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2D vs 3D Models

“An astronaut riding a horse”



3D Understanding in 2D Models

StyleGAN knows Normal, Depth, Albedo, and More
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Shadows Don’t Lie and Lines Can’t Bend!
Generative Models don’t know Projective Geometry...for now
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Generated images follow decodable visualization schemes specified
via prompts; visualizations can be decoded back to vision outputs
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Vision Banana is a generalist vision model in
both visual generation and understanding,
surpassing or rivaling specialist models.




3D Understanding in 2D Models

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

StyleGAN knows Normal, Depth, Albedo, and More ~ Shadows Don’t Lie and Lines Can’t Bend!
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Bridging the Gap Between 2D and 3D

The render Is the key bridge between 2D and 3D

Viey,

(0x , di)

(I) Azzarelli et al., 2023

3D 2D



Bridging the Gap Between 2D and 3D

The render Is the key bridge between 2D and 3D
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The render Is the key bridge between 2D and 3D
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Challenges When Converting Between 2D and 3D

32x32

“Irish Setter”
o > >
Model 1 Model 2

Multi-view consistency Resolution




Bridging the Gap Between 2D and 3D

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

A quick look at the projection and rasterization pipeline

Projection Rasterization

(W,H)
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3D Camera 2D Screen 2D Pixel
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Bridging the Gap Between 2D and 3D

Once mapped, we can use any 2D signal!

2D

Pixel Values

No 3D data needed!!!|age Features

Pixel Gradients
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Differentiable Mapping Between 3D and 2D
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Optimization-Based Methods

Differentiable Rasterization & Rendering

“Is this pixel covering the object” — binary

Laine et al., 2020



“Is this pixel covering the object” — binary

Optimization-Based Methods

Differentiable Rasterization & Rendering
Well studied problem!

Modular Primitives for High-Performance Differentiable Rendering

SAMULI LAINE, NVIDIA

JANNE HELLSTEN, NVIDIA

TERO KARRAS, NVIDIA

YEONGHO SEOL, NVIDIA

JAAKKO LEHTINEN, NVIDIA and Aalto University
TIMO AILA, NVIDIA

We present a modular differentiable renderer design that yields performance
superior to previous methods by leveraging existing, highly optimized hard-
ware graphics pipelines. Our design supports all crucial operations in a
modern graphics pipeline: rasterizing large numbers of triangles, attribute
interpolation, filtered texture lookups, as well as user-programmable shading
and geometry processing, all in high resolutions. Our modular primitives al-
low custom, high-performance graphics pipelines to be built directly within
automatic differentiation frameworks such as PyTorch or TensorFlow. As
a motivating application, we formulate facial performance capture as an
inverse rendering problem and show that it can be solved efficiently using
our tools. Our results indicate that this simple and straightforward approach
achieves excellent geometric correspondence between rendered results and
reference imagery.

CCS Concepts: « Computing methodologies — Rasterization; Shape
inference.

Additional Key Words and Phrases: Differentiable rendering, rasterization,
motion capture.
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1 INTRODUCTION

Differentiable rendering is a fundamental building block in machine
learning of 3D geometry. Typically training data is available only
as images, and finding a corresponding 3D representation requires
analysis by synthesis, i.e., rendering candidate images, computing the
loss based on training and candidate images, and propagating the
errors back to 3D positions and other scene attributes. Many classical
computer graphics and vision problems including the estimation of
reflectance, geometry, lighting, and camera parameters can be cast
into this inverse rendering framework [Patow and Pueyo 2003].
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Much of modern machine learning makes use of first order (gra-
dient-based) optimization techniques implemented using backprop-
agation. From a computational point of view, the explosive growth
in model sizes and capabilities has, for a large part, relied on the
availability of primitive operations that allow massively parallel and
coherent execution of both the forward and backward (gradient)
passes, allowing highly complex computation graphs to be built
out of them. However, the majority of effort in creating efficient
primitive operations has focused on operating on densely-sampled
data stored in multidimensional regular grids. These kind of opera-
tions alone are not sufficient for 3D rendering because the mapping
from a scene representation to pixel values is highly irregular and
dynamic. As such, specialized differentiable rendering algorithms
have emerged for solving two problems:

(1) Forward pass: Given the factors that affect the shape and
appearance of a 3D scene, render a 2D image; and

(2) Backward pass: Given the gradient of a loss function defined
on the output image pixels, compute the gradient of the loss
with respect to the input shape and appearance factors.

