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FUSION MODELS FOR CAMERA POSE ESTIMATION IN
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Figure 1: SFD is capable of generating camera poses from a video, even when the video contains
dynamic objects and does not have strictly fixed frames. Our method produces accurate camera
parameters and is fine-tuned on a pretrained video diffusion model, ensuring both simplicity and
effectiveness in the pipeline.

ABSTRACT

Our research addresses the challenge of accurately predicting camera poses for
in-the-wild dynamic videos—a task essential for applications in augmented re-
ality, robotics, and visual perception systems. Unlike structured, lab-controlled
environments, in-the-wild videos present diverse, complex scenes with significant
variability in lighting, motion, and camera movement, making accurate pose esti-
mation a persistent challenge. To tackle this, we propose a novel video diffusion
model designed for camera pose prediction. Our model retargets a video genera-
tion model as a pose estimation tool by connecting a ray prediction model with a
video encoder. Our model distills strong priors from pre-trained video generation
models for camera motion and scene dynamics, leveraging the intrinsic temporal
continuity of video features to ensure smooth and accurate pose estimation. We
evaluate our approach on both dynamic and static datasets, demonstrating state-of-
the-art performance. Compared to existing methods, our model achieves signif-
icant improvements in both accuracy and robustness, particularly in challenging
real-world scenarios. Code will be open-sourced.

1 INTRODUCTION

Camera pose estimation in dynamic, in-the-wild videos is a crucial task for numerous applications,
including augmented reality, robotics, and autonomous navigation. Traditional methods such as
Structure-from-Motion (SfM) and Simultaneous Localization and Mapping (SLAM) rely on fea-
ture matching and geometric optimization. Despite achieving good performance on static scenes,
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they struggle in challenging environments with dynamic objects, occlusions, and large viewpoint
changes. Learning-based methods have emerged as a promising alternative, however, they often
require extensive supervision and struggle with generalization to real-world scenarios.

In this paper, we propose a novel approach that leverages video diffusion models to estimate cam-
era poses directly from dynamic video sequences. Diffusion models have demonstrated remarkable
success in generative modeling for images, videos, and 3D scenes, effectively capturing complex
data distributions. In particular, pre-trained video diffusion models exhibits strong scene generation
capability, excelling at modeling dynamic contents with coherent motion. However, their potential
for camera pose estimation has not been explored. Therefore, this paper aims to unleash the po-
tential of video generation models—we exploit the inherent temporal coherence in videos to refine
camera motion predictions, ensuring smooth and accurate pose estimation even in highly dynamic
environments.

Our method, dubbed Structure from Diffusion (SFD), repurposes a video diffusion model that pre-
dicts camera poses from dynamic videos. Visual inputs are processed by a Stable Video Diffu-
sion encoder—VQVAE—which encodes temporally coherent features that are crucial for video
pose estimation. Then, we use a novel Plücker ray representation Plücker to represent camera poses,
which naturally interfaces with modern deep learning frameworks. Unlike traditional pose parame-
terizations, Plücker rays explicitly encode geometric information and can be directly consumed by
neural network architectures, significantly simplifying the pose representation pipeline. The diffu-
sion model jointly integrates visual context extracted from a VQVAE encoder and geometric context
from a dedicated ray encoder, enabling the model to exploit rich spatiotemporal correlations present
in video sequences. We frame camera pose estimation as a ray-space denoising task. We introduce
noise to Plücker rays and subsequently employ a diffusion-based model to predict the added noise
from the integrated visual-ray features. This approach leverages the inherent spatial and temporal
coherence priors available within video data, resulting in robust and accurate pose predictions.

We evaluate our method on multiple datasets, including both object-centric scenarios and chal-
lenging in-the-wild scenes. Our experiments show that SFD significantly outperforms existing ap-
proaches in terms of both accuracy and robustness. Our results suggest that video generation models
provide strong priors for dynamic scene modeling and understanding. In summary, our contributions
can be summarized as follows:

• We introduce a novel approach to camera pose estimation by utilizing video generation
models. To our knowledge, this paper is the first to explore the potential of video generation
models specifically for geometric estimation tasks. We show that a simple cross-attention
layer can effectively produce spatiotemporal features from a video encoder and a geometric
encoder.

