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Figure 1. DiffusionSfM. Top: Given a set of multi-view images (left), DiffusionSfM represents scene geometry and cameras (right) as
pixel-wise ray origins and endpoints in a global frame. It learns a denoising diffusion model to infer these elements directly from multi-
view inputs. Unlike traditional Structure-from-Motion (SfM) pipelines, which separate pairwise reasoning and global optimization into
two stages, our approach unifies both into a single end-to-end multi-view reasoning framework. Bottom: Example results of inferred scene
geometry and cameras for two distinct settings: a real-world outdoor scene (left) and a synthetic indoor scene (right).

Abstract

Current Structure-from-Motion (SfM) methods typically fol-
low a two-stage pipeline, combining learned or geometric
pairwise reasoning with a subsequent global optimization
step. In contrast, we propose a data-driven multi-view rea-
soning approach that directly infers 3D scene geometry and
camera poses from multi-view images. Our framework, Dif-
fusionSfM, parameterizes scene geometry and cameras as
pixel-wise ray origins and endpoints in a global frame and
employs a transformer-based denoising diffusion model to
predict them from multi-view inputs. To address practical
challenges in training diffusion models with missing data
and unbounded scene coordinates, we introduce specialized
mechanisms that ensure robust learning. We empirically
validate DiffusionSfM on both synthetic and real datasets,
demonstrating that it outperforms classical and learning-
based approaches while naturally modeling uncertainty.
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1. Introduction

The task of recovering structure (geometry) and motion
(cameras) from multi-view images has long been a focus of
the computer vision community, with typical pipelines [25]
performing pairwise correspondence estimation followed
by global optimization. While classical methods relied on
hand-designed features, matching, and optimization, there
has been a recent shift towards incorporating learning-based
alternatives [5, 6, 14, 23]. More recently, the widely in-
fluential DUSt3R [36] advocates for predicting pairwise
3D pointmaps (instead of only correspondences), demon-
strating that this can yield accurate dense geometry and
cameras. In order to reconstruct more than two views,
DUSt3R (and its variants [10]) still require a global opti-
mization reminiscent of classic bundle adjustment. While
these methods, both classical and learning-based, have led
to impressive improvements in SfM, the overall approach
is largely unchanged — learned or geometric pairwise rea-
soning followed by global optimization. In this work, we
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seek to develop an alternative approach that directly predicts
both structure and motion, unifying pairwise reasoning and
global optimization into a single multi-view framework.

We are of course not the first to attempt to find unified al-
ternatives to the two-stage SfM pipeline. In the sparse-view
setting where conventional correspondence-based methods
struggle, several works employ multi-view architectures to
jointly reason across input images. SparsePose [26], Rel-
Pose++ [12], and PoseDiffusion [34] all leverage multi-
view transformers to estimate camera pose for input im-
ages, albeit using differing mechanisms such as regression,
energy-based modeling, and denoising diffusion. More re-
cently, RayDiffusion [4 1] argues for a local raymap parame-
terization of cameras instead of a global extrinsic matrix and
shows that existing patch-based transformers can be easily
adapted for this task, yielding significantly more accurate
pose predictions. Importantly, such methods predict only
camera motion and fail to predict scene structure.

In this work, we present DiffusionSfM, an end-to-end
multi-view model that directly infers dense 3D geometry
and cameras from multiple input images. Instead of infer-
ring (depth-agnostic) rays per image patch (as in RayDiffu-
sion [41]) or 3D points per pixel (as in DUSt3R [36]), Dif-
fusionSfM effectively combines both to predict ray origins
and endpoints per pixel, directly reporting both scene geom-
etry (endpoints) and generalized cameras (rays). These can
readily be converted back to traditional cameras [41]. Com-
pared to RayDiffusion, our model directly predicts structure
as well as motion at a finer scale (pixel-wise v.s. patch-
wise). Compared to DUSt3R, our model directly predicts
motion as well as structure but, even more importantly, does
so for N views, eliminating the need for memory-intensive
global alignment. To model uncertainty, we train a denois-
ing diffusion model but find two key challenges that need
to be addressed. First, diffusion models require (noisy)
ground truth as input for training, but existing real datasets
do not have known endpoints for all pixels due to missing
depth in multi-view stereo. Second, the 3D coordinates of
endpoints can be potentially unbounded, whereas diffusion
models require normalized data. We develop mechanisms
to overcome these challenges, leveraging additional “GT
mask conditioning” as input to inform the model of missing
input data and parameterizing 3D points in projective space
instead of Euclidean space. We find these strategies allow
us to learn accurate predictions for structure and motion.

