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ABSTRACT

Generating 3D scenes is a challenging open problem, which requires synthesizing
plausible content that is fully consistent in 3D space. While recent methods such
as neural radiance fields excel at view synthesis and 3D reconstruction, they cannot
synthesize plausible details in unobserved regions since they lack a generative
capability. Conversely, existing generative methods are typically not capable of
reconstructing detailed, large-scale scenes in the wild, as they use limited-capacity
3D scene representations, require aligned camera poses, or rely on additional
regularizers. In this work, we introduce the first diffusion model able to perform
fast, detailed reconstruction and generation of real-world 3D scenes. To achieve this,
we make three contributions. First, we introduce a new neural scene representation,
IB-planes, that can efficiently and accurately represent large 3D scenes, dynamically
allocating more capacity as needed to capture details visible in each image. Second,
we propose a denoising-diffusion framework to learn a prior over this novel 3D
scene representation, using only 2D images without the need for any additional
supervision signal such as masks or depths. This supports 3D reconstruction and
generation in a unified architecture. Third, we develop a principled approach to
avoid trivial 3D solutions when integrating the image-based rendering with the
diffusion model, by dropping out representations of some images. We evaluate the
model on several challenging datasets of real and synthetic images, and demonstrate
superior results on generation, novel view synthesis and 3D reconstruction.

1 INTRODUCTION

Generative models of the 3D world learnt from 2D images are powerful tools that enable synthesising
3D content without expensive manual creation of 3D assets. They are also crucial for 3D reconstruc-
tion from sparse images. In particular, classical 3D reconstruction techniques like multi-view stereo
(Seitz et al., 2006a; Schönberger et al., 2016) and more recent approaches like NeRFs (Mildenhall
et al., 2020) can reconstruct a 3D scene from a dense set of images (typically at least 20). However,
they are not able to reconstruct regions that are not observed in any of the input images. Even methods
like PixelNeRF (Yu et al., 2021) that are designed to generalise across scenes still fail to render
plausible details in unobserved regions, typically producing blurry outputs. To mitigate this issue, it is
necessary to estimate a posterior distribution on 3D scenes, conditioned on one or more images. The
posterior distribution assigns high probability to scenes that align with the content in the images, and
that are also realistic in unobserved areas. Subsequently, this allows us to sample diverse plausible
scenes from the posterior, instead of predicting a blurred average over all possible scenes.

Despite the importance of the task, so far generative models of real-world 3D scenes have remained
elusive due to three challenges. First, real-world scenes are often large, or even unbounded, making
it difficult to define a scene representation that can express the details that may be visible, yet also
enables learning a generative model. For representations that do scale well, it is typically challenging
to learn a prior over them (Müller et al., 2022; Barron et al., 2021), since their representation of 3D
structure lacks generality across different spatial locations and scenes. Although some representations
such as 3D voxels (Peng et al., 2020) make it simple to learn a prior as they interpret features
consistently across different locations and scenes, these methods only represent a bounded 3D volume
and allocate modelling capacity uniformly across a finite grid, regardless of the scene content.

A second challenge is that large datasets of real-world 3D scenes are scarce, since they are time-
consuming and expensive to obtain (Müller et al., 2022). Thus, some methods aim to build a
generative model of 3D scenes using only 2D images for training. While achieving great results for
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the task of 3D generation, all these methods exhibit several limitations. First, some works rely on
large-scale datasets where all objects are placed in a canonical pose (Anciukevi�cius et al., 2023). This
is possible when training on synthetic, object-centric datasets, but that does not allow generating
realistic scenes. Indeed, for real-world scenes, it is very dif�cult to de�ne a single canonical frame of
reference and align all scenes to this. Other works instead do not require canonicalized objects, but
still can only operate on object-centric data. Moreover, commonly these approaches even require
object masks, as they leverage bounded scene representations such as tri-planes, that only work
within a prede�ned 3D volume. This again signi�cantly restricts their generation capabilities, as
these methods can only synthesize isolated 3D objects instead of complete scenes.