• Our method exhibits strong empirical performance, with significant improvements over
existing methods on multiple datasets. Our model improves over previous state-of-the-
art methods by 20%. Compared to recent learning-based methods on dynamic scenes,
our method achieves almost 10x performance improvement. These findings suggest that,
beyond their capabilities in generating high-quality videos, video generation models inher-
ently encode valuable priors beneficial for accurate geometric estimations.

• The proposed pipeline is general and straightforward, which can potentially tackle other
similar geometric tasks with minimal modification. We will also open-source our code to
facilitate reproducibility and future research in this field.

2 RELATED WORK

Diffusion Models. Diffusion models have emerged as a powerful class of generative models,
demonstrating remarkable success in image Ho et al. (2020); Song & Ermon (2019), video Ho
et al. (2022); Singer et al. (2022); Blattmann et al. (2023); Rombach et al. (2022); Chen et al. (2024);
Xing et al. (2024; 2025), and 3D generation Luo & Hu (2021); Melas-Kyriazi et al. (2023); Lan et al.
(2025); Wang et al. (2023d). Denoising Diffusion Probabilistic Models (DDPMs) Ho et al. (2020)
introduced a robust framework for iterative denoising, allowing high-quality sample generation by
reversing a Gaussian noise corruption process. This was later improved by Denoising Diffusion
Implicit Models (DDIMs) Song et al. (2020), which provided a more efficient non-Markovian for-
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mulation, accelerating sampling while maintaining fidelity. Among notable advancements, Latent
Diffusion Models (LDMs) Rombach et al. (2022) have improved computational efficiency by oper-
ating in a compressed latent space, while Stable Video Diffusion (SVD) Blattmann et al. (2023) and
Sora Brooks et al. (2024) have extended diffusion-based generation to video synthesis with impres-
sive temporal consistency. Additionally, conditional diffusion models allow control over generated
outputs using auxiliary inputs such as text Saharia et al. (2022b), images Saharia et al. (2022a), and
semantic maps Zhang et al. (2023), further enhancing their flexibility and applicability in various
domains.

Structure-from-Motion and Simultaneous Localization and Mapping. Structure-from-Motion
(SfM) and Simultaneous Localization and Mapping (SLAM) aim to recover camera poses and scene
geometry from image sequences. Classical SfM methods Snavely et al. (2006); Harris et al. (1988);
Tola et al. (2009) rely on detecting keypoints using handcrafted descriptors such as SIFT Lowe
(1999); Low (2004) and SURF Bay et al. (2008), or learned feature extractors Yi et al. (2016),
followed by feature matching and geometric verification using epipolar constraints Lucas & Kanade
(1981). Camera poses are then estimated using five-point Li & Hartley (2006); Nistér (2004) or
eight-point algorithms Hartley (1997), with RANSAC Fischler & Bolles (1981) and further refined
via Bundle Adjustment (BA) Triggs et al. (2000). These techniques have been extended to large-
scale datasets, achieving robust performance across thousands of images Furukawa et al. (2010);
Sarlin et al. (2019). COLMAP Schonberger & Frahm (2016), a widely used open-source SfM and
MVS framework, integrates these techniques into a robust end-to-end pipeline, making it a valuable
tool for large-scale 3D reconstruction. In parallel, SLAM techniques can be categorized into indirect
methods, which leverage feature correspondences Campos et al. (2021); Rosinol et al. (2020), and
direct methods that optimize photometric errors Davison et al. (2007); Engel et al. (2017); Schops
et al. (2019); Zubizarreta et al. (2020). While these advancements enhance robustness, both SfM
and SLAM typically rely on sequential or overlapping image inputs, making them less suitable for
sparse-view camera pose estimation.