We train and evaluate DiffusionSfM on real-world and
synthetic datasets [21, 24, 42] and find that it can infer ac-
curate geometry and cameras for both object-centric and
scene-level images (see Fig. 1). In particular, we find that
DiffusionSfM yields more accurate camera estimates com-
pared to prior work across these settings while also model-
ing the underlying uncertainty via the diffusion process. In
summary, we show that DiffusionSfM can serve as a unified

multi-view reasoning model for 3D geometry and cameras.

2. Related Work

Structure from Motion. Structure-from-Motion (SfM)
systems [25] aim to simultaneously recover geometry
and cameras given a set of input images. The typical
SfM pipeline extracts pixel correspondences from key-
point matching [2, 16], and performs global bundle ad-
justment (BA) to optimize sparse 3D points and camera
parameters by minimizing reprojection errors. Recently,
StM pipelines have been substantially enhanced by replac-
ing classical subcomponents with learning-based methods,
such as neural feature descriptors [6, 8], keypoint matching
[15, 23, 30], and bundle adjustment [13, 32].

More recently, an emerging body of research aims to

unify the various SfM subcomponents into an end-to-end
neural framework. Notably, ACEZero [3] fits a single neu-
ral network to input images and learns pixel-aligned 3D
coordinates in a self-supervised manner, while FlowMap
[27] predicts per-frame cameras and depth maps using off-
the-shelf optical flow as supervision. Though ACEZero
and FlowMap are promising attempts to revolutionize StM
pipelines, they both register images incrementally and may
suffer under large viewpoint changes. DUSt3R [36] di-
rectly regresses 3D pointmaps from image pairs and shows
strong generalization ability [1 1, 21]. Building on DUSt3R,
MASt3R [10] introduces a feature head, offering pixel-
matching capabilities. MASt3R-SfM [7] is a more scalable
StM pipeline based on MASt3R. While these approaches
[7, 10, 36] show impressive performance and robustness un-
der sparse views, they are essentially pair-based, requiring
sophisticated global alignment procedures to form a consis-
tent estimate for more than two views.
Pose Estimation with Global Reasoning. For the task
of sparse-view pose estimation, learning-based methods
equipped with global reasoning show favorable robustness
where traditional SfM methods [25, 28] fail. This line of
research includes energy-based [12, 40], regression-based
[26], and diffusion-based pose estimators [34, 41]. Among
them, diffusion-based methods show a better ability to han-
dle uncertainty [41]. Closest to our work, RayDiffusion
[41] leverages a denoising diffusion model [9, 19] with a
patch-aligned (depth-unaware) ray representation to predict
generic cameras. Our method goes further and pursues a
generic representation for both geometry and cameras in the
form of ray origins and endpoints for each pixel. In addition
to resulting in a richer output, this joint geometry and pose
prediction also yields improvements for pose estimation.

3. Method

Given a set of sparse (i.e., 2-8) input images, DiffusionStM
predicts the geometry and cameras of a 3D scene in a global
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Figure 2. Method. Given sparse multi-view images as input, DiffusionSfM predicts pixel-wise ray origins and endpoints in a global frame

(Sec.

