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Figure 1: Given a set of unposed input images, SparseAGS jointly infers the corresponding camera
poses and underlying 3D, allowing high-fidelity 3D inference in the wild.

Abstract

Inferring the 3D structure underlying a set of multi-view images typically requires
solving two co-dependent tasks – accurate 3D reconstruction requires precise
camera poses, and predicting camera poses relies on (implicitly or explicitly)
modeling the underlying 3D. The classical framework of analysis by synthesis
casts this inference as a joint optimization seeking to explain the observed pixels,
and recent instantiations learn expressive 3D representations (e.g., Neural Fields)
with gradient-descent-based pose refinement of initial pose estimates. However,
given a sparse set of observed views, the observations may not provide sufficient
direct evidence to obtain complete and accurate 3D. Moreover, large errors in pose
estimation may not be easily corrected and can further degrade the inferred 3D.
To allow robust 3D reconstruction and pose estimation in this challenging setup,
we propose SparseAGS, a method that adapts this analysis-by-synthesis approach
by: a) including novel-view-synthesis-based generative priors in conjunction with
photometric objectives to improve the quality of the inferred 3D, and b) explicitly
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reasoning about outliers and using a discrete search with a continuous optimization-
based strategy to correct them. We validate our framework across real-world
and synthetic datasets in combination with several off-the-shelf pose estimation
systems as initialization. We find that it significantly improves the base systems’
pose accuracy while yielding high-quality 3D reconstructions that outperform the
results from current multi-view reconstruction baselines.

1 Introduction

Consider the images of the robot shown in Fig. 1. From just these few images, we humans can easily
understand the 3D structure of this object – it has a cylindrical base supporting a tall body from
which an arm extends to the front. We do this by aggregating the information across images into a
consistent 3D mental model, e.g., the “front” view informs us of the width of the body and the “side”
view(s) about the extended arm. But how do we know which image is to the “front” or to the “side”
to begin with? As evidenced in seminal research of mental rotation [30], we understand viewpoints
by forming mental 3D models. Thus, to form mental 3D models, we need to understand the (relative)
viewpoints across images, but doing so in turn requires a mental 3D model!

This co-dependency in inferring shape and pose is one that any computational approach aiming to
recover 3D from multiple views also needs to deal with. Indeed, classical approaches like Structure-
from-Motion (SfM) [29] tackle the two together and infer 3D and camera viewpoints. However,
these correspondence-based methods can only infer sparse 3D representations and are not robust
given a small set of images with limited overlap. To allow 3D inference in such sparse-view settings,
recent learning-based approaches have pursued sparse-view reconstruction approaches [52, 45], but
assuming known precise camera poses. Separately, there have been several methods [18, 47, 48, 31]
which predict camera viewpoints given a set of images. While these methods have led to impressive
results for both 3D reconstruction and pose inference, their singular focus on only one task without
tackling the other limits their utility – the 3D reconstruction methods requiring precise cameras
cannot be easily used in real-world applications, and pose estimation methods that do not model 3D
are typically limited in their accuracy.

We present SparseAGS, a framework that unifies the advances in learning-based pose estimation and
3D reconstruction – using the former as an initialization and building on the latter for obtaining accu-
rate 3D reconstruction. Specifically, we adopt an “analysis by synthesis” approach where we jointly
optimize pose and 3D to explain the observed pixels. However, unlike prior methods [19, 42] which
simply leverage photometric-error-driven gradient-based updates for pose and 3D, we additionally
leverage generative priors [8, 33] for more complete (and accurate) 3D despite input images that
may only partially capture the object. However, current off-the-shelf novel-view generative models
[20] only allow 3-DoF camera parameterization which is insufficient beyond synthetic settings, we
finetune a SoTA model to allow 6-DoF camera variation when querying novel views. We find that
such generative priors not only contribute to the 3D reconstruction quality but also result in more
accurate camera poses. Moreover, we also explicitly account for large possible errors in initial camera
estimation and prevent these from degrading 3D reconstruction via identifying outliers, and also
improve poses via a combination of a discrete search and continuous optimization.