Learning-Based Pose Estimation. Traditional geometric pose estimation methods struggle in
sparse-view and wide-baseline settings, where few reliable correspondences can be established Choi
et al. (2015). To overcome this, learning-based approaches directly predict camera motion without
relying on explicit feature matching. These methods can be supervised using ground truth poses or
trained unsupervisedly via photometric consistency Tang & Tan (2018); Ummenhofer et al. (2017);
Zhou et al. (2017). Early works focused on object-centric or category-specific pose estimation Kehl
et al. (2017); Ma et al. (2022); Wu et al. (2023; 2020), while more recent methods like RelPose
Zhang et al. (2022) and RelPose++ Lin et al. (2023a) extend to category-agnostic pose estimation
by refining rotation and translation separately. SparsePose Sinha et al. (2023) introduces an iter-
ative refinement approach for pose estimation from sparse views, and methods like FORGE Jiang
et al. (2024) leverage synthetic data to improve robustness. Recent diffusion-based approaches such
as PoseDiffusion Wang et al. (2023b) generate camera poses through a denoising process, demon-
strating promising results for wide-baseline pose estimation. Unlike methods that directly regress
camera parameters, emerging techniques such as PF-LRM Wang et al. (2023c), DUSt3R Wang et al.
(2024b) and MonST3R Zhang et al. (2024b) estimate sparse poses by leveraging pixel-aligned point
clouds, followed by PnP optimization. These advancements push the boundaries of camera pose
estimation in challenging sparse-view conditions, improving reliability and generalization.

Ray-Based Camera Parameterization. Ray-based camera models provide a flexible alternative to
traditional pinhole models, particularly for complex lens systems such as fish-eye cameras Grossberg
& Nayar (2001); Dunne et al. (2010). These models represent each pixel as a 3D ray, improving
adaptability but often requiring complex calibration Schops et al. (2020). Recent works integrate
ray-based parameterization with diffusion models for improved pose estimation. The Cameras as
Rays approach treats cameras as ray bundles, leveraging denoising diffusion to sample plausible
poses in sparse-view settings, achieving state-of-the-art performance Zhang et al. (2024a). These
advances demonstrate the potential of ray-based diffusion models for accurate and scalable pose
estimation, especially in wide-baseline and sparse-view scenarios.
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3 METHOD

Given a set of unposed images, our goal is to recover camera poses and 3D scene geometry by lever-
aging video diffusion models. To achieve this, we fine-tune a Stable Video Diffusion (SVD) model
Blattmann et al. (2023) to take a video as input and predict its corresponding camera poses. Our
method, Structure from Diffusion (SFD), learns to infer camera motion by denoising Plücker ray
representations, which encode the 6-degree-of-freedom (6-DoF) camera pose. This representation
seamlessly integrates both position and orientation, allowing for robust and consistent pose estima-
tion across diverse scenes. The encoded noisy ray embeddings, together with image features, are
fed into a pre-trained SVD backbone to predict the responding ray-space noises. After denoising,
the predicted Plücker rays can be converted into conventional global camera extrinsics and intrin-
sics, enabling direct camera pose recovery. Section 3.1 reviews the Plücker ray embedding and its
relevance to our approach, while Section 3.2 details our model architecture and training pipeline.

3.1 PRELIMINARIES

Plücker Ray Representation. In 3D computer vision, cameras are parameterized using extrinsics,
which describe the global transformation of an entire frame. Despite camera extrinsics provide
a compact representation, they are not well compatible with modern deep learning architectures.
Therefore, we opt for a Plücker ray representation, which is a dense grid parameterization of camera
poses. The Plücker coordinate system provides a six-dimensional embedding of a ray that enables
robust geometric computations, including efficient intersection tests and transformations. A Plücker

ray is represented by a 6D vector per pixel/ray: p =

[
d
m

]
, where d ∈ R3 is the direction vector of

the ray and m = o× d ∈ R3 is the moment of the ray, encoding the relationship between the ray’s
direction and its position in space.

Camera Poses to Rays. To obtain a camera ray parameterization, our method starts with with
intrinsic parameters K and extrinsic parameters (R, T ). The extrinsic parameters define a camera-
to-world transformation: xworld = Rxcam + T. For each pixel (u, v), we compute the corresponding
3D ray in world coordinates as follows. First, we convert the pixel coordinates to normalized camera

coordinates using the camera intrinsics K: xcam = K−1

[
u
v
1

]
.

