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Motivation: Reconstructing the 3D World from images

Images from multiple camera viewpoints

Images from Novel Viewpoints
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Source: https://theaisummer.com/nerf/

Input: images from various 
camera viewpoints

Output: images from novel 
camera viewpoints

Examples (synthesized from novel views)

?

https://www.matthewtancik.com/nerf

Videos: https://www.youtube.com/watch?v=JuH79E8rdKc&t=191s

Neural Radiance Fields ECCV 2020 Oral - Best Paper Honorable Mention
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1. Implicit Representation

(NeRF)
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𝑓 𝑥 = 𝑥2 − 1

𝑓 ⋅ is a parameterized 2D/3D scalar field

𝑓 𝑥 = ?

𝑥

𝑥: coordinate

Implicit Representation
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Signed Distance Function (SDF) or Occupancy Fields

Represent 3D Scene as Continuous functions

Occupancy networks, Mescheder et al.
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NeRF 3D Representations

Neural Network (MLPs) as a continuous shape representation.

How do we learn 3D representations from 2D images?

https://www.matthewtancik.com/nerf
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Cast Rays  => Estimate 3D Representations => Volume Rendering => 2D Photometric Loss

Method Overview

https://www.matthewtancik.com/nerf
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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https://sites.google.com/berkeley.edu/nerf-tutorial/home
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Detailed derivation

Detailed derivation

https://vimeo.com/766415501
https://vimeo.com/766415501


https://sites.google.com/berkeley.edu/nerf-tutorial/home
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Novel View Synthesis & View Dependency 

https://www.matthewtancik.com/nerf
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NeRF is slow both in training and rendering.
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Explicit Representation

Mesh-based representation
Point-based representation

• Estimate Geometry with Multi-View Stereo

• Fixing errors in a triangle mesh (very challenging) or point clouds
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2. Explicit Representation

(3D Gaussian Splatting)
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Point-based Rendering (PBR)

Surface Splatting – Zwicker et al. 2001

https://3dgstutorial.github.io/

Yifan et al. SIGGRAPH 2019



32

Point-based Rendering (PBR)

https://3dgstutorial.github.io/

Surface Splatting vs Volume Splatting (3DGS)
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Point-based Rendering (PBR)

https://3dgstutorial.github.io/

Surface Splatting vs Volume Splatting (3DGS)
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3D Gaussian Splatting Optimization

3D Gaussian Splatting (3DGS) efficiently reconstructs 3D scenes from posed images, 

enabling real-time, high-fidelity rendering.

[Kerbl et al, SIGGRAPH 2023]
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[Kerbl et al, SIGGRAPH 2023]
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[Kerbl et al, SIGGRAPH 2023]
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3D Gaussian Splatting Optimization

[Kerbl et al, SIGGRAPH 2023]

Rendering: 0.07 FPS to 150+ FPS 

Training: 48h -> 6.1 min (comparable PSNR)
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What makes this so efficient?

1. Tiling

The image is divided into small 16×16 pixel tiles.

Each tile can be processed independently and in parallel by the GPU 

(perfect for CUDA thread blocks).

2. Single global sort

All Gaussians are depth-sorted once globally per frame, not per pixel.

Sorting is done efficiently on GPU (e.g., radix sort or CUDA Thrust).

3. On-the-Fly Blending

The rendering is performed by forward rasterization — each Gaussian directly writes its 

contribution to a small number of pixels (within its projected ellipse).

[Kerbl et al, SIGGRAPH 2023]



NeRF is implicit representation, while 3DGS is explicit.
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Different representation, different artifacts 

Inductive bias (underfitting)

Blurry images

Overfitting to sparse points 

(noise sensitive)

Floating artifacts



3. Generalizable (≈ amortized, feed-forward) methods
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2. Sparse input camera viewpoints

1. Scene-specific representation

Not Generalizable
Cannot share representations across 
scenes or views

e.g., N=3

Towards Generalizable Methods

Recon.
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Feed-Forward NeRF (PixelNeRF, CVPR 2021)

PixelNeRF NeRF

One-Shot NeRF (pixelNeRF [Yu et al. CVPR’21])

42



• How does it work?

43
Slide credit: Charatan et al, Pixelsplat, CVPR 2024

Feed-Forward 3DGS (PixelSplat, CVPR2024 best paper honorable mention)



Feed-Forward 3DGS (PixelSplat, CVPR2024 best paper honorable mention)

Novel Views

- Note 1. No Per Scene Optimization , Generalizable 

- Note 2. No Dense Views , Only 2-3 images 
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3D Gaussian 

Slide credit: Charatan et al, Pixelsplat, CVPR 2024



01Pose-Free approaches

• Assume accurate (perfect) camera pose
• Always assume to have relative camera rotation and translation
• Not practical.

• Very sensitive to pose error
• easily leads to geometric misalignment.

