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Abstract

We present a diffusion-based model for 3D-aware gen-
erative novel view synthesis from as few as a single input
image. Our model samples from the distribution of possible
renderings consistent with the input and, even in the presence
of ambiguity, is capable of rendering diverse and plausible
novel views. To achieve this, our method makes use of existing
2D diffusion backbones but, crucially, incorporates geom-
etry priors in the form of a 3D feature volume. This latent
feature field captures the distribution over possible scene rep-
resentations and improves our method’s ability to generate
view-consistent novel renderings. In addition to generating
novel views, our method has the ability to autoregressively
synthesize 3D-consistent sequences. We demonstrate state-of-
the-art results on synthetic renderings and room-scale scenes;
we also show compelling results for challenging, real-world
objects.

1. Introduction
In this work, we challenge ourselves to addresses multiple

open problems in novel view synthesis (NVS): to design
an NVS framework that (1) operates from as little as a
single image and is capable of (2) generating long-range of
sequences far from the input views as well as (3) handling
both individual objects and complex scenes (see Fig. 1).
While existing few-shot NVS approaches, trained on a
category of objects with a regression objective, can generate
geometrically consistent renderings, i.e., sequences whose
frames share a coherent scene structure, they are ineffective
in handling extrapolation and unbounded scenes (see Fig. 2).
Dealing with long-range extrapolation (2) requires using a
generative prior to deal with the innate ambiguity that comes
with completing portions of the scenes that were unobserved
in the input. In this work, we propose a diffusion-based
few-shot NVS framework that can generate plausible and
competitively geometrically consistent renderings, pushing
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Figure 1. Our 3D-aware diffusion model synthesizes realistic novel
views from as little as a single input image. These results are
generated with the ShapeNet [10], Matterport3D [9], and Common
Objects in 3D [46] datasets.

Figure 2. While regression-based models are capable of effective
view synthesis near input views (top row), they blur across ambiguity
when extrapolating. Generative approaches can continue to sample
plausible renderings far from input views (second row, third column).

the boundaries of NVS towards a solution that can operate
in a wide range of challenging real-world data.

Previous approaches to few-shot novel view synthesis
can broadly be grouped into two categories. Geometry-prior-
based methods [49, 48, 38, 34, 39, 3, 84] have drawn from
work on scene representations and neural rendering [73].
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While they achieve impressive results on interpolating near
input views, most methods are trained purely with regression
objectives and struggle in dealing with ambiguity or longer-
range extrapolations. When challenged with the task of
novel view synthesis from sparse inputs, they can only tackle
mildly ambiguous cases, i.e., cases where the conditional
distribution of novel renderings is well approximated by the
mean estimator of this distribution — obtained by minimizing
a pixel-wise L1 or L2 loss [85, 65, 84]. However, in highly
ambiguous cases, for example when parts of the scene are
occluded in all the given views, the conditional distribution
of novel renderings becomes multi-modal and the mean
estimator produces blurry novel views (see Fig. 2). Because
of these limitations, regression-based approaches are limited
to short-range view interpolation of object-centric scenes and
struggle in long range extrapolation of unconstrained scenes.

In contrast, generative approaches rely on generative pri-
ors and solve the novel view synthesis problem by generating
random plausible samples from this conditional distribution.
Existing generative models for view synthesis [52, 79, 47, 35]
autoregressively extrapolate one or a few input images with
few or no geometry priors. For this reason, most of these
methods struggle with generating geometrically consistent se-
quences — renderings are only approximately consistent be-
tween frames and lack a coherent rigid scene structure. In this
work, we present an NVS method that bridges the gap between
geometry-based and generative view synthesis approaches
for both geometrically consistent and generative rendering.

Our method leverages recent developments in diffusion
models. Specifically, conditional diffusion models [55, 53,
45, 51, 54] can be directly applied to the task of NVS. Con-
ditioned on input images, these models can sample from the
conditional distribution of output renderings. As a generative
model, they naturally handle ambiguity and lend themselves
to continued autoregressive extrapolation of plausible outputs.
However, as we show in Sec. 4 (Tab. 1), an image diffusion
framework alone struggles to synthesize 3D-consistent views.

