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Prevalence of Data-Driven Methods



2D vs 3D Models

“An astronaut riding a horse”

2D 3D



3D Understanding in 2D Models

2D generative models understand 3D quantities (depth, normal, etc.)



Azzarelli et al., 2023

Bridging the Gap Between 2D and 3D
The render is the key bridge between 2D and 3D

ϕ

2D3D



Challenges When Converting Between 2D and 3D

Multi-view consistency Resolution



Bridging the Gap Between 2D and 3D
A quick look at the projection and rasterization pipeline

(0,0)

(W,H)

3D Camera 
Coordinates

2D Screen 
Coordinates

2D Pixel 
Coordinates

Projection Rasterization

3D World 
Coordinates



Bridging the Gap Between 2D and 3D
Once mapped, we can use any 2D signal!

Pixel Values

Image Features

Pixel Gradients

2D!

No 3D data needed!!!



3D From 2D Image Priors

Optimization Backprojection

Text2Mesh, Mitchel et al., 2022

TEXTure, Richardson et al. 2023

DFD, Liu et al., 2026

Geometry in Style, 
Dinh, et al., 2025

Text2Tex, Chen et al. 2023

Back to 3D, Wimmer et al. 2023

Diff3f, Dutt et al. 2024

DreamFusion, Poole et al., 2023

Wir3d, Liu et al., 
20253D Paintbrush, Decatur et al., 2024

CLIP-Mesh, Khalid et al., 2022

TextDeformer, Gao et al., 2023



Optimization-Based Methods



Differentiable Mapping Between 3D and 2D

(0,0)

(W,H)

2D Screen 
Coordinates

2D Pixel 
Coordinates

3D Coordinates

Projection Rasterization

Optimization-Based Methods



“is this pixel covering the object”  binary→

Differentiable Rasterization & Rendering

Well studied problem!

Laine et al., 2020

Optimization-Based Methods



3D Optimization With a 2D Signal

Differentiable 

Renderer

Optimization-Based Methods

Pixel Values

Image Features

Pixel Gradients



Types of 2D Signal

Pixel Values

Image Features

Pixel Gradients

Optimization-Based Methods



Pixel Supervision

• Directly compute L2 loss on the pixels of each image


• Useful for when you have exact target images at the pixel level


• Often this is not the case…

L2 Loss

Optimization-Based Methods



Types of 2D Signal

Image Features

Optimization-Based Methods



Feature Similarity Supervision

“red heart-shaped sunglasses”

Image + Text 

Feature Encoder

Feature 
Similarity Loss

Optimization-Based Methods

or

Useful for high level, semantic targets



Feature Similarity Applications — Text-Driven

Optimization-Based Methods

Text2Mesh, Mitchel et al., 2022

CLIP-Mesh, Khalid et al., 2022

TextDeformer, Gao et al., 2023

Stylization

Deformation

Generation



• Curves and rended images to not align at the pixel level


• However, they are aligned in semantic feature space!

Feature Similarity Applications — Image Driven

Optimization-Based Methods

Wir3d, Liu et al., 2025

Goal: extract curve abstraction from images of a 3D shape



Types of 2D Signal

Pixel Gradients

Optimization-Based Methods



• Diffusion models learn a mapping between distributions


• During training: add noise to images, learn to de-noise


• Can we use this to supervise our renders?

Score Distillation — Diffusion Models

Noise Distribution Target Distribution

θ

Optimization-Based Methods - Score Distillation



• Score Distillation Sampling 

does exactly this!


• Use the diffusion training 
objective


• Instead of minimizing the loss 
w.r.t. the model parameters, do 
so w.r.t the 2D rendered image

Score Distillation Sampling (SDS)

DreamFusion, Poole et al., 2023

Optimization-Based Methods - Score Distillation
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Optimization-Based Methods - Score Distillation
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SDS Extensions: Higher Resolution

Optimization-Based Methods - Score Distillation

• Can we get higher resolution supervision 
than standard SDS?


• Standard pixel-based SDS supervises at 
64x64 resolution


• This is lower resolution than most image 
models generate at… Why?



Cascaded Diffusion Models (CDMs)

Cascaded Diffusion Models for High Fidelity Image Generation [Journal of Machine Learning Research 2022]

• CDMs used to increase resolution for 2D diffusion models


• Consist of multiple models (stages) stacked on top of each other


• These stages produce increasingly higher resolution outputs

Higher res stages w/ distillation?