A third challenge is that it is dif�cult to sample from the true posterior distribution over real scenes
with unbounded volumes, as opposed to a less-expressive marginal distribution. Existing approaches
for unbounded 3D scene sampling commonly follow an “infer, fuse, render, and repeat” paradigm
(Wiles et al., 2020). These sample parts of the scene visible in the `next' camera view frustum
conditioned on a small marginal observation of the current 3D scene (features or pixels of the
scene projected into that image). However, they do not use information fromall previously seen or
generated images to predict a camera view frustum consistent with the complete scene.

In this work we propose, the�rst denoising diffusion model that can generate and reconstruct
large-scale and detailed 3D scenes. To achieve this, we make the following technical contributions
that respectively address each of the challenges above:

1. We introduce a new neural representation for unbounded 3D scenes,IB-planes, which increases
expressiveness versus prior image-base rendering representations, by letting the model incorporate
information from multiple images, and by adding additional depth and polar features.

2. We introduce a joint multi-view denoising framework incorporating a latent 3D scene. It supports
unconditional generation and reconstruction of 3D from varying numbers of images; in both cases
it samples from a true joint distribution over full 3D scenes, rather than a less-expressive marginal
distribution.

3. We present the �rst principled approach for integrating image-based rendering into diffusion
models: we drop out parts of the image-based scene representation corresponding to the view
being rendered to prevent trivial 3D solutions, but introduce a cross-view-attentive architecture
that enables the noise from all images to in�uence the latent 3D scene.

We evaluate our method on four challenging datasets of multi-view images, including CO3D (Reizen-
stein et al., 2021) and MVImgNet (Yu et al., 2023b). We show that our modelGIBR(Generative
Image-Based Rendering) learns a strong prior over complex 3D scenes, and enables generating
plausible 3D reconstructions given one or many images. It outputs explicit representations of 3D
scenes, that can be rendered at resolutions up to10242.

2 RELATED WORK

Traditional 3D reconstruction methods output scenes represented as meshes, voxels, or point-clouds
(Scḧonberger & Frahm, 2016; Seitz et al., 2006b; Häne et al., 2013). Recently however,neural
�elds (Xie et al., 2022; Mildenhall et al., 2020) have become the dominant representation. These
approaches represent a scene as a function mapping position to density and color; the scene is queried
and rendered using volumetric ray marching (Max, 1995). That function may be a generic neural
network (Park et al., 2019; Mildenhall et al., 2020; Barron et al., 2021), or a speci�cally-designed
function (Peng et al., 2020; Fridovich-Keil et al., 2023b; Müller et al., 2022; Li et al., 2023; Chen et al.,
2022; Xu et al., 2022) to improve performance. Due to their continuous nature, such representations
are easily learnt from a dense set of images (> 20), by gradient descent on a pixel reconstruction
loss. Some works allow reconstruction from fewer views (Yu et al., 2021; Wang et al., 2021; Chen
et al., 2021; Liu et al., 2022; Henzler et al., 2021; Wiles et al., 2020; Liu et al., 2022; Wu et al., 2023),
often by unprojecting features or pixels from the images into 3D space. However, typically parts
of the scene will be unobserved (e.g. far outside the camera view frustum), and thus ambiguous or
uncertain given the observed images. The methods above make a single deterministic prediction,
and cannot synthesise details in unobserved regions; instead, they produce a blurred prediction
corresponding to the mean over all possible scenes, without an ability to sample individual, plausible
scenes. Other approaches incorporate ad-hoc losses or regularizers from pretrained generative models
to improve realism of unobserved regions (Zhou & Tulsiani, 2023; Yoo et al., 2023; Zou et al., 2023;
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Melas-Kyriazi et al., 2023; Liu et al., 2023a; Wynn & Turmukhambetov, 2023; Niemeyer et al., 2022),
however no work has achieved a principled approach to generate samples of large-scale 3D scenes
given one or more real images as input. In particular, methods based on score-distillation regularise
scenes towards high-probability regions, but do not truly sample the distribution.