This provides the direction of the ray in the camera’s coordinate system. Next, we transform this
direction into world space using the camera extrinsics. The ray’s origin is simply given by the
camera translation: o = T.

The direction of the ray in world coordinates is obtained by applying the camera rotation: d =
Rxcam.

Finally, the Plücker coordinates for the ray are constructed as: p =

[
d

o× d

]
.

Rays to Camera Poses. Now that we have established how to covert camera poses into parame-
terized rays, we are equipped to discuss how to covert rays back to the camera extrinsics. Given
a set of rays parameterized in Plücker coordinates p = (d,m), we can infer camera parameters
under certain constraints. The camera origin T can be recovered using: o = m×d

∥d∥2 . The rotation is
estimated by computing an optimal transformation from a canonical ray to the predicted direction
d.

If multiple rays are available, pose estimation techniques, such as Perspective-n-Point (PnP), can
be used to estimate the optimal rotation R and translation T that best align the rays with their
corresponding image coordinates.

3.2 STRUCTURE FROM DIFFUSION

Overview. While existing methods are adept at pose estimation for static scenes, they struggle with
dynamic scenes due to challenging consistency issues. To tackle that, we opt to leverage video
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diffusion model priors for consistency pose estimation. We repurpose a video generation model
to a pose estimation model. In particular, we leverage a pretrained Stable Video Diffusion (SVD)
model Blattmann et al. (2023) to enhance temporal consistency in camera pose generation from
video. Our method, following SVD, operates via a two-stage process: first, a stochastic forward
process injects Gaussian noise at a specific noise level into the rays. Then, a reverse process is
applied to progressively remove this noise using a learnable denoiser Dθ, conditioning on image
features.

As shown in Figure 2, given an input video, SFD aims to generate the corresponding camera pose
for each frame. Our model begins by encoding the input video using a pretrained VQVAE van den
Oord et al. (2017) encoder, yielding a video latent representation zvideo. Simultaneously, the pose is
represented using Plücker rays, capturing both positional and directional information in a 6D format.
Gaussian noise is then added to these rays, producing a noised latent representation zrays. Note that
the original VAE cannot directly encode the Plücker rays. Therefore, we deisgn a simple ray encoder
that converts the 6-dimensional noised ray vector into ray embeddings. Next, the noised Plücker ray
embeddings are concatenated with the video latent zvideo, forming a joint latent representation. This
concatenated latent is passed through the model, which directly denoises the rays. During inference,
given a video clip, our model generates the camera pose corresponding to each frame.

Figure 2: The overall architecture.

Training. We follow standard diffusion model training protocols to train our method. Our method
takes an input F -frame RGB video sequence x ∈ RF×W×H×3 along with its corresponding ray
representation r ∈ RF×W×H×6. At each training step, a noise level σt is randomly sampled for the
entire sequence, following a normal distribution log σt ∼ N (Pmean, P

2
std) Karras et al. (2022), where

Pmean = 0.7 and Pstd = 1.6.

Then, Gaussian noises, ϵ ∼ N (0, I), are applied directly to the ray representation r, producing a
noisy version rt given by: rt = r+ σ2

t ϵ.

During the reverse process, the model learns a denoiser Dθ to estimate the clean ray representation
r̂0: r̂0 = Dθ(rt;σt, z

(x)).

This process is optimized using the denoising score matching (DSM) objective Ho et al. (2020):
L = Er,z(x),σt

[
λ(σt)∥r̂0 − r∥22

]
,

where the weighting function is defined as λ(σ) = (1 + σ2)σ−2. Following EDM Hoogeboom
et al. (2022), we represent the denoiser Dθ using the following formulation: Dθ(rt;σt, z

(x)) =
cskip(σt)rt + cout(σt)Fθ(cin(σt)rt, cnoise(σt), z

(x)),

where Fθ is a trainable U-Net, and the functions cskip, cout, cin, and cnoise act as preconditioning
mechanisms. In this formulation, the RGB video latent z(x) serves as the conditioning input. It
is incorporated into the model by concatenating it with the ray representation along the feature
dimension.