Optimization-Based Methods - Score Distillation



Optimization-Based Methods - Score Distillation

• Standard SDS was built using CDMs, but only uses the first low resolution 
base stage!


• Why not use the higher resolution stages as well?


• To do so, use Cascaded Score Distillation (CSD), distill scores from the 
higher resolution stages in addition to the base stage

Multi-Resolution SDS



Cascaded Score Distillation

Optimization-Based Methods

3D Paintbrush, Decatur et al., 2024



CSD vs SDS

SDS

CSD

“colorful crochet 

turtle shell”
“cactus base” “tiger stripe shirt”

3D Paintbrush, Decatur et al., 2024

Optimization-Based Methods - Score Distillation



Applications

Theme: “task-specific structure to rein in noisy supervision signal”

3D Paintbrush 

Decatur et al. 2024

Geometry in Style 

Dinh et al. 2025

Optimization-Based Methods - Score Distillation



Application: Geometry in Style

a pineapple-themed 
vase

an A-pose knight 
in armor

a cute animal-themed chair a lego goat

Geometry in Style 

Dinh et al. 2025

Optimization-Based Methods - Score Distillation



Identity-preserving geometric stylization

“a 3d render of a lego goat”

Lego geometric texture

sharper corners,  
flatter faces

high-level parts & 

proportions preserved

Optimization-Based Methods - Score Distillation



Normals as style

Normal-Driven Spherical Shape Analogies, Liu & Jacobson 2021

Preserves identity, but 

limited to simple templates
What if we learned or optimized normals 

on the shape to be stylized…  
to get any desired style?





Geometry in Style: pipeline

differentiable As-Rigid-As-Possible (dARAP)



dARAP: Local step & Normals 



dARAP: Global step

• Fixing per-vertex rotations, find the best fit deformed vertex positions


• Is a Poisson equation with cotangent laplacian 


• → Use differentiable solving technique from Neural Jacobian Fields  
(Aigerman et al., 2022)


• One local step + global step pair, no iterating many like in classical ARAP.



More results



What makes this supervision work?

• Silhouette, shading in images smoothly  

reflect the underlying geometry


• Silhouette: High-level shape


• Shading: Surface texture, normals, bumps


• ARAP rotation-based representation gives desired solution 

space for task


• Linear solves smooth out noisy SDS supervision

a 3d render of a pineapple-
themed vase



More than just stylization…

̂q = [ux, uy, uz, sx, sy, sz]

per-vertex

rotation

per-vertex

scale (NEW)

+ remeshing



Why does optimization work so well for generation?

Optimization-Based Methods

1. Naturally visualizable (colors, geometry)


2. Small changes in the 3D quantity result in smooth, 
interpretable changes in the visualization

Generative methods typically have these key properties…

Stylized MeshMesh

Color 

Attributes

“Donut with 

sprinkles”



Visualizable Quantities

Stylization

Deformation

Visualize RGB 

Colors

Visualize 

Geometry

Optimization-Based Methods



• Can we apply this to analytical quantities as well?


• Need to be able to produce smooth visualizations of our analytical quantity!

Analysis via Synthesis
How can we use these optimization based losses beyond generation?

Optimization-Based Methods

Can we apply this to something like segmentation?



Analysis via Synthesis

• Generative approaches demonstrate 
semantic part understanding


• No explicit segmentation, but can we 
tease it out with a visualization + 
optimization?

Text2Mesh, Michel et al. CVPR 2022

Steve JobsInput 

Facial hair

Pant creases Shirt folds

Optimization-Based Methods



How do we visually represent a localization?

• Segmentations are typically discrete…

Stylized MeshMesh

Weighted Blend

(x, y, z)

Optimization-Based Methods

3D Highlighter, Decatur et al., 2023



Results!

NecklacePoncho Headphones

Optimization-Based Methods

3D Highlighter, Decatur et al., 2023



Out of Distribution Localization

Optimization-Based Methods



Review of Optimization-Based Methods

Pros


• Can distill the deep understanding of large 2D-
trained models to 3D 


• Usually no sharp boundaries between specific 
views due to many iterations


Cons


• Janus effect


• Very slow!

Optimization-Based Methods



Backprojection-Based Methods



Backprojection of...