Geometry priors remain valuable for ensuring view
consistency when operating on complex scenes, and
pixel-aligned features [56, 84, 76] have been shown to be
successful for conditioning scene representations on images.
We incorporate these ideas into the architecture of our
diffusion-based NVS model with the inclusion of a latent
3D feature field and neural feature rendering [41]. Unlike
previous view synthesis works that include neural fields, how-
ever, our latent feature field captures a distribution of scene
representations rather than the representation of a specific
scene. A rendering from this latent field is distilled into the
rendering of a particular scene realization through diffusion
sampling at inference. This novel formulation is able to both
handle ambiguity resulting from long-range extrapolation
and generate geometrically consistent sequences.

In summary, contributions of our work include:

• We present a novel view synthesis method that extends
2D diffusion models to be 3D-aware by conditioning

them on 3D neural features extracted from input
image(s).

• We demonstrate that our 3D feature-conditioned
diffusion model can generate realistic novel views given
as little as a single input image on a wide variety of
datasets, including object level, room level, and complex
real-world.

• We show that with our proposed method and sampling
strategy, our method can generate long trajectories of
realistic, multi-view consistent novel views without
suffering from the blurring of regression models or the
drift of pure generative models.

We will make the code and pre-trained models available.

2. Related work
Focusing on novel view synthesis (NVS) from as little as

a single image, our work touches on several areas at the inter-
section of 3D reconstruction, NVS, and generative models.

Geometry-based novel view synthesis. A large body of
prior works for NVS recovers the 3D structure of a scene
by estimating the input images’ camera parameters [67, 58]
and running multi-view stereo (MVS) [1, 20]. The recovered
explicit geometry proxies enable NVS but fail to synthesize
photorealistic and complete novel views especially for
occluded regions. Some recent methods [48, 49] combine 3D
geometry from an MVS pipeline with deep learning–based
NVS, but the overall quality may suffer if the MVS pipeline
fails. Other explicit geometric representations, such as depth
maps [19, 75], multi-plane images [18, 89], or voxels [64, 36]
are also used by many recent NVS approaches, as surveyed
by Tewari et al. [73].

Regression-based novel view synthesis. Many deep
learning–based approaches to NVS are supervised to predict
training views with regression. These works often employ
3D representations for scenes and differentiable neural
rendering [65, 38]. While many methods are optimized on
a per-scene basis with dense input views [38], few-shot NVS
approaches are designed to generalize across a class of 3D
scenes, which enable them to make predictions from one
or a few input images at inference. Among few-shot NVS
methods, some rely on test-time optimization [65, 27] or meta
learning [62, 72], while others lift input observations via en-
coders [75, 42, 89, 84, 74, 11, 76] and predict novel views in a
feed-forward fashion. A recent trend has some NVS methods
forgoing geometry priors for light fields [63] or transform-
ers [57, 31], but these geometry-free methods are otherwise
trained similarly to other regression-based NVS algorithms.

Generative models for novel view synthesis. A separate
line of work studies methods for long-range view extrapo-
lation. Because venturing far beyond the observed views
requires generating parts of the scene, these methods are
typically grounded in generative models. A common thread
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amongst these methods is that they often contain only weak
geometry priors, e.g., sparse feature point clouds [79, 50, 30],
or lack geometry priors altogether [52, 47]. As image-
translation-based generative models, they are capable of
conditioning on their own previous generations to autore-
gressively synthesize long camera trajectories, sometimes
in�nitely [ 35, 33]. Because the focus is on extrapolating
at large scales, these methods ordinarily achieve only
approximate view consistency at longer ranges.

3D GANs. 3D GANs [40, 61, 7, 6, 22, 43, 82, 88, 66,
83, 87, 13, 80, 4] combine an adversarial [21] training
strategy with implicit neural scene representations to learn
generative models for 3D objects. While typically tasked
with unconditional synthesis of 3D objects, a trained 3D
GAN contains a strong prior for 3D shapes and can be
inverted for NVS of detailed scenes [7, 6]. 3D GANs have
been extensively developed to achieve compositionality [41],
higher rendering resolution [6, 22, 66], video generation [2],
and scalability to larger scenes [14]. GANs, however, are
notoriously dif�cult to train, and their 3D inversions from an
input image are often brittle without additional 3D priors [81]
or an accurate camera input [29]. Moreover, most 3D GANs
assume canonical camera poses and limit their optimal
operating ranges to single objects.