This interface is universally used by autodifferentiation frameworks
such as PyTorch and TensorFlow, and it allows 3D rendering to
be used as a building block in a complex model that is trained by
modern stochastic first order optimization techniques.

Despite its long history, differentiable rendering can be consid-
ered a nascent field due to the recent proliferation of algorithms
and applications. Most previous research is targeted towards a spe-
cific use case (e.g., pose or shape estimation), and is typically only
evaluated on downstream tasks as part of a larger machine learning
system [Chen et al. 2019; Kato et al. 2018; Liu et al. 2019]. These spe-
cific use cases and data sets allow optimizations and design choices
that do not scale to other uses. For example, low geometric com-
plexity may make it acceptable to not parallelize over triangles, but
this quickly backfires on a larger scene; single objects viewed in a
vacuum may enable one to disregard the effects of mutual occlusion
between triangles when computing gradients, but this approxima-
tion is untenable in a scene with non-trivial depth complexity.

Another parallel line of research studies differentiable physically-
based light transport simulation that models complex effects such
as area light sources and indirect illumination [Li et al. 2018; Loubet
et al. 2019; Nimier-David et al. 2019]. Built on Monte Carlo sampling,
these methods seek the best attainable image quality and accuracy
at the cost of longer rendering times.

ACM Trans. Graph., Vol. 39, No. 6, Article 194. Publication date: December 2020.

Laine et al., 2020
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Optimization-Based Methods

Pixel Supervision

* Directly compute L2 loss on the pixels of each image

L2 Loss
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Pixel Supervision

* Directly compute L2 loss on the pixels of each image

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

e Often this is not the case...

L2 Loss

Optimization-Based Methods
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Feature Similarity Supervision

Useful for high level, semantic targets
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Optimization-Based Methods

Feature Similarity Supervision

Useful for high level, semantic targets
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Feature Similarity Applications — Text-Driven
Stylization 0

Iron Man Brick Lamp Colorful Crochet Candle Astronaut Horse

Text2Mesh, Mitchel et al., 2022

Generation &

CLIP-Mesh, Khalid et al., 2022
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Feature Similarity Applications — Text-Driven

Stylization

Iron Man Brick Lamp Colorful Crochet Candle Astronaut Horse

Text2Mesh, Mitchel et al., 2022

Generation i

CLIP-Mesh, Khalid et al., 2022

L@~

Source “Stag” “Turtle” “Giraffe” “Alligator” “Snail”
TextDeformer, Gao et al., 2023

Deformation
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Goal: extract curve abstraction from images of a 3D shape
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Optimization-Based Methods

Feature Similarity Applications — Image Driven
Goal: extract curve abstraction from images of a 3D shape

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

 However, they are aligned in semantic feature space!

Wir3d, Liu et al., 2025
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Optimization-Based Methods - Score Distillation

Score Distillation — Diffusion Models

» 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?

Noise Distribution Target Distribution
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Score Distillation Sampling (SDS)
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Optimization-Based Methods - Score Distillation

Score Distillation Sampling (SDS)

» Score Distillation Sampling
does exactly this!

* Use the diffusion training
objective

* |nstead of minimizing the loss
w.r.t. the model parameters, do
so w.r.t the 2D rendered image

DreamFusion, Poole et al., 2023
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Optimization-Based Methods - Score Distillation

SDS Extensions: Higher Resolution

* Can we get higher resolution supervision
than standard SDS?

o Standard pixel-based SDS supervises at
64x64 resolution

* This is lower resolution than most image
models generate at... Why?
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Cascaded Diffusion Models (CDMs)
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Cascaded Diffusion Models for High Fidelity Image Generation [Journal of Machine Learning Research 2022]
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Cascaded Diffusion Models (CDMs)

e CDMs used to increase resolution for 2D diffusion models

256X 256

Class ID = 213

“Irish Setter”

o >
Model 1

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



Optimization-Based Methods - Score Distillation

Cascaded Diffusion Models (CDMs)

e CDMs used to increase resolution for 2D diffusion models

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

256X 256

Class ID = 213

“Irish Setter”

o >
Model 1

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



Optimization-Based Methods - Score Distillation

Cascaded Diffusion Models (CDMs)

e 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

256X 256

Class ID = 213

“Irish Setter”

o >
Model 1

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



Cascaded Diffusion Models (CDMs)

e CDMs used to increase resolution for 2D diffusion models

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

® Th — ZIal= Aldala ‘l — l. II.‘ — . a

Higher res stages w/ dlstlllatlon’?