Backprojection

RGB Values Deep Features

TEXTure, Richardson et al. 2023

Text2Tex, Chen et al. 2023

Diff3f, Dutt et al. 2024

DFD, Liu et al. 2026

Back to 3D, Wimmer et al. 2023



Pixel to 3D Mapping

Backprojection

Render is a surface resampling method

ℝ3 ∋ P(i, j) = λ(i, j) ⋅ [V0V1V2]

# samples determined by render resolution, NOT surface

V0

V1 V2

V0

V′￼1 V′￼2

= λ′￼(i, j) ⋅ [V0V′￼1V′￼2]



Pixel to 3D Mapping

Backprojection

Barycentric coordinates from rasterization 
give pixel to 3D mapping for free  



Backprojection

What if you have features not at the pixel level?



Most modern image encoders do not give pixel-level features 

Image Feature Aliasing Problem 

Feature Aliasing Correction

Patchification Convolution



Most modern image encoders do not give pixel-level features 

Image Feature Aliasing Problem 

Feature Aliasing Correction

Patchification Convolution

Aliasing occurs in the upsampling



Segmentation-Based Feature Antialiasing

“MeshFM: 2D Features Are All You 
Need for 3D Shape Understanding”       

Zhou et al. 2026

Feature Aliasing Correction



Segmentation-Based Feature Antialiasing

“MeshFM: 2D Features Are All You 
Need for 3D Shape Understanding”       

Zhou et al. 2026

Feature Aliasing Correction

Outlier substitution



Multi-view Backprojection

Backprojection

How to aggregate inconsistent signal from multiple views? 

V

U

Query coordinates Feature quantities

Vertices

UV Map

Neural 
Field



Vertex Aggregation

Backprojection

Aggregate into vertices: lossy & dependent on mesh resolution 



Vertex Aggregation

Backprojection

Aggregate into vertices: lossy & dependent on mesh resolution 

>50% surface pixels do not contribute at 82  render resolution



UV Aggregation

Backprojection

Aggregate into UV map: requires UVs & quality depends on texel density

Backproject



UV Aggregation

Backprojection

Aggregate into UV map: requires UVs & quality depends on texel density

V

U

Backproject



UV Aggregation

Backprojection

Aggregate into UV map: requires UVs & quality depends on texel density

vsV

U

Backproject



UV Aggregation

Backprojection

Aggregate into UV map: requires UVs & quality depends on texel density

vsV

U

Confidence scoring from normal alignment

Text2Tex 

Chen et al. 2023

Backproject

TEXTure 

Richardson et al. 2023



Neural Field Aggregation

Backprojection

Query 
coordinates

Smoothly interpolates sample data

Function over ambient space (not restricted to discretization)

Feature 
quantities

Neural Field



Feature Fields: Representation Agnostic

Feature Field

Transfer across remeshing Transfer across representations

Distill

QueryCoarsen

28m tris

280k tris Gaussian Splat NeRF Point Cloud

Distill

Mesh

“Deep Feature 
Deformation 

Weights”           
Liu et al. 2026



Feature Fields: Unrestricted Query Domain

Feature Field

Ambient space query: off-surface evaluation for symmetry detection 

“Visual” symmetry: not captured by 
either extrinsic or intrinsic symmetry

“Deep Feature 
Deformation 

Weights”           
Liu et al. 2026



Feature Fields: Unrestricted Query Domain

Feature Field

Texture space query: find all texels relevant to surface point 

Rasterize 
position map 

using UVs

Query features 
and find similar 

pixels

Threshold & 
segment



2D Feature Applications in 3D

Feature Field

Editing

Deformation Zero-Shot Traditional Tasks

More to come!

Segmentation Correspondence Classification

NeRF Extraction Deletion

Decomposing NeRF for Editing via Feature Field Distillation 
Kobayashi et al. 2022

2D Features Are All You Need for 3D Shape Understanding  
Zhou et al. 2026Deep Feature Deformation Weights                                              

Liu et al. 2026

Generation

Structured 3D Latents for Scalable and Versatile 3D Generation 
Xiang et al. 2025   

https://pfnet-research.github.io/distilled-feature-fields/


Deep Features for Linear Blend Skinning

V′￼i =

K

∑
k=1

WikDkVi

V′￼i /Vi Deformed vertex / starting vertex

Dk Deformation for control structure k

Wik
Blending weight


(defines deformation subspace)

Control structures: point/region handles, skeleton rig, cage nodes, etc …

Weights sometimes blend control structure positions rather than deformations, 
but we collapse that difference for simplicity.  

