reduction in Ns (the number of selected
samples) to obtain a better trade-off between speed and
quality. A detailed analysis is presented in Appendix A.8.

5.5. Application to TensoRF

A NeRF with alternative representations is another repre-
sentative fast approach. To demonstrate that MIMO-NeRF
is also compatible with this model, we applied it to Ten-
soRF [9], a representative model in this category. TensoRF
uses a vector-matrix decomposition to calculate the volume
densities and color features and applies a SISO MLP to the
color features to decode the RGB colors. The correspond-
ing ambiguity was relatively limited because the volume
densities were extracted using an explicit representation.
Hence, we simply replaced the SISO MLP with a MIMO
MLP without modifying the training process while priori-
tizing training speed. These models are denoted as MIMO-
TensoRF-Np, where Np was varied among {2, 4, 8}.

Dataset. We examined the performance of our approach
on the Blender [39] and LLFF [38] datasets described in
Section 5.1. Full-size images were used in this experiment.
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Model PSNR↑ SSIM↑ # Run↓ I-time↓ T-time↓ # Params
(s) (m) (M)

TensoRF 33.23 0.963 9.95 1.25 11.50 18.8
MIMO-TensoRF-2 33.26 0.963 4.76 1.18 10.89 18.8
MIMO-TensoRF-4 32.98 0.961 2.40 1.15 10.67 18.8
MIMO-TensoRF-8 32.37 0.956 1.27 1.14 10.57 18.9

(a) Blender

Model PSNR↑ SSIM↑ # Run↓ I-time↓ T-time↓ # Params
(s) (m) (M)

TensoRF 26.73 0.837 126.73 6.64 23.41 46.8
MIMO-TensoRF-2 26.72 0.837 62.14 6.18 21.63 46.8
MIMO-TensoRF-4 26.72 0.836 30.16 5.76 21.15 46.8
MIMO-TensoRF-8 26.64 0.835 14.52 5.52 20.68 46.9

(b) LLFF

Table 4. Comparison of quantitative scores between TensoRF and
MIMO-TensoRF. MIMO-TensoRF improved I-time and T-time
while retaining PSNR and SSIM when Np ≤ 2 and Np ≤ 4 on
the Blender and LLFF datasets, respectively.

Implementation. We implemented the models based on the
official source code of TensoRF10 and trained all the models
using the same default settings for a fair comparison. The
implementation details are presented in Appendix B.3.

Evaluation metrics. Following the study on TensoRF [9],
we measured the image quality using PSNR and SSIM [64].
In addition, we used the # Run, I-time, T-time, and # Params
described in Section 5.1. In TensoRF, # Run is determined
adaptively for each pixel. Therefore, we report the average
value.

Results. The results are presented in Table 4. It is ob-
served that MIMO-TensoRF improved I-time and T-time
with similar image quality when Np was set within an ade-
quate range (in particular, Np ≤ 2 on the Blender dataset
and Np ≤ 4 on the LLFF dataset). These results sug-
gest that MIMO-TensoRF can strengthen the inference and
training speed of TensoRF without negative effects by ad-
equately selecting Np. A detailed analysis is presented in
Appendix A.9.

6. Discussion
The results of these experiments in various situations

demonstrate that MIMO-NeRF achieved a good trade-off
between speed and quality. However, we also found that the
quality degradation became significant with increasing Np.
One possible reason for this is that we did not modify the
baseline network except for its input and output and did not
increase the capacity of the models. It might be natural to
implement a model of larger capacity to handle larger com-
binations of inputs and outputs. We did not adopt this strat-
egy to ensure a fair comparison. However, searching for the
best configurations considering the number of samples, the
number of groups (the proposed new searching area), and
the size of the model remain as a practically imperative and
promising direction for further research.

10https://github.com/apchenstu/TensoRF

7. Conclusion
In this study, we have proposed MIMO-NeRF to improve

the rendering speed of NeRF. Our core idea is that of replac-
ing the SISO MLP used in standard NeRFs with a MIMO-
MLP. We have developed a novel self-supervised learning
method to address the ambiguity in the color and volume
density of each point without relying on pretrained mod-
els. The results of an experimental evaluation have shown
that MIMO-NeRF achieves a good trade-off between speed
and quality with a reasonable training time. Although we
have demonstrated the versatility of MIMO-NeRF by ap-
plying it to various NeRFs, many implicit neural representa-
tions aside from NeRFs also partially or primarily use SISO
MLPs. We expect our ideas to be utilized with a few modi-
fications to speed up the execution of such models.
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