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Figure 1: LucidFusion utilizes Relative Coordinate Gaussian (RCG) representation to achieve 3D reconstruction with pose estimation from
unposed, sparse and arbitrary numbers of input views in a feed-forward manner.

Abstract

Recent large reconstruction models have made notable progress in generating high-quality 3D objects from single images. How-
ever, current reconstruction methods often rely on explicit camera pose estimation or fixed viewpoints, restricting their flexibility
and practical applicability. We reformulate 3D reconstruction as image-to-image translation and introduce the Relative Coor-
dinate Map (RCM), which aligns multiple unposed images to a “main” view without pose estimation. While RCM simplifies the
process, its lack of global 3D supervision can yield noisy outputs. To address this, we propose Relative Coordinate Gaussians
(RCG) as an extension to RCM, which treats each pixel’s coordinates as a Gaussian center and employs differentiable rasteri-
zation for consistent geometry and pose recovery. Our LucidFusion framework handles an arbitrary number of unposed inputs,
producing robust 3D reconstructions within seconds and paving the way for more flexible, pose-free 3D pipelines.

CCS Concepts
» Computing methodologies — 3D imaging; Reconstruction;

1. Introduction

Digital 3D objects are increasingly essential in a variety of do-
T Equal Contribution mains, facilitating immersive visualization, analysis, and interac-
1 Corresponding Author tion with objects and environments that closely mimic real-world
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experiences. These objects are foundational in fields such as ar-
chitecture, animation, gaming, and virtual and augmented reality,
with broad applications across industries like retail, online confer-
encing, and education. Despite their growing demand, producing
high-quality 3D content remains a resource-intensive task, requir-
ing substantial time, effort, and domain expertise. This challenge
has catalyzed the rapid advancement of 3D content generation tech-
niques [MST*21,WWX*21,HLX*23,HZG*23,ZYG"*24,HST*24,
LYL*24,WLW?*24], including methods that reconstruct 3D objects
from one or more input images.

Recently, 3D reconstruction methods [HZG*23, TPL*24,
ZYG*24] have gained considerable attention, as they can con-
vert single or multiple images, either captured by an external de-
vice or generated by diffusion models, into complete 3D objects in
content generation workflows. However, these methods inevitably
require camera pose as an intermediate step to map image fea-
tures into 3D: whether explicitly, as in traditional MVS-based
methods [YLL*18, CXZ*21], or implicitly, as in LRM-based ap-
proaches [HZG*23]. Yet, obtaining accurate poses of the input
views is a non-trivial task: current methods often rely on external
pose estimation pipelines (e.g., COLMAP [SF16]) or fix the input
viewpoint [TCC*24], substantially constraining both the flexibility
of the reconstruction process and user experience.

This observation raises a critical problem: Can we mitigate the
pose requirement for 3D reconstruction? By revisiting the recon-
struction problem (detailed in Sec. 3.1), we find that the wrap-
ping from 2D to 3D can be learned via an image-to-image trans-
lation approach, if we leverage an intermediate representation such
as Canonical Coordinate Maps (CCM) [LCCT23, WWC*24], we
can bypass common challenges associated with pose estimation,
allowing a more flexible 3D reconstruction pipeline. However, in
practice, CCMs are difficult to regress because orientation cues
are only implicitly embedded in the color space and such "orien-
tation" information is not well-defined, as shown in Fig. 2. To ad-
dress this shortcoming, we propose the Relative Coordinate Map
(RCM), which transforms each pixel to the camera space of a se-
lected "main" camera (e.g., the first frame in our system), as shown
in Fig. 1. This simple yet effective modification retrains CCM’s
advantage of end-to-end learnability via an image-to-image frame-
work, while mitigating the ambiguities that arise from implicitly
encoded orientation information.

Nevertheless, we observe that naively performing this mapping
often results in inconsistent and noisy outputs as shown in Fig. 4,
primarily due to the lack of 3D prior supervision. To address this
limitation, we further introduce Relative Coordinate Gaussians
(RCG), interpreting each pixel’s coordinates as the center of a
Gaussian. The RCG extension allows differentiable rasterization
from arbitrary viewpoints, and can be supervised by ground-truth
images rather than solely by per-view coordinate predictions. This
additional supervision resolves the noise and misalignment issues
that arise under purely RCM training. By re-framing the multi-
view reconstruction problem as an image-to-RCG transformation,
we can efficiently obtain a complete 3D representation from ar-
bitrary, unposed images, as shown in Fig. 1. Furthermore, since
RCG is inherently a 3D representation, it eliminates the common
challenge associated with pose estimation and can directly recover
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Figure 2: Pilot study. We compare CCM and RCM given a set of input
images. CCM fails to maintain consistency across different input views (red
box), while RCM successfully maintains the 2D-3D relation (blue box).

camera poses. This feature is often missing from other feedforward,

Gaussian-based methods. In summary, our contributions are three-
fold:

e We revisit the reconstruction problem and identify the gap in
existing CCM approaches, leading to the proposed RCM and its
RCG extension.

e We develop a system, LucidFusion, that efficiently maps images
to RCG, embedding pixel-wise correspondences across different
views into a “main” view and eliminating explicit pose estima-
tion.

e We showcase the superior quality and flexibility of our method,
enabling rapid 3D reconstruction and pose estimation within sec-
onds.