Generative models allow sampling from complex, high-dimensional distributions (e.g. a distribution
of 3D scenes). A myriad of generative models have been proposed for different domains, including
GANs (Goodfellow et al., 2014; Arjovsky et al., 2017; Karras et al., 2019), VAEs (Kingma & Welling,
2014; Van Den Oord et al., 2017), and autoregressive models (Van Den Oord et al., 2016). Diffusion
models (Sohl-Dickstein et al., 2015) have recently outperformed their counterparts in most domains,
including images (Kingma et al., 2021; Dhariwal & Nichol, 2021; Ho et al., 2022; Saharia et al.,
2022; Lugmayr et al., 2022; Jabri et al., 2022), video (Blattmann et al., 2023), and music (Huang
et al., 2023). Numerous works have trained diffusion models directly on classical (Luo & Hu, 2021;
Vahdat et al., 2022; Chen et al., 2023; Zhou et al., 2021; Hui et al., 2022; Li et al., 2022; Cheng et al.,
2023) and neural (M̈uller et al., 2022; Bautista et al., 2022; Wang et al., 2022b; Kim et al., 2023;
Shue et al., 2022; Gupta et al., 2023; Karnewar et al., 2023; Gu et al., 2023) 3D scene representations.
However, diverse, high-quality generation has remained elusive since such models are restricted by
the lack of suitable datasets of canonically-oriented and bounded 3D scenes. In contrast, we aim to
learn a generative 3D model from in-the-wild dataset of images (i.e. that could be easily collected
with a camera and COLMAP pose estimation), without assuming canonical orientations, bounding
boxes, object segmentations.

To mitigate the lack of 3D data, others methods use pretrained generative models of 2D images to
guide the optimization of a 3D scene (Jain et al., 2022; Poole et al., 2022; Höllein et al., 2023; Fridman
et al., 2023; Wang et al., 2023; 2022a; Metzer et al., 2022; Lin et al., 2023; Shi et al., 2023). However,
such approaches do not scale to large scenes, nor allow posterior sampling of 3D scenes given one or
more images as conditioning. An alternative approach is to learn a density jointly over 2D images
and their latent 3D representations; this allows them to be trained from widely-available 2D image
datasets, yet still sample 3D scenes (Skorokhodov et al., 2023; Xiang et al., 2023; Shi et al., 2022).
Initially based on GANs (Chan et al., 2022; Deng et al., 2022; Nguyen-Phuoc et al., 2020; 2019;
Schwarz et al., 2020; Zhao et al., 2022; Devries et al., 2021) or VAEs (Anciukevicius et al., 2022;
Kosiorek et al., 2021; Henderson & Lampert, 2020; Henderson et al., 2020), recently diffusion-based
methods have achieved the most promising results. Notably, (Anciukevi�cius et al., 2023) showed
that diffusion can also perform 3D reconstruction by inferring a latent 3D representation given
an image (unlike GANs), yet also generates sharp, detailed 3D assets and images (unlike VAEs).
However, (Anciukevi�cius et al., 2023; Szymanowicz et al., 2023) are limited to object-centric and
canonically-aligned scenes, due to their use of canonically-placed voxel grids or triplanes as 3D
representations. Other works therefore uses a pipeline of “infer, fuse, render, and repeat” (Wiles et al.,
2020) : the model generates the content visible in a camera view frustum conditioned on a rendering
of the current scene at that frustum, then renders it to another viewpoint, and repeats. However, this
only conditions on a marginal observation (since only the most recent view is seen, not the entire
history of generated views nor an explicit 3D representation). Instead we aim to sample from a joint
distribution of scenes. Moreover, they are slow to perform 3D reconstruction, e.g. concurrent work
(Tewari et al., 2023) takes 2 hours, and do not support unconditional generation of 3D scenes nor
conditional generation with arbitrary numbers of conditioning images.