2D diffusion models. 2D diffusion models [24, 68, 70, 28]
have transformed image synthesis. Favorable properties such
as mode coverage and a stable training objective have enabled
them to outperform [15] previous generative models [21] on
unconditional generation. Diffusion models have also been
shown to be excellent at modeling conditional distributions of
images, where the conditioning information may be a class la-
bel [71, 15], text [45, 51, 54] or another image [25, 55, 53, 8].

Recent 3D diffusion works. Recently, DreamFusion [44]
and 3DiM [78] apply 2D image diffusion models to build
3D generative models. DreamFusion performs text-guided
3D generation by optimizing a NeRF from scratch. 3DiM
performs novel view synthesis conditioned on input images
and poses (similar to [47]) and does not employ any explicit
geometry priors; it aggregates multiple observations at
inference using a unique stochastic conditioning scheme. By
contrast, the geometry priors present in our approach enable
3D consistency with a much lighter-weight model (90M
for ours vs 471M or 1.3B for 3DiM [78]), and because our
model naturally handles multiple input views, we have the
�exibility to choose ef�cient sampling schemes at inference.
While code for 3DiM is unavailable, we compare to a similar
geometry-free variant in Sec. 4 (Tab. 1) and to stochastic view
conditioning in the supplement.

3. Method

Here we describe the architecture of our NVS model for
both single and multiple-view conditioning, and we explain
our training and inference methods.

Figure 3. Illustration of our frameworkD . The pipeline receives
as input one or more input viewsx and the camera parameters
associated with input and target views. We extract features from
each input viewx usingT and unproject them into a feature volume
W . These volumes are aggregated using a mean-pooling operation,
decoded by a small MLPf , and a feature imageF is created by
projecting into the target viewx targetusing volume rendering. The
U-Net denoiserU then takes in the resulting feature imageF as
well as a noisy image of the target viewy and noise level� , and
produces a denoised image of the target viewx target.

In novel view synthesis, we are given a set of input images
x inputs and camera parametersP inputs with associated pose
and intrinsics and are tasked with making a prediction for a
query view given a set of query camera parameters.

Our goal is to sample novel views from the corresponding
conditional distribution:

p(x targetjx inputs;P inputs;P target). (1)

3.1. 3D­aware diffusion model architecture

Diffusion models rely on a denoiser trained to predict
Ep(x jy ) [x ] given y , a noisy version ofx with noise
standard deviation� . An image is generated by drawing
y0 � N (0;� 2

maxI ) and iteratively denoising it according to
a sequence of noise levels� 0 = � max>:::> � N =0 .

In our work, we directly repurpose 2D diffusion models to
model the distribution in Eq. 1. The intuition is that generative
novel view synthesis is identical to any other conditional
image generation task — all we need to do is condition
a 2D image diffusion model on the input image and the
relative camera pose. However, while there are many ways of
applying this conditioning, some may be more effective than
others (see Tab. 1 and ablation studies of different options in
Sec. 4.4). By incorporating geometry priors in the form of a
3D feature �eld and neural rendering, we give our architecture
a strong inductive bias towards geometrical consistency.

Fig. 3 summarizes the design of our conditional-desnoiser-
based pipelineD that takes as inputs a noisy target viewy ,
conditioning information(x inputs;P inputs;P target) and a noise
level� . Our strategy builds upon pixel-aligned implicit func-
tions [56, 84] and neural rendering. Following Fig. 3, given
a single input imagex taken from an input view cameraP,
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we use an image-to-image translation networkT to predict
a feature image withc� d channels and reshape it into a fea-
ture volumeW that spans the source camera frustum.d then
corresponds to the depth dimension of the volume andc to
the number of channels in each cell of the volume (typically,
c=16 andd=64). Given a query cameraP target, we cast rays
in 3D space. Continuing on Fig. 3, for any pointr along a ray,
we sample the volumeW with trilinear interpolation and de-
code the obtained featurew= W (r ) with a small multi-layer
perceptron (MLP)f to obtain a density� and a feature vectorc

(�; c)= f (w): (2)

By projecting this feature �eld into the target view using vol-
ume rendering [37, 38], we obtain a feature imageF in Fig. 3:

F (x ;P;P target)= RENDER(f � T(x );P ;P target): (3)

In practice, we employ the image segmentation archi-
tectureDeepLabV3+[12, 26] for T, and implementf as a
two-layer ReLU MLP with 64 channels. We perform volume
rendering over features in the same way asNeRF[38]. We
use input/output image resolution1282 in all experiments.