3.1) using a denoising diffusion process (Sec. 3.2). For each image, we compute patch-wise embeddings with DINOv2 [18] and

embed noisy ray origins and endpoints into latents using a single downsampling convolutional layer, ensuring alignment with the spatial
footprint of the image embeddings. We implement a Diffusion Transformer architecture that predicts clean ray origins and endpoints from
noisy samples. A convolutional DPT [20] head outputs full-resolution denoised ray origins and endpoints. To handle incomplete ground
truth (GT) during training, we condition the model on a GT mask (Sec. 3.3). At inference, the GT mask is set to all ones, enabling the
model to predict origins and endpoints for all pixels. The predicted ray origins and endpoints can be directly visualized in 3D or post-
processed to recover camera extrinsics, intrinsics, and multi-view consistent depth maps.

coordinate frame. In Sec. 3.1, we propose to represent 3D
scenes as dense pixel-aligned ray origins and endpoints. To
predict such scene representations from sparse input images
while modeling uncertainty, Sec. 3.2 proposes a denoising
diffusion architecture. We then discuss some key practical
challenges in training such a model in Sec. 3.3.

3.1. 3D Scenes as Ray Origins and Endpoints

Given an input image I € R *W>3 with a depth map D €
RHXW camera intrinsics K € R3*3, and world-to-camera
extrinsics T € R*** (equivalently, rotation R € SO(3)
and translation t € R3), each 2D image pixel P;; = [u, v]
corresponds to a ray that travels from the camera center c
through the pixel’s projected position on the image plane,
terminating at the object’s surface as specified by the depth
map D. The endpoint of the ray associated with image pixel
P;; is given by:

E;;=T 'h(Dy -K!

[u,v,1]7) (1

where h maps the 3D point into homogeneous coordinates.
The shared ray origin O;; for all pixels is equivalent to the
camera center ¢, and can be computed as:

Oij =c=h (—R_lt) (2)

In summary, we associate each image pixel with a ray ori-
gin and endpoint S;; = (O,;, E;;) in world coordinates,
describing the location of the observing camera and the ob-
served 3D point on the object surface. Given a bundle of
ray origins and endpoints, we can easily extract the corre-
sponding camera pose [41].

Learning Over-Parameterized Representations. We rep-
resent 3D scenes and cameras using distributed ray ori-
gins O and endpoints E rather than global alternatives such
as quaternions and translation vectors. This design is in-
spired by RayDiffusion [41], and it facilitates the use of the
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distributed deep features learned by state-of-the-art vision
backbones, such as DINOv2 [18], which encode image in-
formation in a patch-wise manner. Notably, while ray ori-
gins O should ideally be identical across all pixels, we pre-
dict them densely alongside ray endpoints E. This encour-
ages ray origins to remain close within the same image, pro-
viding implicit regularization during training. Practically,
predicting both ray origins and endpoints simultaneously is
easy to implement using a single projection head.

3.2. DiffusionSfM

We propose a denoising Diffusion Transformer (DiT) ar-
chitecture [19] that predicts ray origins and endpoints (Sec.
3.1) via a denoising diffusion process. An overview of Dif-
fusionSfM is given in Fig. 2.

Diffusion Framework. Given pixel-aligned ray origins and
endpoints S = stack({S™})_,) associated with a set of
N input images, we apply a forward diffusion process [9,
29] that adds time-dependent Gaussian noise to them. Let
S; denote the noisy ray origins and endpoints at timestep ¢,
where Sy is the clean sample and Sp (at the final diffusion
step 1) approximates pure Gaussian noise. The forward
diffusion process is defined as:

=V So+V1-ae 3)

where ¢t ~ Uniform(0,7], ¢ ~ N(0,1), and &; follows
a pre-defined noise schedule that controls the strength of
added noise at each timestep. To perform the reverse dif-
fusion process, which progressively reconstructs the clean
sample given noisy observations, we train a diffusion model
fo that takes S; as input and optionally incorporates addi-
tional conditioning information C. The model is trained us-
ing the following loss function (with the “x(” objective):
— fo(Si,t,0)|1? )