Some works circumvent the dif�culty of learning a 3D representation entirely by training conditional
generative models to output images from novel viewpoints conditioned on one or more input images
and a camera pose (Eslami et al., 2018; Kulhánek et al., 2022; Rombach et al., 2021; Du et al., 2023;
Ren & Wang, 2022; Watson et al., 2022; Chan et al., 2023; Tseng et al., 2023; Liu et al., 2023b; Cai
et al., 2022; Tang et al., 2023; Yu et al., 2023a). However, as such methods do not explicitly represent
the underlying 3D scene, they cannot guarantee the resulting images depict a single consistent scene,
and existing methods fail to generalize to camera poses far from the training distribution.

3 METHOD

Our goal is to build a generative 3D scene model that supports two tasks: (i) unconditional generation,
(sampling 3D scenes a priori) (ii) 3D reconstruction (generation conditioned on one or more images).
We aim to learn this model without 3D supervision by only assuming access to a dataset of multi-view
images with relative camera poses (which can be easily obtained via structure-from-motion).
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Figure 1: Our neural scene representationIB-planesde�nes 3D content using image-space features.
Each camera� v is associated with a feature-mapfv (blue); together both parametrise a neural �eld
that de�nes density and color for each 3D pointp (red dot). We incorporate this representation in
a diffusion model over multi-view images. At each denoising step, noisy imagesx ( t ) are encoded
by a U-NetE with cross-view attention (gray dashed arrows), that yields pixel-aligned featuresfv

(blue). To render pixels of denoised images (only onex (0) is shown for clarity), we use volumetric
ray-marching (green arrow), decoding features unprojected (red lines) from the other viewpoints.

To this end, we �rst describe a novel image-based 3D scene representation that adapts its capacity
to capture all the detail in a set of images, yet is suitable for learning a prior over (Sec. 3.1). This
enables us to de�ne a denoising diffusion model over multi-view images depicting real-world scenes,
that builds and renders an explicit 3D representation of the latent scene at each denoising step
(Sec. 3.2). This ensures the generated multi-view images depict a single, consistent 3D scene, and
allows rendering the �nal scene ef�ciently from any viewpoint. We name our modelGenerative
Image-Based Rendering(GIBR).

3.1 REPRESENTING3D SCENES WITHIB-PLANES

We represent a 3D scene as a neural �eld (Mildenhall et al., 2020) – a function mapping world-space
positions to a density (i.e. opacity) and color, which can be rendered using the standard emission-
absorption method (Max, 1995). Inspired by recent success of image-based rendering (Lensch et al.,
2003; Yu et al., 2021) and K-planes (Fridovich-Keil et al., 2023a), the density and color at each
3D point are de�ned via features placed in the view space of a set of images (Fig. 1). Speci�cally,
we represent a scene by a set of 2D feature-mapsf fv gV

v=1 and corresponding posesf � v gV
v=1 for V

cameras. These per-view feature-maps and poses parametrize a single neural �eld that de�nes the
density and color at each pointp 2 R3 in 3D space. To calculate these, we projectp into each camera
view based on its pose� v (which includes both extrinsics and intrinsics), �nding the corresponding
pixel-space location� (p; � v ). Then, we extract the feature vector at that location infv using bilinear
interpolation, settingf v (p) = fv [� (p; � v )].

Notably, unlike PixelNeRF (Yu et al., 2021), our IBR feature planes (which we nameIB-planes)
are output jointly by a U-Net that attends over multiple views. Hence, IB-planes are strictly more
expressive than prior IBR approaches, such as PixelNeRF and IBRNet (Wang et al., 2021), that
calculate features independently for each image. This is because the multi-view U-Net can arrange
different IBR features for a viewpoint depending on other input images, and remove the depth
ambiguity that is present when given only one image. On the other hand, unlike K-planes (Fridovich-
Keil et al., 2023a), our IB-planes are placed in the camera view frusta to facilitate learning a
generalizable model that maps images to scene representations. As a result, we can use a simple
and fast max-pooling operation to fuse features, instead of needing a large, expensive feature-fusion
model (e.g. IBRNet has a deep attention network over point features and nearby 3D points).