Deep Feature Deformation Weights | Liu et al 2026

Obtaining  is expensive and is dependent on the specific control structure set. W



Deep Features for Linear Blend Skinning

V′￼i =

K

∑
k=1

WikDkVi

V′￼i /Vi Deformed vertex / starting vertex

Dk

Wik

Deep Feature Deformation Weights 

Every surface point / vertex can be a control handle 

Deep Feature Deformation Weights | Liu et al 2026

Deformation for control structure k

Blending weight

(defines deformation subspace)



Deep Features for Linear Blend Skinning

V′￼i =

K

∑
k=1

WikDkVi

V′￼i /Vi Deformed vertex / starting vertex

Dk

Wik

Deep Feature Deformation Weights | Liu et al 2026

Deep Feature Deformation Weights 

Every surface point / vertex can be a control handle 

Wik = 1 − | |Φ(Vi) − Φ(Hk) | |
2

Φ Feature field Hk
Point handle k

Deformation for control structure k

Blending weight

(defines deformation subspace)



Deep Features for Linear Blend Skinning

V′￼i =

K

∑
k=1

WikDkVi

V′￼i /Vi Deformed vertex / starting vertex

Dk

Wik

Deep Feature Deformation Weights | Liu et al 2026

Deep Feature Deformation Weights 

Every surface point / vertex can be a control handle 

Wik = 1 − | |Φ(Vi) − Φ(Hk) | |
2

Φ Feature field Hk
Point handle k

Deformation for control structure k

Blending weight

(defines deformation subspace)

Fast to 
compute



Deep Feature Deformation Weights | Liu et al 2026

Deep Feature Deformation Weights 

Every surface point / vertex can be a control handle 

Wik = 1 − | |Φ(Vi) − Φ(Hk) | |
2

Φ Feature field Hk
Point handle k

For unit-norm features, 




 Negative weights unintuitive 
and thus clamp to 0.

−1 ≤ Wik ≤ 1

“Points with similar visual features should co-deform”



Deep Feature Deformation Weights | Liu et al 2026



Tradeoffs

No partition of unity/linear precision | Meaningful single-handle deformations 

Deep Feature Deformation Weights | Liu et al 2026



Tradeoffs

No partition of unity/linear precision | Meaningful single-handle deformations 

Deep Feature Deformation Weights | Liu et al 2026



No partition of unity/linear precision | Meaningful single-handle deformations 


No geometry-based regularization | Real-time control point updates

Tradeoffs

Deep Feature Deformation Weights | Liu et al 2026

Local rigidity



No partition of unity/linear precision | Meaningful single-handle deformations 


No geometry-based regularization | Real-time control point updates / sculpting

Tradeoffs

Deep Feature Deformation Weights | Liu et al 2026

Local rigidity DFD



No partition of unity/linear precision | Meaningful single-handle deformations 


No geometry-based regularization | Real-time control point updates 


Need to optimize feature field | Mesh resolution & representation agnostic

Tradeoffs

Deep Feature Deformation Weights | Liu et al 2026



No partition of unity/linear precision | Meaningful single-handle deformations 


No geometry-based regularization | Real-time control point updates 


Need to optimize feature field | Mesh resolution & representation agnostic

Tradeoffs

Deep Feature Deformation Weights | Liu et al 2026



No partition of unity/linear precision | Meaningful single-handle deformations 


No geometry-based regularization | Real-time control point updates 


Need to optimize feature field | Mesh resolution & representation agnostic

Tradeoffs

Deep Feature Deformation Weights | Liu et al 2026

Mesh

GS

NeRF

PC



No partition of unity/linear precision | Meaningful single-handle deformations 


No geometry-based regularization | Real-time control point updates 


Need to optimize neural field | Mesh resolution & representation agnostic


Weights determined by black box image features

Tradeoffs

Deep Feature Deformation Weights | Liu et al 2026



Backprojection of...

Backprojection

Pixels

TEXTure, Richardson et al. 2023

Text2Tex, Chen et al. 2023

Deep Features

Diff3f, Dutt et al. 2024

DFD, Liu et al. 2026

Back to 3D, Wimmer et al. 2023

Projection Invariant

Geometric Quantities

Projection Equivariant

Image space gradients1

1Jacobson, 2013.  

https://alecjacobson.com/weblog/3367.html



Future Work: Compute & back project image gradients



Future Work: Compute & back project image gradients

Render



Future Work: Compute & back project image gradients

Render Generate



Future Work: Compute & back project image gradients

Backproject & unproject

Render Generate



Conclusion

2D Feature Applications

2D priors are useful for 3D tasks when: 


• 3D data is scarce 


• The objective benefits from visual reasoning


• The quantity can be visually represented


Not relevant for all tasks, but can be very powerful when leveraged 
properly!




Thank you!