Lopitfusion = Et s,,¢llSo



Architecture. We implement fy using a DiT [19] architec-
ture conditioned on deep image features C € RN xhxwxer
from DINOV2 [18], where h and w are the patch resolution
and c; is the embedding dimension. To align pixels to the
spatial information learned by DINOv2, we apply a convo-
lutional layer with kernel size and stride equal to ViT patch
size: this spatially downsamples the noisy ray origins and
endpoints S; to match the DINOv2 features while increas-
ing their feature dimension:

F = Conv(8;) € RNV xhxwxes (5)

The combined DiT input is constructed by concatenating
these two feature sets along the channel dimension: F &
C. Within DiT, patch-wise features attend to others through
self-attention [33]. To distinguish between different images
and their respective patches, we apply sinusoidal positional
encoding [33] based on image and patch indices.

While the DiT operates on low-resolution features, our
objective is to produce pixel-aligned dense ray origins and
endpoints. To achieve this, we employ a DPT (Dense Pre-
diction Transformer) [20] decoder, which takes intermedi-
ate feature maps from both DINOv2 and DiT as inputs. The
DPT decoder progressively increases the feature resolution
through several convolutional layers. The final ray origins
and endpoints are decoded from the DPT output using a
single linear layer. During inference, we apply the trained
model in the reverse diffusion process to iteratively denoise
a randomly initialized Gaussian sample.

3.3. Practical Training Considerations

Homogeneous Coordinates for Unbounded Geometry.
Real-world scenes often exhibit significant variations in
scale, both across different scenes and within a single scene.
While normalizing by the average distance of 3D points
[36] helps address cross-scene variation, within-scene vari-
ations remain. For instance, a background building may be
much farther away than foreground elements, potentially re-
sulting in extremely large coordinate values when generat-
ing ground-truth ray origins and endpoints. However, neu-
ral networks (especially diffusion models) tend to train most
effectively when working with bounded inputs and outputs
(e.g., between -1 and 1). To stabilize training across the
large scale variations present in 3D scene datasets, we pro-
pose to represent ray origins and endpoints in homogeneous
coordinates. Specifically, given any 3D point, we apply a
homogeneous transform from R? — P3:

1
(£E7y,Z) — E(xayvzvl) (6)

where w is an arbitrary scale factor. To encourage bounded
coordinates in practice, we choose w such that the homoge-
neous coordinate is unit-norm:

wi=x2+y2+22+1 @)
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Unit normalization allows homogeneous coordinates to
serve as a bounded representation for unbounded scene ge-
ometry. For example, (z,y, z,0) is a point at infinity in the
direction of (x, y, z). We find that this representation makes
large coordinate values more tractable during training.
Training with Incomplete Ground Truth. Many real-
world datasets (e.g., CO3D [21] and MegaDepth [11]), pro-
vide only sparse point clouds, leading to incomplete depth
information. This presents a significant challenge in dif-
fusion training, as ground-truth (GT) depth values that are
used to create clean ray endpoints often contain invalid or
missing data. It is highly undesirable for these missing ray
endpoints to be interpreted as part of the target distribution.
Unlike regression models (e.g., DUSt3R [36]), which do
not require (noisy) GT data as input and can simply apply
a mask on the loss for supervision, diffusion models must
handle incomplete inputs during training.

To mitigate this issue, we further apply GT masks M &
RNXHXW {4 the DiT inputs, where zero values indicate
pixels with invalid depth. During training, we multiply DiT
inputs with GT masks element-wise, then concatenate along
the channel dimension: S; = (M -S;) & M. Then, we only
compute the diffusion loss in Eq. 4 over unmasked pixels.
By implementing these strategies, we encourage the model
to focus on regions with valid GT values during training.
During inference, however, we would like the diffusion pro-
cess to estimate ray endpoints at all pixels, so we always use
GT masks with values set to one.