2. Related Work
2.1. Multi-View 3D Reconstruction

Multi-view 3D reconstruction typically relies on multi-view stereo
(MVS), which reconstructs the visible surface of an object by tri-
angulating between multiple views. MVS-based methods can be
broadly classified into three categories: depth map-based meth-
ods [CVHCO08, SZFP16, CBZ*22, RWZ*23, LHC24], voxel grid-
based methods [KS00, YLL*19, CXZ*21], and point cloud-based
methods [FP09, CHXS19]. These methods generally operate by
taking multi-view images and constructing a 3D cost volume
through the unprojection of 2D multi-view features into plane
sweeps. However, they all depend on the availability of cam-
era parameters with the input multi-view images, either pro-
vided during data acquisition or estimated using Structure-from-
Motion (SFM) [SF16,JCT13] for in-the-wild reconstructions. Con-
sequently, these methods often fail when handling sparse-view in-
puts without known camera poses. In contrast, our approach lever-
ages the RCM representation, enabling 3D generation from uncali-
brated and unposed sparse inputs, thereby offering a robust solution
for real-world applications.

2.2. Radiance Field Reconstruction

Neural radiance fields (NeRF) [MST*21] have recently driven sig-
nificant advancements in radiance field methods, achieving state-
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Figure 3: Pipeline Overview of LucidFusion. Our framework processes a set of sparse, unposed multi-view images as input. The model predicts the RCM
representation for the input images. Additionally, the feature map from the nal layer of the encoder is fed into a decoder network to extend the RCM
representation to RCG. The RCG is then rendered at novel views and supervised with ground truth images.

of-the-art performance [CX21, WWG 21, GHZ 23]. These ap- corporating a differentiable PnP module to predict poses from
proaches optimize radiance eld representations through differen- multi-view images for 3D reconstruction. iFusion [WCX3] lever-
tiable rendering, diverging from traditional MVS pipelines, yetthey ages Zero123 [LXJ24] predictions within an optimization-based
still rely on dense sampling for precise reconstruction. To address pipeline to align poses. SpaRP [XL24] employs a coordinate-
sparse-view challenges in NeRF, recent works have incorporatedmap representation with a generative diffusion model but relies on
regularization terms [NBM22, WCLL23] or leveraged geometric  an additional PnP solver for re nement and is limited to no more
priors [CXZ 21, YPW23]. However, these methods continue to re- than 6 views. Dust3R [WLC24] and MASt3R [LCR24] gener-
quire image samples with known camera poses. Another researchate point cloud representations and showcase outstanding 3D re-
direction explores SDS-based optimization techniques, distilling construction performance from multi-view images. However, both
detailed information from 2D diffusion models into 3D represen- of them are only generalizable in local pair-wise views and re-
tations [PIBM22, WLW24,LYL 24], which enables the rendering  quire global alignment to merge the point clouds. In contrast, our
of high- delity scenes but requires lengthy optimization for each regression-based method accommodates an arbitrary number of un-
individual scene. In contrast, our approach eliminates the need for posed inputs, providing a more ef cient rendering pipeline while
known camera poses and operates in a feed-forward manner, supmaintaining high-quality results for practical 3D reconstruction.
porting generalizable 3D generation without extensive optimiza-

tion. 3. Method
) i LucidFusion is a feed-forward 3D reconstruction model that pro-
2.3. Unconstrained Reconstruction cesses one tN unposed images, recovering pose and object Gaus-

Large Reconstruction Model (LRM) [HZ@3] introduced a  Sians. In Sec. 3.1, we rst examine how existing reconstruction
triplane-based approach combined with volume rendering, demon-models are formulated. Building on these insights, Sec. 3.2 intro-
strating that a regression model can robustly predict a neural radi- duces thekelative Coordinate Map (RCMa novel representation
ance eld from a single-view image and thus reduce dependence directly regressed from input images that enables pose estimation
on camera poses. Subsequent works [L2Z, SCZ 23, SWY 23, and 3D reconstruction without explicit pose information. Sec.3.3
XTL 23,TCC 24,ZBT 24] have leveraged diffusion models to ex-  €xtends RCM intRelative Coordinate Gaussians (RC@ 3D

tend single-view inputs to multi-view inputs, bypassing the need for Gaussian Splatting [KKLD23], enforcing global 3D consistency
camera poses. However, many of these approaches rely on xedthrough a rendering loss. Finally, Sec. 3.4 presents our two-stage
viewpoints (e.g.front, back, left, righy, limiting their applicability training strategy for ef cient 3D reconstruction.

in real-world scenarios.