Inference. At inference time, the ray sequence r̂0 is reconstructed by initializing from a Gaussian
noise sample r̂T ∼ N (0, σ2

T I). The reconstruction is performed iteratively through a denoising pro-
cess, where the model is conditioned on the RGB video features and guided by the trained denoiser
Dθ to produce r̃0 = Dθ(rt;σt, z

(x)), where r̂t−1 = r̂t−r̃0
σt

(σt−1 − σt) + r̂t, 0 < t ≤ T,

where σ0, ..., σT follow a predetermined variance schedule over T denoising steps.
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Table 1: Evaluation on Static Scenes

Co3D Realestate10K
Rot ↓ CC ↓ Rot ↓ CC ↓

Colmap Schonberger & Frahm (2016) 33.6 0.934 45.0 0.0708
Dust3r Wang et al. (2024a) 40.7 0.287 2.14 0.0503
Monst3r Zhang et al. (2024b) 39.7 0.287 2.17 0.0505
Relpose++ Lin et al. (2023b) 22.0 0.1346 - -
PoseDiffsion w/o GGS Wang et al. (2023a) 31.6 0.1842 1.90 0.2814
PoseDiffsion Wang et al. (2023a) 29.1 0.1650 1.38 0.2580
RayDiffsion Zhang et al. (2024a) 13.3 0.0979 0.645 0.0049
Ours 10.6 0.096 0.557 0.0041

Table 2: Evaluation on Dynamic Scenes

Waymo Argoverse
Rot ↓ CC ↓ Rot ↓ CC ↓

Colmap Schonberger & Frahm (2016) Fail Fail Fail Fail
Dust3r 12.9 0.971 4.31 6.01
Monst3r Zhang et al. (2024b) 4.15 0.2517 1.26 3.5039
Ours 0.30 0.094 0.38 0.092

4 EXPERIMENTS

Figure 3: Qualitative results for Waymo.

Figure 4: Qualitative results for Argoverse.

4.1 EXPERIMENTAL SETUP

Datasets. We quantitatively evaluate our model on 4 datasets, covering a diverse range of scenarios,
including object-centric and scene-level settings, as well as dynamic and static environments.

RealEstate10K Zhou et al. (2018) consists of videos primarily sourced from YouTube, containing
both indoor and outdoor scenes, and the per-frame poses are computed using structure-from-motion
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Figure 5: Qualitative results for Realestate10K.

(Colmap Schonberger & Frahm (2016)). In our experiments, we use totally 63,214 training videos,
and videos that contain more than 200 frames for evaluation, resulting 1,600 test scenes. During
inference, we randomly select 500 scenes for evaluation. We extract images at the given frame rate,
center-crop them, and resize these extracted images to 256× 256. Other datasets also use the same
image resolution.

CO3Dv2 Reizenstein et al. (2021) is an object-centric dataset that consists of 51 categories of ob-
jects. Each frame is annotated with poses estimated using COLMAP Schonberger & Frahm (2016).
In line with Raydiffusion Zhang et al. (2024a), we use 41 categories for training while the remaining
10 for testing.

Waymo Sun et al. (2020) contains 1,000 sequences of driving logs: 798 sequences for training and
202 for validation. Each sequence consists of a 20-second video recorded at 10 FPS, and each frame
includes three cameras. For our experiments, we sample 10 frames per sequence by selecting evenly
spaced frames to ensure a diverse representation of motion while maintaining temporal consistency.

Argoverse2 Wilson et al. (2023) contains 1,000 driving scenes, split into 700 for training, 150 for
validation, and 150 for testing. Similar to Waymo, we sample 10 evenly spaced frames from each
sequence.