Sparse-to-Dense Training. In practice, we find that train-
ing the entire model from scratch leads to slow convergence
and suboptimal performance. To address this, we propose a
sparse-to-dense training approach. First, we train a sparse
version of the model, where the DPT decoder is removed,
and the output ray origins and endpoints have the same spa-
tial resolution as the DINOv2 features. Unlike Eq. 5, no
spatial downsampling is required, so this sparse model uses
a single linear layer to embed the noisy ray origins and end-
points. Once the sparse model is trained, we initialize the
dense model DiT with the learned weights from the sparse
model. This two-stage approach significantly improves per-
formance; see the supplementary material for comparisons.

4. Experiments

4.1. Experimental Setup

Datasets. We introduce two model variants, each trained
on different datasets. (1) DiffusionSfM-CO3D: Following
prior work [12, 41], we train and evaluate our model on the
CO3D dataset [21], which consists of turntable video se-
quences of various object categories. Specifically, we train
on 41 object categories and evaluate on both these seen cate-
gories and an additional 10 unseen categories to assess gen-
eralization. (2) DiffusionSfM: This variant is trained on the
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Figure 3. Qualitative Comparison on Camera Pose Accuracy and Predicted Geometry. For each method, we plot the ground-truth
cameras in black and the predicted cameras in other colors. DiffusionSfM demonstrates robust performance even with challenging inputs.
Compared to DUSt3R, which sometimes fails to register images in a consistent manner, DiffusionSfM consistently yields a coherent global
prediction. Additionally, while we observe that DUSt3R can predict highly precise camera rotations, it often struggles with camera centers
(see the backpack example). Input images depicting scenes are out-of-distribution for RayDiffusion, as it is trained on CO3D only.

datasets used for DUSt3R [36], excluding Waymo [31] due
to its excessively sparse depth maps. The included datasets
are Habitat [24], CO3D [21], ScanNet++ [39], ArkitScenes
[1], Static Scenes 3D [17], MegaDepth [11], and Blended-
MYVS [38]. We follow the DUSt3R official repository [37]
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guidelines to extract image pairs, ensuring reasonable over-
lap between paired images. To construct multi-view data
given these pre-computed pairs, we iteratively sample im-
ages using an adjacency matrix, maintaining sufficient over-
lap with the selected set. Beyond CO3D, this model variant
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Figure 4. Additional Qualitative Results on Predicted Camera Poses. DiffusionSfM shows robustness to ambiguous patterns in inputs.

is also evaluated on Habitat and RealEstate10k [42].

Baselines and Metrics. To evaluate camera pose accu-
racy in the sparse-view setup, we compare with RayDif-
fusion [41] and DUSt3R [36], along with previous meth-
ods [12, 22, 34]. DUSt3R is trained initially on a mix-
ture of eight datasets, while most other baselines are trained
only on CO3D. For a fair and comprehensive comparison,
we re-train DUSt3R on the 41-10 split of CO3D, using
the authors’ official implementation [37] and hyperparam-
eters (referred to as DUSt3R-CO3D). To evaluate camera
predictions, we follow prior work [41] and convert pre-
dicted rays back to traditional extrinsic matrices and report
two pose accuracy metrics: (1) Camera Rotation Accuracy
which compares the predicted relative camera rotation be-
tween images against ground truth and (2) Camera Center
Accuracy which compares predicted camera centers to the
ground truth after a similarity alignment. To evaluate the
estimated geometry (i.e., ray endpoints), we report Cham-
fer Distance (CD). Additionally, to explore whether com-
bining an off-the-shelf sparse-view pose estimation method
(RayDiffusion) with a monocular depth estimation model
(MoGe [35]) is sufficient to infer 3D scene geometry from
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multiple images, we introduce a new baseline, RD+MoGe.
We include more details in the supplementary. Unless oth-
erwise specified, all evaluations use 2—8 input images.