The feature imageF is concatenated to the noisy
imagey and passed as input to a denoiser networkU to
produce the �nal target viewx target (see Fig. 3). We use
DDPM++ [71, 28] forU, where

D(y ;x inputs;P inputs;P target;� )= U(y ;F ;� ) (4)

Fig. 3 and Eq. 4 summarize the design ofD . The total
number of trainable parameters inD is 90M.

3.2. Incorporating multiple views

The previous section describes our approach to condition-
ing on a single input view. However, additional information
in the form of multiple input views reduces uncertainty and
enables our model to sample renderings from a narrower
distribution. When multiple conditioning views are available,
we process each input image independently into a separate
feature volume.

Eq. 2 can be generalized ton conditioning views by
averaging the featureswj = W j (r ) obtained for each input
imagex j , as in [84]:

(�; c)= f

0

@1
n

nX

j =1

wj

1

A : (5)

To leverage this strategy during inference, we train our
model by conditioning with multiple (variable) input images.
Conditioning using multiple input images helps to ensure
smooth, loop-consistent video synthesis. While conditioning
on only the previous frame is suf�cient for view consistency
in a small view change, it does not guarantee loop closure.
In practice, we �nd that conditioning on a subset of previous
views helps to enforce correct loop closure while maintaining
reasonable view to view consistency.

3.3. Training

At each iteration during training, we sample a batch of
target images, input images, and their associated camera
poses, where the targets and inputs are constrained to be from
the same scene. Our model is trained end-to-end from scratch
to minimize the following objective

L := E(x target;x inputs;P target;P inputs) � pdata
E" �N (0 ;� 2 I ) (6)

�
kD(x target+ " ;x inputs;P inputs;P target;� ) � x targetk2

2

�
;

where� is sampled during training according to the strategy
proposed byEDM [28]. The number of conditioning views
for a query is drawn uniformly fromf 1;2;3gat every iteration.
During training, we apply non-leaking augmentation [28] to
U and augment input images with small amounts of random
noise. Please see the supplement for hyperparameters and
additional training details.

3.4. Generating novel views at inference

Sampling a novel view with our method is identical to sam-
pling an image with a conditional diffusion model. The spe-
ci�c update rule for the denoised image is determined by the
choice of sampler. In our experiments, we use a deterministic
2nd order sampling strategy [28], with 25 or fewer denoising
steps. Other sampling strategies [71, 69] can be dropped in
if other properties (e.g., stochastic sampling) are desired.

In order to improve ef�ciency at inference, we decouple
� andU. Rather than running both� andU at every step
during sampling, we �rst render the feature imageF as
a preprocessing step and reuse it for each iteration of the
sampling loop – whileU must run every step during inference,
� is run only once.

Alternative “one-step” inference. An alternative variant
of our model to generating an image with iterative denoising
is to produce the image with a single step of denoising. Intu-
itively, the one-step prediction of a model trained with Eq. 6
should behave identically to the prediction of a model trained
to minimize pixel-wise MSE. Thus, this alternative inference
mode is representative of regression-based methods. A model
trained as described is capable of both generative sampling
and deterministic one-step inference—no architecture or
training modi�cations are required.

3.5. Autoregressive generation

In order to generate consistent sequences, we take
an autoregressive approach to synthesizing sequential
frames. Instead of independently generating each frame
conditioned only on the input images, which would lead to
large deviations between frames, we generate each frame
conditioned on the inputs as well as a subset of previously
generated frames. While there are many possible ways of
selecting conditioning views, a reasonable setting that we use
in our experiments is to condition on the input image(s), the
most recently generated image, and �ve additional images
drawn at random from the set of previously generated frames.
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Figure 4. Qualitative comparison on ShapeNet [10] with one input
view. Unlike regression-based approaches, our method produces
sharp realizations. With one-step inference, our approach behaves
like a mean estimator of the novel view, similarly to PixelNeRF.

We found this default conditioning setting to be a good
starting point that balances short range, frame-to-frame
consistency, long-range consistency across the scene,
and compute cost, but other variants may be preferred to
emphasize speci�c qualities.

While one might expect errors and artifacts to accumulate
throughout long autoregressive sequences, in practice we �nd
that our model effectively suppresses such errors, making
it suitable for extended sequence generation. Please see the
supplement for alternative autoregressive schemes.