Compared to prior joint reconstruction and pose estimation methods that are designed to improve
near-perfect initial cameras [19, 38], SparseAGS can leverage off-the-shelf pose estimates, thereby
allowing robust inference in real-world scenarios. We demonstrate its efficacy using both, real-
world and synthetic datasets in conjunction with several state-of-the-art pose estimation methods as
initialization. We find that our approach significantly improves the initial camera estimates and yields
high-fidelity 3D reconstructions (and novel view renderings). In summary, our contributions are:

• We introduce an analysis-by-generative-synthesis framework that jointly estimates 3D and camera
viewpoints given a sparse set of input images, by integrating a 6-DoF novel-view generative prior
in an analysis-by-synthesis approach

• Our approach allows leveraging any off-the-shelf pose estimation system and can robustly estimate
3D and viewpoints despite large errors in the initial estimates.

• We present results across datasets and initializations and show clear improvements over the
initializations as well as outperform prior sparse-view 3D reconstruction baselines.
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2 Related Work

Sparse-view Pose Estimation. Traditional correspondence-based Structure-from-Motion [32, 29]
methods often fail to estimate camera poses in sparse-view settings. Several approaches instead seek
to leverage data-driven priors, for example learning energy-based [48, 18] or denoising diffusion
[39] models to predict cameras. While these approaches predict global camera representations, some
works have demonstrated the bene�t of denser camera parametrizations by predicting raymaps [47]
or pointmaps [41, 17]. As an alternative paradigm to direct camera prediction, some recent methods
[3, 43, 34] instead estimate relative poses by inverting the view-conditioned synthesis capabilities
of diffusion models [20]. While these methods have led to remarkable improvements in camera
estimation, these are still susceptible to some imprecision and occasional outliers which our 3D-
reasoning-based approach can correct.

Sparse-view 3D Reconstruction. This line of work aims to recover 3D from sparsely sampled
views, aiming to infer complete 3D representations that faithfully re�ect the content captured by
the input images while making reasonable guesses for invisible areas. The progress of diffusion
models [8, 33] has greatly advanced this direction, as they are capable of learning strong natural
image priors from data. Inspired by DreamFusion [23], which generates 3D scenes given textual
descriptions leveraging a text-to-image diffusion model [26], SparseFusion [52] learns a view-
conditioned diffusion model on multi-view image collections for novel view synthesis and then
distills the learned novel-view distributions into a single consistent 3D representation. DreamSparse
[45] further improves the performance by utilizing internet-scale natural image priors learned by
Stable Diffusion [25]. Although these methods present impressive results, they assume precise camera
poses are available, which limits their applications. FORGE [11] addresses this by jointly inferring
both camera poses and 3D structure in a single forward pass, though the quality of its reconstructions
remains constrained by pose estimation accuracy without further re�nement or correction.

Pose-free Sparse-view 3D Reconstruction. Some recent works [27, 40, 12, 13] have attempted to
bypass the reasoning about camera poses and directly infer novel views or 3D representations from
unposed images. An unposed variant of the Scene Representation Transformer [27] encodes a set of
input images into latent features and synthesizes novel views given the corresponding query rays (w.r.t.
the viewpoint of the �rst image) using a transformer encoder and decoder. UpFusion [13] improved
upon this by learning a diffusion model and distilling a consistent 3D representation via Score
Distillation Sampling [35], whereas LEAP [12] and PF-LRM [40] can directly predict (volumetric or
triplane) 3D representations in a feedforward manner. While these methods demonstrate promising
results, their geometry-free approach cannot easily capture the speci�c details across input images
and they struggle to improve the 3D estimation with additional input images.