4.2. Evaluation on CO3D

Camera Pose Accuracy. We present the quantitative re-
sults in Tab. 1. For camera rotation accuracy, both ver-
sions of DiffusionSfM outperform all baselines, except
that DUSt3R achieves slightly higher overall accuracy than
DiffusionSfM-CO3D on unseen categories — likely due to
its training on more data. For camera center accuracy, our
approach consistently outperforms all other methods. We
hypothesize that these gains stem from our explicit model-
ing of camera centers through ray origin prediction. The
qualitative results in Fig. 3 illustrate that DiffusionSfM pro-
duces robust predictions given challenging inputs, whereas
DUSt3R produces inaccurate results. We attribute this im-
provement to our model’s probabilistic modeling capability
derived from diffusion, as well as its multi-view reasoning
abilities, which together effectively handle these challeng-
ing scenarios. While we observe that DUSt3R can predict
highly precise camera rotations, it often struggles with cam-



Rotation Accuracy (1, @ 15°) Center Accuracy (T, @ 0.1)

# of Images 2 3 4 5 6 7 8 2 3 4 5 6 7 8

COLMAP [22] 30.7 284 265 268 270 281 306|100 345 238 189 156 145 15.0
g PoseDiffusion [34] 757 764 768 774 78.0 787 788 | 100 775 69.7 659 637 628 619
'S RelPose++ [12] 81.8 828 84.1 847 849 853 855|100 850 780 742 719 703 68.8
%’J RayDiffusion [41] 91.8 924 926 929 931 933 933 | 100 942 905 87.8 862 850 84.1
S DUSBR-CO3D[36] | 86.7 879 880 882 88.6 888 889 | 100 920 868 838 82.0 81.1 804
§ DUSIt3R [36] 91.7 927 933 936 938 940 943|100 930 857 819 796 778 76.8
v DiffusionSfM-CO3D | 93.4 940 945 948 95.0 952 951 [ 100 959 936 922 912 90.7 90.2

DiffusionSfM 924 935 940 945 947 951 952 | 100 953 929 919 912 90.8 90.1

COLMAP [22] 345 31.8 31.0 31.7 327 350 385|100 360 255 200 179 176 19.1
& PoseDiffusion [34] 632 642 642 657 662 67.0 677|100 63.6 50.5 457 430 412 399
§n RelPose++ [12] 69.8 71.1 719 728 738 744 749 | 100 70.6 588 534 504 478 46.6
£ RayDiffusion [41] 83,5 856 863 869 872 875 881 | 100 877 81.1 77.0 741 724 714
L:) DUSt3R-CO3D [36] | 79.8 81.5 82.6 827 830 833 837 | 100 836 772 71.8 700 68.1 67.0
§ DUSIt3R [36] 90.8 926 936 93.6 938 93.6 934 | 100 879 798 743 71.7 694 67.8
5 DiffusionSftM-CO3D | 90.4 912 927 93.0 93.1 933 935 | 100 91.1 87.7 853 837 827 820

DiffusionSfM 915 928 93.6 939 941 942 944 | 100 924 879 862 853 84.1 834

Table 1. Camera Rotation and Center Accuracy on CO3D. On the left, we report the proportion of relative camera rotations within 15°
of the ground truth. On the right, we report the proportion of camera centers within 10% of the scene scale, relative to the ground truth.
To align the predicted camera centers to ground truth, we apply an optimal similarity transform (s, R, t), hence the alignment is perfect
at N = 2 but worsens with more images. DiffusionSfM outperforms all other methods for camera center accuracy, and outperforms all

methods trained on equivalent data for rotation accuracy.

era centers (see the backpack example). Additional qualita-
tive results on camera accuracy are provided in Fig.4.