Previous methods…
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(ours) (ours)



Utilizing “Predicted Camera Poses” in Multi-View Scenario

: Reference cam

: Correctly estimated pose 

: Incorrectly estimated pose

Inconsistency in 3D

View 1

View 2 (GT)

View 2 (pred)

Wrong pose

error
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True Surface
Estimated Surface
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PixelSplat

MVSplat

Previous Approach  (“estimate → fuse”)

View 1

View 2

Source view 1

Source view 2

GT geometry

Pred. view 2

Pred. geometry

Camera error

Geometry error

SHARE (“fuse → estimate”)

View 1

View 2

Canonical View

Canonical view

Fused feature

Geometry prediction
Pred. geometry

Ours

ICIP 2025 Best Student Paper Award



0
1

Canonical Space
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PixelSplat

MVSplat

Previous Approach
(“estimate → fuse”)

View 1

View 2

Source view 1

Source view 2

GT geometry

Pred. view 2

Pred. geometry

Camera error

Geometry error

Ours
(“fuse → estimate”)

View 1

View 2

Canonical 

View

Canonical view

Fused feature

Geometry prediction

Pred. geometry

Ours
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How do we embed “Pose-awareness” into the fused features?

49[Cameras as rays, ICLR’24]

Global 

Features

(-) No Pose-awareness

Fusing the features from different camera viewpoints are not easy…

Method: Canonical Space

Feature

Fusion
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Method: Plücker Ray Estimation and Embedding

1. Conventional camera pose: 6-DoF extrinsics (rotation & translation)

2. Plücker ray field :𝑅 𝐻 ×𝑊×6

50

A Plücker ray = 𝑑,𝑚
𝑑 ∈ 𝑅3

𝑚 = 𝑜 × 𝑑 ∈ 𝑅3

Plücker Ray Embedding

ℝ𝐻 ×𝑊 ×6

Per-pixel geometric embedding aligned with image features 

ℝ6

Lightweight 

U-Net
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Overview: Ray-Guided View Fusion Pipeline
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Our method unifies the two separate problems (pose estimation, geometry estimation) into a single problem.
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Overview: Ray-Guided View Fusion Pipeline

52

Canonical

View

Ray-guided Multi-view Fusion

Warping M MergingW

Ray Embedding

Ray Feature 

Guidance

B
ac

k
b
o
n
e 

T
ra

n
sf

o
rm

er

2D image features

𝑭𝒊

Ray Estimator

Direction

s

Moments

𝒎𝒊
𝒅𝒊

Σ Sum.

2D UNet

Q

K

V

Q

K

V

Q

K

V

Q

K

V

{𝑅𝑖 , 𝑡𝑖}

W

3
D

 c
o
st

 v
o
lu

m
es

𝑪𝒊

M

𝑽𝒈

𝑽𝒇
Σ

𝑪′𝒊 𝑾𝒊

Geometry

Appearance

h
e

a
d

h
e

a
d Depth

(Mean)

Color,
Covariance,

Opacity,

Etc.

Our method unifies the two separate problems (pose estimation, geometry estimation) into a single problem.



Experimental Results

• Datasets: DTU (small scale), Re10K (large-scale) scene-scale real data.
• Predicted pose: Dust3R, corrupted pose: “inject small noise to GT pose” 
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3D Reconstruction Foundation Models
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Dust3R (CVPR2024), VGGT (CVPR 2025 best paper award)

Point map ->  Gaussian means

Dust3R
VGGT
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3D Reconstruction Foundation Models

55

NoPoSplat, ICLR 2025 Oral
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3D Reconstruction Foundation Models

56

Input Views NoPoSplat

NoPoSplat, ICLR 2025 Oral
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4. More Scene Representations 

(Semantic Fields, Kinematic Fields)
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LangSplat, CVPR 2024 Highlight 

Geometry   +   Appearance   +   Semantics

Scene Understanding: “Semantic (Feature) Fields”
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LangSplat, CVPR 2024 Highlight 

Geometry   +   Appearance   +   Semantics

Unproject 2D features to 3D

Scene Understanding: “Semantic (Feature) Fields”
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Scene Understanding: “Semantic (Feature) Fields”
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Scene Reconstruction -> Text prompt -> Robot grasping

GaussianGrasper, RA-L 2024
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Scene Representation for Understanding
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After grasping -> Scene changes -> Re-optimization
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Robot Kinematics Representation
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Controlling Diverse Robots by Inferring Jacobian Fields

(Nature, 2025)
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Robot Kinematics Representation
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Controlling Diverse Robots by Inferring Jacobian Fields

(Nature, 2025)
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Jacobian Fields (kinematic response)
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Jacobian Fields Rendering
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Results on Allegro Hand. (Left) Input video, (Middle) Depth Prediction, (Right) Jacobian Prediction

Results on Pneumatic Hand. (Left) Input Image, (Middle) Depth Prediction, (Right) Jacobian Prediction
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Conclusion
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• In the past few years, we have witnessed remarkable progress in training 

3D-aware neural scene representations — from NeRF and 3D Gaussian 

Splatting to 3D foundation models.

• We are now entering an era where such models can learn directly from 
unconstrained, real-world videos, jointly reasoning about geometry, appearance, 

motion, and even physical causality.

• These advances mark the transition from reconstructing the world

to simulating and predicting its behavior through learned physics and dynamics.

• The next frontier lies in building neural physical (world) models — unified 

systems that serve as neural simulators, enabling agents to perceive, reason, and 

act within complex 3D spaces.



Thank you
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