4. Experiments

We evaluate the performance of our generative NVS
method on ShapeNet [10] “cars” and Matterport3D [9], two
starkly different datasets. ShapeNet is representative of
synthetic, object-centric datasets that have long been domi-
nated by regression-based approaches to NVS (e.g., [84, 63]).
Meanwhile, long-range NVS on Matterport3D is prototypical
of unbounded scene exploration, where generative models
with weak geometry priors [79, 52, 47] have seen more
success. Finally, we stress-test our method on the challenging
Common Objects in 3D (CO3D) [46], an unconstrained
real-world dataset — to our knowledge, our work is the �rst
to attempt single-shot NVS on this dataset while including
its complex backgrounds. Our method improves upon the
state-of-the-art for all tasks. For additional results, please
refer to the videos contained in the supplement.

Baselines and implementation details. For ShapeNet
and CO3D, we compare our method to PixelNeRF [84], a
state-of-the-art NeRF-based method for NVS, and View-
Former [31], a transformer-based, geometry-free approach
to NVS. For ShapeNet, we additionally provide a comparison
with EG3D-PTI [6], which is based on a state-of-the-art 3D
GAN for object-scale scenes, and a numerical comparison
with 3DiM [78], a recent geometry-free diffusion method for
NVS. For Matterport3D, we compare our method against the
state-of-the-art on this dataset: Look Outside The Room [47],
a transformer-based, geometry-free NVS method designed
for room-scale scenes, and to additional SOTA methods,
including SynSin [79] and GeoGPT [52] in Tab. 2.

FID# LPIPS# DISTS# PSNR" SSIM"
PixelNeRF [84] 65.83 0.146 0.203 23.2 0.90
ViewFormer [31] 20.82 0.146 0.161 19.0 0.83
EG3D-PTI [6] 27.23 0.150 0.310 19.0 0.85
3DiM (autoregressive) [78]† 8.99 21.01 0.57

O
ur

s

Explicit 8.09 0.129 0.158 19.1 0.86
Geom.-Free 16.68 0.342 0.329 13.1 0.74
One-Step 42.07 0.150 0.178 23.2 0.91
Full (autoregressive) 11.08 0.120 0.146 20.6 0.89
Full 6.47 0.104 0.145 20.7 0.89

Table 1. Quantitative comparison of single-view novel view
synthesis on ShapeNet cars [10, 65].† As reported by [78].

Figure 5. Generating new views from more (bottom) or less
(top) ambiguous conditioning information. PixelNeRF [84] is
constrained to output deterministic novel views and renders an
average of all plausible renderings that are consistent with the
input view. In comparison, our method samples the conditional
distribution, leading to sharp but different realizations. In the last
column, we show the per-pixel standard deviation of the novel
view and show that unseen areas are more ambiguous,i.e., vary
more from one sample to the other. Pixel-wise standard deviation is
computed over50samples. Dark pixels indicate higher ambiguity.

Metrics. We evaluate the task of novel view synthesis
along three axes: ability to (1) recreate the image quality
and diversity of the ground truth dataset, (2) generate novel
views consistent with the ground truth, and (3) generate
sequences that are geometrically consistent. For (1), we
use distribution-comparison metrics, FID [23] and KID [5],
which are commonly used to evaluate generative models
for image synthesis. For (2), we use perceptual metrics
LPIPS [86] and DISTS [17], which measure structural and
texture similarity between the synthesized novel view and
ground-truth novel view. For completeness, we include
PSNR and SSIM, although the drawbacks of these metrics
are well-studied: these raw pixel metrics have been shown
to be poor evaluators of generative models as they favor
conservative, blurry estimates that lack detail [55, 53].
For (3), we provide COLMAP [59, 60] reconstructions of
generated video sequences, a standard evaluation for 3D
consistency in 3D GANs [61, 7, 6]. Dense, well-de�ned
point clouds are indicative of geometrically consistent frames.
We calculate Chamfer distances between reconstructions
of the ground-truth images and reconstructions of generated
sequences to quantitatively evaluate geometrical consistency.

4.1. ShapeNet

We standardize our training and evaluation on the single-
class, single-view NVS benchmark described in [84, 65, 31].
The ShapeNet training set contains 2,458 cars, each with 50
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