Analysis-by-synthesis Approaches. Approaching visual perception as an inverse graphics task is
classical idea in computer vision [15, 46], and has been leveraged for inferring scene properties
(e.g., object pose) by synthesizing visual content as close to observations as possible [2, 16, 51, 50].
Closer to our setup, prior approaches jointly optimize camera pose and 3D representation (e.g., NeRF
[22]) to explain the observed images [19, 42] but these methods are designed for dense observations
and only handle small pose errors. Closer to our work, SPARF [38] focuses on the sparse-view
setup, leveraging estimated pixel correspondence [37] as prior knowledge in addition to the standard
photometric loss. However, reliably extracting such correspondences can be challenging, and false
match estimates may even confuse pose re�nement, leading to degraded 3D reconstruction.

3 Method

3.1 Overview

Analysis by Synthesis. Given a set of sparse-view images, denoted asI � f I i gN
i =1 , our goal is

to reconstruct the underlying 3D structure� and infer the camera poses corresponding to the input
images� � f � i gN

i =1 . This can be done by solving ananalysis-by-synthesisproblem

min
�; �

X N

i =1
jj I i � f � (� i )jj2 (1)

wheref � is a rendering function. Eq. 1 demonstrates that we want to �nd a scene description
consisting of a 3D representation� and camera con�gurations� that well explain the observed input
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Figure 2:(a) Overview of SparseAGS:Given estimated camera poses from off-the-shelf models,
our method iteratively reconstructs 3D and optimizes poses leveraging diffusion priors.(b) Detailed
View of Each Component:We use rendering loss and multi-view SDS loss for 3D reconstruction
while the rendering loss is propagated back to re�ne camera poses. At the end of each reconstruction
iteration, we identify outliers by checking if their involvement in 3D inference yields larger errors in
other views, implying the inconsistency of their poses with others.

images. Iff � is differentiable, we can jointly optimize the 3D representation and camera poses via
gradient descent [19, 42]. However, this approach may not work well in the sparse-view setting [38]
(i.e., N is small) as the 3D representation can over�t to the input images without forming a plausible
structure, degrading both, pose estimation and 3D reconstruction.

Analysis by Generative Synthesis. To address this issue, we propose to introduce generative priors
into analysis by synthesis, so we term our methodanalysis by generative synthesis. In addition to
the known-view objective (Eq. 1), we leverage diffusion priors [8, 33] to optimize renderings from
randomly sampled novel views (� ) as well

min
�

E� � log p� (f � (� )j� ; I ; �) (2)

wherep� is the likelihood of the novel view rendering conditioned on the viewpoint� and inputs
(I ; �) , modeled by the diffusion model� . The gradients for this objective can be obtained via
Score Distillation Sampling (SDS) [23], and intuitively, they encourage the renderings of the 3D
representation to be plausible based on image distributions learned by the diffusion model.

In the following, we �rst introduce a few preliminaries about an ef�cient single-view-to-3D approach
(Sec. 3.2), on which we build our multi-view reconstruction method, MV-DreamGaussian, enabling
analysis by generative synthesis in the wild (Sec. 3.3). Then, we present our complete framework
that involves dealing with imprecise cameras (Sec. 3.4). An illustration of our approach is in Fig. 2.

3.2 Preliminaries: DreamGaussian

DreamGaussian [36] generates 3D from a single image with a two-stage approach, achieving a
satisfactory trade-off between speed and �delity. The �rst stage optimizes 3D Gaussians [14]
(parameterized by� ) using a combination of photometric loss (Eq. 1, except that the camera pose
is not optimized) and SDS loss (Eq. 3) with a view-conditioned diffusion model, Zero-1-to-3 [20].
Speci�cally, for a randomly sampled novel view� , scheduled noise� at timestept is added to
the latent of its rendering (the noisy latent is denoted byzt ). The training objective minimizes the
difference between the predicted noise and the added noise, approximating the negative log-likelihood
of the rendered image. The gradient of SDS loss is given by

r � L SDS = � SDS Et; � ;�

�
w(t)( � � (zt ; t; I 1; � � ) � � )

@f� (� )
@�

�
(3)
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