Baselines. We evaluate our method against three approaches: Structure from Motion, SLAM-based
methods, and Diffusion model-based methods. For static scenes, we compare with RelPose++ Lin
et al. (2023b), PoseDiffusion Wang et al. (2023a), Dustr Wang et al. (2024a) and RayDiffusion
Zhang et al. (2024a). For dynamic scenes, we compare primarily with a recent state-of-the-art
method Monst3r Zhang et al. (2024b). And all datasets use COLMAP as a baseline of Structure
from Motion.

4.2 IMPLEMENTATION DETAILS

In our study, we optimized the training process by building on top of the SVD implementation, an
enhanced version of the original SVD. For data processing, we utilize VQVAE to pre-extract features
from images, which are resized and center-cropped to 256 × 256 pixels. Post VQ-VAE encoding,
these images are encoded into features of 32× 32× 4.

During training, we randomly select a sequence of images as the conditioning input. Given a video
clip of shape (b, f, 3, h, w), we encode it using pretrained VQVAE, obtaining a video latent rep-
resentation of shape (b, f, 4, 32, 32). Simultaneously, we compute the ray map for the same video
clip, resulting in a tensor of shape (b, f, 6, h, w). Noise is first added to the ray map. The noised ray,
after being encoded by an additional encoder, is then concatenated with the video latent representa-
tion. This combined input is fed into the SVD model, which is a Spatiotemporal U-Net, to predict
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the noise. We leverage the SVD model that was pretrained on 14-frames and fine-tune all layers to
optimize performance.

Regarding how we encode camera poses, we treat the first frame (frame 0) of the video as the identity
pose. Each subsequent frame’s camera pose is represented relatively to the first frame, ensuring that
the first camera is positioned at the origin (0, 0, 0) with an identity rotation and zero translation. In
the visualization, the central camera position corresponds to (0, 0, 0), which represents frame 0.

Metrics. We evaluate the discrepancy between predicted and ground-truth camera poses. RayD-
iffusion Zhang et al. (2024a) reports the proportion of camera centers within 0.1 scene scale units
for translation and the proportion of relative rotations within 15◦ for rotation. However, we find
such thresholded proportions to be coarse and potentially misleading. Instead, we report the relative
rotation error and translation error directly, providing a more precise and continuous evaluation. For
the Waymo and Argoverse2 datasets, we use 10 frames per sequence; for Real10K and CO3D, we
follow prior work and use 8 frames. Since consecutive frames in CO3D and Real10K exhibit limited
motion, we sample clips using a 5-frame interval to ensure meaningful pose variation.

For static datasets, we compare our method with traditional SfM approaches, SLAM-based camera
pose estimation methods, and diffusion model based methods. As shown in Table 1, our approach
achieves the lowest rotation and translation errors among all methods.

For dynamic datasets, since diffusion model-based methods lack publicly available code and fail
to produce results in this dynamic setting, we compare our approach against traditional SfM and a
recent learning-based method Monstr. Table 2 suggests that Colmap fails all testing cases, highlight-
ing the difficulty of dynamic scene pose estimation. Our method significantly outperforms Monst3r,
demonstrating superior performance in dynamic scenes as well.

Quantitive Results. Table 1 and Table 2 presents the quantitative comparison of our method with
the baseline approaches. Our method significantly outperforms all baselines, suggesting that video
diffusion models provide strong geometric priors for pose estimation.

Visualization. Our qualitative results are presented in Figure 3 and Figure 4 for autonomous driving
scenarios. The datasets feature highly dynamic scenes with elements such as moving pedestrians
and vehicles, as well as environmental variations like changing weather conditions and day-night
transitions. Despite these complexities, our model consistently maintains its robustness.

Figure 5 provides a visualization comparing our method with other diffusion model-based ap-
proaches on the Realestate10K dataset. To ensure an equitable comparison, we fine-tuned these
alternative models on the dataset and evaluated them using an 8-frame video clip, identical to our
own testing conditions. The visualization reveals that competing models exhibit difficulty in effec-
tively capturing the intrinsic coherence of video data, resulting in large translation errors. In contrast,
our approach produces camera poses that are demonstrably smoother and more consistent.