Predicted Geometry. To evaluate predicted geometry, we
compute Chamfer Distance (CD) and show comparisons
against baselines in Tab. 2. We compute CD in two se-
tups (with and without foreground object mask), and find
that DiffusionSfM-CO3D performs best without foreground
masking. In this setup, the predicted ray endpoints cor-
responding to the background image pixels tend to have
larger coordinate values than foreground ones, and there-
fore dominate CD. This result indicates that our model pro-
vides more accurate predictions for complex image back-
grounds. In terms of CD with masking, DUSt3R achieves
the best result, while our two model variants outperform
DUSt3R-CO3D. See Fig. 3 for visualization. We also no-
tice that naively combining RayDiffusion poses with esti-
mated depths from MoGe does not work well, as the in-
ferred depths are potentially inconsistent across different
views, thus resulting in degraded performance.

4.3. Evaluation on Scene-Level Datasets

Beyond the object-centric CO3D dataset [21], we compare
DiffusionSfM against DUSt3R on two scene-level datasets:
Habitat (in-distribution) [24] and RealEstate10k (out-of-
distribution) [42]. The results are presented in Tab. 3. While
DiffusionSfM achieves comparable camera rotation accu-
racy to DUSt3R, it consistently predicts more accurate cam-
era centers, aligning with our findings on CO3D.

# of Images 2 3 4 5 6 7 8

RD*+MoGe [41] 0.059 0.064 0.071 0.062 0.063 0.061 0.061
DUStR* [36]  0.036 0.037 0.040 0.040 0.037 0.036 0.039
DUS®3R [36] 0.021 0.023 0.024 0.024 0.025 0.025 0.023
DiffusionSfM*  0.019 0.021 0.022 0.022 0.021 0.021 0.021
DiffusionSfM  0.025 0.025 0.025 0.025 0.026 0.025 0.028

RD*+MoGe [41] 0.071 0.075 0.068 0.067 0.066 0.064 0.064
DUSt3R* [36]  0.038 0.036 0.036 0.036 0.034 0.033 0.034
DUSt3R [36] 0.023 0.022 0.019 0.020 0.019 0.020 0.020
DiffusionStM*  0.028 0.025 0.024 0.024 0.024 0.023 0.022
DiffusionSfM  0.027 0.024 0.023 0.022 0.022 0.022 0.021

Table 2. Chamfer Distance () on CO3D Unseen Categories.
Top: CD computed on all scene points. Bottom: CD computed
on foreground points only. Models marked with “*” are trained on
CO3D only, while those without are trained on multiple datasets.
Note that top and bottom values are not directly comparable, as
each ground-truth point cloud is individually normalized.

4.4. Inference Speed

Though our method requires iterative diffusion denoising at
inference, we can speed this up by performing early stop-
ping. Specifically, we can treat the z-prediction from early
timesteps as our output instead of iterating over all denois-
ing timesteps. Consistent with observations by Zhang et
al. [41], this in fact yields more accurate predictions than
the final-step diffusion outputs. As a result we only require
10 denoising diffusion timesteps for inference, taking 1.91

6323



< DUSt3R 97.0/100 95.0/97.6 94.3/95.0 94.2/93.1

T DiffusionSftM  92.6/100 93.7/99.1 94.2/98.8 94.9/98.6

< DUSt3R 98.1/100 97.7/68.7 97.6/57.9 97.7/53.3

& DiffusionSfM  97.8/100 97.5/75.6 97.7/66.2 97.9/61.9
Table 3. Camera Rotation and Center Accuracy on Two

Scene-Level Datasets. Top: Habitat (2-5 views). Bottom:
RealEstate10k (2, 4, 6, 8 views). Each grid reports camera ro-
tation accuracy (left, 1) and center accuracy (right, 1). While Dif-
fusionSfM performs on par with DUSt3R in rotation accuracy, it
consistently surpasses DUSt3R in center accuracy.

