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Problem Definition
Given sparse unposed multi-views as input, we want to estimate 3D Gaussians that 
compactly represents the scene for novel view synthesis and 3D scene understanding.
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Problem Definition - Input
Given sparse unposed multi-views as input, we want to estimate 3DGS that compactly 
represents the scene for novel view synthesis and 3D scene understanding.

Q. What do we need to reconstruct 3D scenes?

-> Dense number of multiple posed images.

-> Requires slow per-scene optimization to obtain camera poses.

Schonberger, Johannes L., and Jan-Michael Frahm. "Structure-from-motion revisited." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.
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Problem Definition - Input
Given sparse unposed multi-views as input, we want to estimate 3DGS that compactly 
represents the scene for novel view synthesis and 3D scene understanding.

Q. How can we get rid of the constraint of dense images?

-> Build a model with priors learned from large-scale multi-view data!

-> Get rid of slow per-scene optimization, and requirement of dense views

Architecture Feed-Forward 3D Estimation

Wang, Jianyuan, et al. "Vggt: Visual geometry grounded transformer." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. (Best Paper Award)
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Problem Definition - Representation
Given sparse unposed multi-views as input, we want to estimate 3DGS that compactly 
represents the scene for novel view synthesis and 3D scene understanding.

Q. How can we represent the 3D scene to solve various downstream tasks?

-> 3D Gaussian Splatting using 3D Gaussian blobs 

3D Gaussian Splatting

Kerbl, Bernhard, et al. "3D Gaussian splatting for real-time radiance field rendering." ACM Trans. Graph. 42.4 (2023): 139-1. (Best Paper Award)
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Problem Definition – Task
Given sparse unposed multi-views as input, we want to estimate 3DGS that compactly 
represents the scene for novel view synthesis and 3D scene understanding.

Q. What is novel view synthesis?

-> Given a set of images, we want to synthesize an image as it was seen from a novel viewpoint!

Camera 1

Camera 2

Synthesize Images from 
Novel Viewpoints

Choi, Inchang, et al. "Extreme view synthesis." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2019.
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Problem Definition – Task
Given sparse unposed multi-views as input, we want to estimate 3DGS that compactly 
represents the scene for novel view synthesis and 3D scene understanding.

Q. What is 3D scene understanding?

-> Given a set of images, we want to understand (segment) the images in the scene and enable novel-
view segmentations!

Kobayashi, Sosuke, Eiichi Matsumoto, and Vincent Sitzmann. "Decomposing nerf for editing via feature field distillation." Advances in neural information processing systems 35 (2022): 23311-23330.
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Baseline
What are the problems of existing models?

-> They estimated per-pixel Gaussians, which lead to degraded novel view synthesis 
performance and degraded 3D scene understanding.

Per-Pixel Estimation!

Wang, Shuzhe, et al. "Dust3r: Geometric 3d vision made easy." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
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Baseline – Large Spatial Model
Given sparse unposed multi-views as input, we want to estimate 3DGS that compactly 
represents the scene for novel view synthesis and 3D scene understanding.

From the learned 3D Gaussians, lift semantic features for 3D scene understanding

Fan, Zhiwen, et al. "Large spatial model: End-to-end unposed images to semantic 3d." Advances in neural information processing systems 37 (2024): 40212-40229.
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Baseline – Large Spatial Model
What are the problems of existing models?

-> Per-pixel Gaussians often lead to mis-aligned Gaussians, causing artifacts and noisy 
images when rendering to novel views.
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Baseline – Large Spatial Model
Given sparse unposed multi-views as input, we want to estimate 3DGS that compactly 
represents the scene for novel view synthesis and 3D scene understanding.

Q. Do we really need such per-pixel, dense scene representations?

Per-Pixel Estimation
Compact Representation

?
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Baseline – Large Spatial Model
What are the problems of existing models?

-> Per-pixel Gaussians results with too many Gaussians, which results with large 
computational overhead. This requires an auxiliary model to compress the feature 
dimensions.

-> This leads to less computation, but also results in information loss.

Auto-Encoder

Qin, Minghan, et al. "Langsplat: 3d language gaussian splatting." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
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Approach
When reconstructing 3D, we can always merge corresponding points or regions across 
multi-views.

Schonberger, Johannes L., and Jan-Michael Frahm. "Structure-from-motion revisited." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.
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Approach
When reconstructing 3D, we can always merge corresponding points or regions across 
multi-views.

How can we merge points or Gaussians modeling similar regions?

1. Top-down: First estimate per-pixel Gaussians -> Merge Gaussians post-hoc

2. Bottom-up: First aggregate similar regions -> estimate essential Gaussians only
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Approach
When reconstructing 3D, we can always merge corresponding points or regions across 
multi-views.

How can we merge points or Gaussians modeling similar regions?

1. Top-down: First estimate per-pixel Gaussians -> Merge Gaussians post-hoc

2. Bottom-up: First aggregate similar regions -> estimate essential Gaussians only

Jiang, Lihan, et al. "AnySplat: Feed-forward 3D Gaussian Splatting from Unconstrained Views." arXiv preprint arXiv:2505.23716 (2025).
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Solution
When reconstructing 3D, we can always merge corresponding points or regions across 
multi-views.

How can we merge points or Gaussians modeling similar regions?

1. Top-down: First estimate per-pixel Gaussians -> Merge Gaussians post-hoc

2. Bottom-up: First aggregate similar regions -> estimate essential Gaussians only
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Methods
How can we estimate only essential Gaussians to reconstruct the scene?

-> We look into transformer decoder structures, which also decode outputs from 
learnable queries.
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Methods
Compact Gaussian Decoding

-> A significant advantage of this approach is that, we can learn the model to estimate essential 
Gaussians with only the novel view synthesis objective!

-> How are these Gaussians learned?

-> Through bi-directional attention of the encoder features and learnable queries!
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Methods
Any-Feature Lifting

We introduce another feature aggregator that decodes the view-invariant feature to attach to each 
Gaussian.

We freeze the attention weights, and introduce new query tokens to handle different dimensions.
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Analysis
Any-Feature Lifting

We introduce another feature aggregator that decodes the view-invariant feature to attach to each 
Gaussian.

We freeze the attention weights, and introduce new query tokens to handle different dimensions.
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Results
Joint Reconstruction and Understanding

(1) Reconstruction: We evaluate the reconstruction quality by the novel view rendering results

(2)  3D Scene Understanding : We evaluate the open-vocabulary segmentation 
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Results
Joint Reconstruction and Understanding

(1) Reconstruction: We evaluate the reconstruction quality by the novel view rendering results

(2)  3D Scene Understanding : We evaluate the open-vocabulary segmentation 
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Extending to 4D
We now extending 3D reconstruction to 4D with handling dynamic

- Per-pixel 4DGS methods does not fully understand motion of dynamic objects.

- They are struggle to ghost artifacts due to the duplicated Gaussians and occlusion issues due to 
input-view bias.
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Extending to 4D
We now extending 3D reconstruction to 4D with handling dynamic

- Incorporating timestamp embedding for temporal understanding

- We additionally make it refinement module with using diffusion model.

C4G rendering Ground truth Diffusion results
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Thank you!

honggyu@kaist.ac.kr
Computer Vision Laboratory (CVLAB)

Graduate School of Artificial Intelligence, KAIST
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