5 ABLATION

Frame Interval Varies. As discussed in the Metrics section, datasets such as CO3D and Real10K
exhibit relatively minor inter-frame motion. Consequently, our evaluation protocol for video clips
utilizes a 5-frame interval. To investigate the impact of this parameter, Figure 6 (a-b) presents an
ablation study illustrating performance on the Real10K dataset across varying frame intervals. It is
observed that as the frame interval increases from 1 to 10, the diminishing spatio-temporal overlap
between frames correspondingly elevates the difficulty of camera pose prediction, thereby leading
to a discernible decline in performance. The selection of a 5-frame interval for evaluation purposes
is thus predicated on achieving an optimal balance, ensuring that the captured motion is sufficiently
pronounced for robust analysis without becoming excessively large, which could introduce con-
founding factors.

Video Clip Length. For the Co3D and RealEstate10K datasets, results are reported using 8-frame
sequences to maintain methodological consistency and ensure a fair comparison with established
baseline methods. It is pertinent to note, however, that our proposed model is not constrained to a
fixed input of 8 frames; its architecture is inherently designed to accommodate sequences of varying
lengths. To investigate the influence of frame count on camera pose estimation accuracy, a series of
experiments were conducted under multiple frame number settings. Due to computational resource
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(a) (b) (c) (d)

Figure 6: In the RealEstate10K dataset, we show how the rotation error and the translation error
increases as the frame interval increases (a-b) and as the number of frames increases (c-d).

limitations, this analysis was performed on frame sequences ranging from 8 to 14 frames. The study
was executed on the RealEstate10K dataset, and the empirical results, presented in Figure 6 (c-d),
indicate a marginal decrease in performance as the number of frames increases within this tested
range.

Figure 7: In the RealEstate10K dataset, we ablate whether incorporating priors from video genera-
tion models facilitates more robust pose estimation.
Pretrained weights. Finally, a comparative analysis was conducted between model variants initial-
ized with pretrained weights from SVD and those trained from random initialization (i.e., without
pretrained weights). The empirical results, illustrated in Figure 7, demonstrate that the model lever-
aging pretrained weights consistently outperforms its counterpart. This finding substantiates the
hypothesis that incorporating priors from video generation models facilitates more robust pose esti-
mation.

6 CONCLUSION

Limitations. Our model requires the input to be a video, as it is built on top of a pretrained video
diffusion model. Datasets like CO3D are more akin to multi-view, object-centric image collections
rather than true videos. Additionally, for autonomous driving datasets, we use frames captured at
different timestamps from the same camera. However, if frames are taken from different cameras
and concatenated, they do not form a real video. While our model can still work in such cases, the
error tends to be higher compared to video-based data.

Summary. In this paper, we introduced Structure from Diffusion (SFD), a novel framework lever-
aging video diffusion models for camera pose estimation in dynamic video scenes. By utilizing
Plücker ray representations, our approach ensures stable and geometrically consistent pose predic-
tions. Through extensive experiments, we demonstrated that SFD outperforms existing methods on
both static and dynamic datasets, achieving higher accuracy and robustness in real-world scenarios.

Our findings highlight the potential of diffusion models for video-based camera pose estimation,
offering a promising alternative to traditional learning-based and geometric methods. Future work
will explore improvements in computational efficiency, the integration of additional geometric con-
straints, and the extension of our approach to more complex, multi-camera settings.
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Aäron van den Oord, Oriol Vinyals, and Koray Kavukcuoglu. Neural discrete repre-
sentation learning. In Isabelle Guyon, Ulrike von Luxburg, Samy Bengio, Hanna M.
Wallach, Rob Fergus, S. V. N. Vishwanathan, and Roman Garnett (eds.), Advances
in Neural Information Processing Systems 30: Annual Conference on Neural Infor-
mation Processing Systems 2017, December 4-9, 2017, Long Beach, CA, USA, pp.
6306–6315, 2017. URL https://proceedings.neurips.cc/paper/2017/hash/
7a98af17e63a0ac09ce2e96d03992fbc-Abstract.html.

Jianyuan Wang, Christian Rupprecht, and David Novotný. Posediffusion: Solving pose estima-
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