# of Images 2 3 4 5 6 7 8

DiffusionSfM* 0.019 0.021 0.022 0.022 0.021 0.021 0.021
w/o Mask 0.020 0.022 0.023 0.023 0.022 0.022 0.024

Table 4. Ablation Study on GT Mask Conditioning for CO3D
Unseen Categories. We assess the effect of replacing GT mask
conditioning with depth interpolation in our CO3D variant (Diffu-
sionSfM*), by reporting the CD for predicted geometry. Incorpo-
rating mask conditioning to indicate missing data during training
improves geometry quality.

seconds on a single A5000 GPU with 8 input images. In
contrast, DUSt3R takes 8.73 seconds to run the complete
pairwise inference and global alignment procedure. We pro-
vide additional analysis in the supplementary material.

4.5. Ablation Study

Homogeneous Coordinates. The use of homogeneous co-
ordinates for ray origins and endpoints is crucial for stable
model training. To assess its impact, we replace the pro-
posed homogeneous representation with standard 3D coor-
dinates in R3. Our experiments show that this variant is
difficult to train and fails to converge. Further details on
this experiment are provided in the supplementary material.

GT Mask Conditioning. To evaluate the effectiveness of
the proposed GT mask conditioning, we train a baseline
model without using this strategy. For missing values in the
ground-truth depth maps, we use nearest-neighbor interpo-
lation to fill in invalid pixels. This experiment is conducted
on the CO3D dataset, with results presented in Tab. 4. The
findings show that removing GT mask conditioning consis-
tently degrades predicted geometry across varying numbers
of input views, even when the loss is still masked. While
interpolation can effectively fill missing depth within object
regions, it often introduces substantial noise in the back-
ground (e.g., the sky). This noise negatively impacts dif-
fusion model training, as the entire ray origin and endpoint
maps are used as input. We anticipate an even larger per-
formance gap on non-object-centric datasets with more out-
door scenes, such as MegaDepth [11].
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Sample 2

1

Input Images Sample 1
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Figure 5. Multi-modality of DiffusionSfM. We show two distinct
samples from DiffusionSfM, starting from the same input images
but with different random noise. Sample 1 explains the input im-
ages by putting all flowers on the left side, while Sample 2 places
one flower on each side (note the difference in the green camera’s
viewpoint). DiffusionSfM is able to predict multi-modal geometry
distributions when the scene layout is ambiguous in the inputs.

4.6. Multi-modality from Multiple Sampling

Diffusion models enable the generation of diverse samples
from challenging input images. For instance, in Fig. 5, the
vase exhibits symmetric patterns, and we present two dis-
tinct predicted endpoints from DiffusionSfM, each offer-
ing a different interpretation of the flowers in the image.
Compared to regression models such as DUSt3R [8], Diffu-
sionSfM is better suited for handling uncertainty — an inher-
ent aspect of our task — where a sparse set of input images
can correspond to multiple plausible 3D scene geometry.

5. Discussion

We present DiffusionSfM and demonstrate that it recovers
accurate predictions of both cameras and geometry from
multi-view inputs. Although our results are promising, sev-
eral challenges and open questions remain.

Notably, DiffusionSfM employs a pixel-space diffusion
model, in contrast to the latent-space models adopted by
state-of-the-art T2I generative systems. Operating in pixel
space may require greater model capacity, yet our current
model remains relatively small — potentially explaining the
noisy patterns observed along object boundaries. Learning
an expressive latent space for ray origins and endpoints by
training a VAE could be a promising direction for future
work. In addition, the compute requirement in multi-view
transformers scales quadratically with the number of input
images: one would require masked attention to deploy sys-
tems like ours for a large set of input images.

Despite these challenges, we believe that our work high-
lights the potential of a unified approach for multi-view ge-
ometry tasks. We envision that our approach can be built
upon to train a common system across related geometric
tasks, such as SfM (input images with unknown origins
and endpoints), registration (some images have known ori-
gins and endpoints, whereas others don’t), mapping (known
rays but unknown endpoints), and view synthesis (unknown
pixel values for known rays).
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