Another line of research explores pose-free 3D reconstruc- 3.1. Preliminary

tion using uncalibrated images as direct input. Several ap- Extending a reconstruction pipeline from a single image to multi-
proaches [LZRT24, JJGZ24] regress camera poses through netple images introduces several challenges. We abstract the 3D re-
work predictions, while PF-LRM [WTB23] adapts LRM by in- construction problem as a mapping task: with a single image, the
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Letfligl ; be a set oN input images, each 2 R" W 3 we
de ne RCMfor each image a; 2 R W 2 whereM; contains
the 3D coordinates corresponding to each pixdiinTo help the
model learn these coordinates from arbitrary viewpoints, we project
all N images into the coordinate system of a randomly chosen input
view. This random selection encourages generalization of different
viewpoints.

Concretely, for each input view, we have a camera s
R* 4 and an intrinsic matri¥K 2 R* # (both in homogeneous
form), as well as a depth mdp 2 R™ Y. We then randomly se-
lect one of these poseBain, as the main camera pose. We de ne
the main camera's RCM as:

Mmain = Pmainpm;inK ! Dmain; 1)

Figure 4: Visualization of stage 1 and stage 2 results. which simpli es to

_wk 1 .
primary goal is to extract geometric information for object gen- Mmain= K~ Dmain L)
eration, whereas with multiple images, both mapping and scaling within its own camera coordinate frame. For the remairiihg 1
issues arise. This mapping can be performed explicitly, as in tradi- views, we transform each one into the main camera'’s coordinates:
tional MVS-based methods [YLL18,CXZ 21], or implicitly, as in 1, 1 e e, )
LRM-based approaches [HZ@3]. However, both strategies typ- M;j = PmainP; “K Dji J=123:5N L @)
ically rely on pose estimation, where images must either be pre- with the RCM values constrained fo 1; 1]. To further enforce 3D
posed or restricted to speci c viewpoints, limiting the pipeline’'s consistency across multiple views, we concatenate all input im-
exibility. In contrast, we propose a method that performs the map- ages along the width dimensitt, allowing the model to use self-
ping end-to-end without relying on explicit pose information. attention to integrate multi-view information.

We argue that a key challenge in multi-view reconstruction is ~ The RCM representation offers several key advantages. First, as
ensuring consistent geometric feature estimation across differentan image-basedepresentation, it bene ts from pre-trained foun-
viewpoints, while also preserving scale-wrapping relationships. dation models, thereby simplifying the learning process. Second,
From this perspective, pose is merely an intermediate variable thatRCM preserves a one-to-one mapping between image pixels and
performs the mapping. If pose information is embedded in the re- their corresponding 3D points, effectively capturing the geome-
gression objective itself, it can be bypassed, thereby improving try as a point cloud. Finally, since each RCM explicitly repre-
overall usability and reducing the pipeline's complexity. sents the position (x,y,z) of every pixel, we can compute the pose
xj for each viewM; using a standard Perspecitive-n-Point (PnP)

Building on this idea, Canonical Coordinate Map ) . S
solver [Tea25], enabling relative pose estimation.

(CCM) [LCCT23] represents a natural approach by embed-
ding pose information directly into an image's pixel values.
However, when regressing CCM from multi-view inputs, the 3.3. Relative Coordinate Gaussians
model must operate under a world-coordinate convention and

therefore simultaneously infer both orientation and geometry. = ' ' -
This limitation becomes evident in our pilot study, where we to-image model directly for unconstrained 3D reconstruction. How-

regress a model using CCM (see the middle row of Fig. 2): the €Ver,we observe that naively performing this mapping often results

same object parts—such as a sheep's head and tail—should retai inconsistent and noisy outputs as shown in Fig. 4, primarily due
consistent colors across all views. This semantic information is © the lack of 3D prior supervision thatis crucial for maintaining 3D
crucial for indicating an object's orientation in world space. Any consistency. To address this, we integrate 3D Gaussians [SRV24]

misalignment suggests that the model fails to accurately align the With the relative coordinate map, forming what we call Relative
2D multi-view inputs in 3D space. Coordinate Gaussians (RCG)