To ensure the scene geometry is well-de�ned outside the union of the camera view frusta, for each
camera we also calculate a polar representation of the displacement ofp relative to the camera's
center, and use the resulting angles to interpolate into a second feature map (with an equirectangular
projection), giving a vectorf 0

v (p). We concatenate the feature vectorsf v (p) andf 0
v (p) with an

embedding of the distance ofp from the corresponding camera origin, and process this with an MLP
to give a feature vectorf �

v (p). We next max-pool these feature vectors across views, to give a single
uni�ed featuref (p) = max v f �

v (p) that fuses information from all views; themax is computed
element-wise. Finally, this is mapped by an MLP to the density and RGB color atp.
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3.2 MULTI -V IEW DENOISING DIFFUSION

We next describe our generative model of multi-view images, then discuss how we incorporate our
scene representation into this to ensure 3D consistency while retaining expressiveness. We want to
learn a generative model over sparse multi-view imagesx s drawn from some unknown distribution
X , where eachx s 2 RV � H � W � 3 depicts a different scene, and consists ofV RGB images each
of sizeW � H (note thatV may vary between scenes). Associated with each viewxs

v is a camera
pose� s

v , speci�ed relative toxs
0 (i.e. we donot assume existence of a canonical coordinate system

common to all scenes, unlike e.g. Anciukevi�cius et al. (2023) and Chan et al. (2022). In the following
description we omit the scene indexs for clarity.

In order to de�ne a generative model over multi-view imagesx, we de�ne forward (noising) and
reverse (denoising) diffusion processes (Ho et al., 2020). The forward process is a sequence of
stochastic transformations that progressively add Gaussian noise to the original pixels, resulting in
a unit Gaussian sample over time. Formally, for a time stept and noise level� t determined by a
prede�ned noise schedule, the noisy multi-view image at diffusion time stept is:

x ( t ) =
p

1 � � t x ( t � 1) +
p

� t � ( t ) ; � ( t ) � N (0; I ) (1)
To sample from the original distributionX , we learn a reverse process that reconstructs multi-view
images from their noised versions. Speci�cally, we train a denoising function� � (x ( t ) ; t) to predict
the original multi-view imagex from the noisy imagex ( t ) and the diffusion stept (note we predict
the image, not the noise as is common). To sample new multi-view images, we begin from a sample
of pure Gaussian noise, and repeatedly apply� � following the DDIM sampler of Song et al. (2020).

Typically diffusion models implement� � as a neural network, often a U-Net (Ronneberger et al.,
2015). This could be applied in our multi-view setting, provided we allow different views to exchange
information, e.g. using a 3D U-Net, or cross-attention between the views. However, it does not
guaranteethat the resulting images are 3D-consistent, i.e. that the same 3D scene is visible in each
view – the model must instead learn to approximate this, and often fails (see our ablation study). We
next describe a denoiser� � that ensures the views are 3D-consistent throughout the diffusion process.

3D-consistent denoising.To ensure 3D consistency of the multi-view images reconstructed during
the diffusion process, and to enable access to a 3D model of the �nal scene, we incorporate an explicit
intermediate 3D representation into the architecture of our multi-view denoiser� � . During each
denoising step, an encoderE estimates a single noise-free 3D scenef (fv ; � v )gV

v=1 = E(x ( t ) ; t)
parametrized according to Sec. 3.1 that incorporates information from all the views. The denoiser
then renders this scene from each viewpoint to yield the denoised views, so we have

� � (x ( t ) ; t) = render
�

E (x ( t ) ; t)
�

: (2)

Setwise multi-view encoder.The encoderE(x ( t ) ; t) calculates pixel-aligned featuresfv for each
view x ( t )

v in x ( t ) using a multi-view U-Net architecture. We adapt the U-Net architecture of (Ho
et al., 2020), modifying the output layer yield features instead of RGB values. We also introduce
attention between views, allowing them to exchange information. We replace each attention layer
with a multi-headed linear attention (Vaswani et al., 2017; Katharopoulos et al., 2020) that jointly
attends across all feature locations in all views. Aside from these attention layers, the rest of the
network processes each view independently; this is more computationally ef�cient than a full 3D
CNN. It also avoids any undesirable inductive bias toward smoothness across adjacent views, which
is important since we do not assume views have any particular spatial relation to each other. We also
provide the encoder with a setwise embedding of the camera poses� v , speci�ed relative to some
arbitrary view. We �atten the extrinsics and intrinsics matrices to vectors, pass them to small MLPs,
and concatenate the results, to give a per-view relative pose embedding� �

v . When encoding each view
x( t )

v , we input the corresponding embedding� �
v , and also the result of max-pooling the embeddings

for other views. This is injected into the network similarly to the Fourier embedding of the timestep
t, by concatenating it with the features at each layer. Importantly, our encoder architecture jointly
reasons over all images in the scene; unlike autoregressive methods (e.g. Wiles et al., 2020), all
information from all views is accounted for simultaneously to ensure the scene is coherent. Moreover,
use of pooling operations in the encoder and the scene representation (feature fusion) to integrate
information from different views ensures that it supports varying numbers of images.

Conditional generation. We can adapt this model to the conditional setting, where we are provided
with one or more input views and must generate complete scenes. In this case, some views passed to
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Figure 2: Samples generated by our method trained on MVImgNet (�rst three rows), CO3D (last three
rows). Note that each multi-view image depicts a single coherent scene, with plausible appearance
and detailed geometry. Please see the supplementary material for1024� 1024video visualisations.

� � as part ofx ( t ) are not noisy. TheV views are therefore split intoVn noisy views, andVc noise-free
conditioning views. We indicate this to the model by passing a differentt for each view, witht = 0
indicating a noise-free view. Each noisy view then encodes (in its noise) latent information about parts
of the scene that are uncertain even given the noise-free conditioning views. We ensure there is at
least one noisy view present, so the model always retains generative behavior. The image-based scene
representation ensures there is a direct �ow of information from noise at the pixels to corresponding
points in the 3D scene, while the joint multi-view encoder means that latent information is correctly
fused across different views, also incorporating information from the observed images.

3.3 TRAINING

Our model is trained to reconstruct multi-view imagesx given their noised versionsx ( t ) . We use an
unweighted diffusion lossL (Ho et al., 2020) with an L1 photometric reconstruction term:

L = Et; x jj x � � � (x ( t ) ; t)jj1 (3)
We train our model end-to-end to minimizeL using Adam (Kingma & Ba, 2015). We varyV
across different minibatches to ensure generality; to allow conditioning on varying numbers of
images, we also vary the numberVc of noise-free views between zero andV . Training the model to
reconstruct a large number of high-resolution images is computationally expensive since it requires
a volumetric ray-marching forV � H � W pixels. To overcome this, we approximate the loss (3)
by only rendering a small fraction (� 5%) of rays. This is still an unbiased estimate ofL , and has
surprisingly minimal effect on the number of iterations until convergence, while greatly improving
the wall-clock time and allowing us to go beyond prior works by training at256� 256resolution.

3.4 DROPPINGOUT NEURAL REPRESENTATIONS

One major challenge with 3D-aware generative models is that minimizing the loss does not necessarily
force the model to accurately understand 3D. The model can instead produce a simple, uninformative
pseudo-3D representation, such as a �at plane positioned directly in front of each camera, textured
with a projection of the observed scene from that angle. Recent techniques have tried to address
this by using various dataset-speci�c approaches, like requiring camera poses in a canonical frame
of reference (Anciukevi�cius et al., 2023) (which is not possible for in-the-wild scenes). A na�̈ve
approach would be to use held-out views for supervision, but this falls short as they prevent the
diffusion model from sampling interpretations of these heldout views, instead merely approximating
the average observation, much like older non-generative techniques. Instead, we adopt a principled
approach that ensures an expressive 3D representation with purely the diffusion loss (3), without any
regularizers, heldout views or canonical camera poses. Speci�cally, we drop out the featuresfv from
thevth view when rendering to that same viewpoint. Note that this is not the same asmaskingsome
noises (as previous methods did), since we still allow latent information in the noise of thei th view to
�ow to all other views' features and thus the scene itself. During inference, we include features from
all views.
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