Building on relative coordinate maps, one could train a 2D image-

Speci cally, we take the relative coordinates as the center of each
Gaussian point. Beyond simply regressing the 3D position, we also
regress the Gaussian parameters. Since the RCG is pixel-aligned,
For a reconstruction task, however, it is more important to maintain we can seamlessly expand the network's output channels from 3 to
3D consistency across input views than to learn an object's canon- 14. These additional channels encode the sséBchannels), the
ical orientation. Hence, we propose tRelative Coordinate Map rotation quaterniomot (4 channels), and the opaciy(1 channel).
(RCM), which transforms each view's coordinates to align with the With these Gaussian parameters, we employ differentiable rasteri-
coordinate system of a selected “main” view. As shown in the bot- zation from arbitrary viewpoints, supervised by ground-truth im-
tom row of Fig. 2, this transformation resolves orientation ambigui- ages rather than solely by per-view coordinate predictions. This
ties in our pilot study, making it more suitable for the reconstruction global rendering loss enforces consistency across views and yields
task. smoother, more coherent reconstructions, as shown in Fig. 4.

3.2. Relative Coordinate Map
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3.4. Two Stage Training

We observe that jointly optimizing both the Relative Coordinate
Map (RCM) and the rendering objective often leads to training
instability. As illustrated in Fig. 5, the network fails to localize
the object geometry accurately and maintain multi-view consis-
tency, resulting in misalignments or empty holes of the object. This
arises because the model must simultaneously reason about per-
pixel alignment and global 3D consistency, creating con icting ob-
jectives during training. To overcome this challenge, we adopt a
two-stage training scheme. In Stage 1, we train the network on the
RCM representation and using stable diffusion—based prior simi-
lar to [HLY 24], enabling it to learn robust mappings from the in-
put images to the RCM. In Stage 2, we expand the learned RCM
into the RCG representation and incorporate a differentiable ren-
dering loss to enforce 3D consistency. By decoupling these learning
stages, we alleviate the tension between local pixel alignment and
global geometry constraints, substantially stabilizing the training Figure 5: Comparison with single and two-stage training. For single stage,

process. the model struggles to predict Gaussian locations.
3.4.1. Stage 1 training Thus, the overall loss for Stage 2 is given by
We try to train a network to learn RCM representation. Eéte the L=Lgpt La: (10)

network mappind\ RGB imaged I;g]\ ;, wherel; 2 R? W 3 to
their corresponding RCMs1; 2 R" W 3. Formally,

Mi=E(l); i=123:0N: )

3.4.3. Pose Estimation

As we discussed, since the center of RCG is de ned as the spatial
We obtain ground truth RCMs from Eq. 3 and supervise the pre- coordinates of each pixel, we can estimate the camera pose by mini-

dicted RCMsM; via MSE loss: mizing the reprojection error of 3D-2D point correspondences. As-
N sumegq;;j represents 3D point location (x,y,z) in RCM vieyand
Lrem = % é_ Lmse(Mi;M;): (5) pi;j represents 2D pixel location abof the RCM viewi, we have:
i=1
N
After Stage 1, the network serves as a base model that reliably Xi = argminé_ jiProj(R qi;j + i) pi;jjjz; (11)
transforms input images into RCMs. i=1
whereR;;t; are the rotation and translation matrix, adepresents
3.4.2. Stage 2 training number of pixels in each of the RCM. We use the RANSAC
scheme in OpenCV [Tea25] and lter out non-informative white

We then extend the output layer to introduce RCGs as Sec. 3.3. ; . L
Speci cally, We extract an intermediate feature niap RE W background points from affecting the pose prediction. We present
pect cally, these results in Sec. 4.2.

from E, which is passed to a decod@rto predict the 14-channel
RCGsQ;:

Qi = G(f): ©6) 4. Experiment

Qi = (Mi:1;+ ds:roti;si): @) In this section, we rst explain our trgini_ng and testing (_Jlatasets in
Sec. 4.1. We then make both quantitative and qualitative compar-
isons against different baselines in Sec. 4.2. Finally, we explain our

We renderl; supervision views using a differentiable ren- : =y
design choice in Sec. 4.3.

derer [KKLD23], and supervise it with its ground-truth viéw To
enforce visual delity, we adopt a combination of MSE loss, SSIM

loss from [KKLD23], and VGG-based LPIPS loss [ZIEB]: 4.1. Experimental Setting

Ligh= (11 )LMSE(ii; i) 4.1.1. Datasets

* LSS'MEI“ i) (®) We train our model on a subset of Objaverse [D&J dataset, as

+ Lupis(liz1i); there are many low-quality 3D shapes in the original set. The nal
training data contains approximately 98K 3D objects. For each 3D
object, we generate a total of 90 views with different elevations.
?Juring training,N views are randomly sampled from these 90 im-
ages. The rendered images have a resolution of P2 and are
La= Lmse(i®;18): (9) generated under uniform lighting conditions.

wherel = 0:2, following [KKLD23]. To further accelerate conver-
gence and enhance object boundaries, we also apply an MSE los
to the alpha channel [TCQ4]:
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