64 x 64 e ],
32)(32 .- - -‘ - ‘ ' \ q:‘.

Class ID = 213 .

“Irish Setter”
’ ) ) e . i
Model 1 - Model 2 B

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




Optimization-Based Methods - Score Distillation

Multi-Resolution SDS



Optimization-Based Methods - Score Distillation

Multi-Resolution SDS

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



Optimization-Based Methods - Score Distillation

Multi-Resolution SDS

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

 Why not use the higher resolution stages as well?



Multi-Resolution SDS

o 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
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Cascaded Score Distillation

3D Paintbrush, Decatur et al., 2024
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CS D VS SDS turtle shell” cactus base tiger stripe shirt

SDS

CSD

3D Paintbrush, Decatur et al., 2024



Optimization-Based Methods - Score Distillation

Applications

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

3D Paintbrush Geometry in Style
Decatur et al. 2024 Dinh et al. 2025
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Application: Geometry in Style
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Geometry in Style
Dinh et al. 2025
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Application: Geometry in Style

& a 3d render of...

a pineapple-themed an A-pose knight a cute animal-themed chair a lego goat
vase In armor

Geometry in Style
Dinh et al. 2025
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Identity-preserving geometric stylization

Lego geometric texture

sharper corners,
flatter faces

high-level parts &
proportions preserved

“a 3d render of a lego goat”
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Normal-Driven Spherical Shape Analogies, Liu & Jacobson 2021

Preserves identity, but
limited to simple templates



Normals as style

' :

. 4

Normal-Driven Spherical Shape Analogies, Liu & Jacobson 2021

Preserves identity, but What if we learned or optimized normals
limited to simple templates on the shape to be stylized...
to get any desired style?
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Geometry in Style: pipeline

Input mesh
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solve rendering
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Input prompt




Geometry in Style: pipeline

backpropagate to tdrget normals

. 5

- ‘ —»| Semantic loss

% a 3d render of a
pineapple-themed vase

Input mesh Target Local Global Differentiable Input prompt
normals rotations solve rendering
\- /

differentiable As-Rigid-As-Possible (AARAP)



dARAP: Local step & Normals

________

Original & target
normal

(
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Local orthogonal Procrustes problem

Re = argmin ) wij||Reei; — eijl3 + Aag||Reuy — Gy|3

R
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dARAP: Local step & Normals

________

Original & target
normal

(

Nk U {uk}

N U {ﬂk} B

Local orthogonal Procrustes problem

Re = argmin ) wij||Reei; — eijl3 + Aag||Reuy — Gy|3

R

(zaJ)ENk



dARAP: Global step
Y = argmin Z Z Wi j

Vo ke{1...|V|} (i,5)ENG

Rieij — &3

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

* |s a Poisson equation with cotangent laplacian

 — Use differentiable solving technigue from Neural Jacobian Fields
(Aigerman et al., 2022)

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



More results

a 3d render of an A-pose...

2 a 3d render of a...

@@@@ TP

Chinese balloon samurai warrior in [ego chair Iego chair Iego chair

terracotta warrior person traditional armor

lego pig

a 3d render of a(n)...

origami chair butterfly-themed chair church pulpit l ‘ l

vase made of lego bricks vase made of lego bricks vase made of lego bricks

lego camel

retro game joystick  braided pillar candle  upright fountain pen



What makes this supervision work?

' » Silhouette, shading in images smoothly
reflect the underlying geometry

- » Silhouette: High-level shape

W

» Shading: Surface texture, normals, bumps

 ARAP rotation-based representation gives desired solution
5 space for task

* Linear solves smooth out noisy SDS supervision

a 3d render of a pineapple-
themed vase



More than just stylization...



More than just stylization...

q = lu,u,u,s,,s,s,|

per-vertex
rotation



More than just stylization...

q = lu,u,u,s,,s,s,|

per-vertex  per-vertex

rotation  scale (NEW) + remeshing



More than just stylization...

q=lu,u,u,s,.,s,s]

per-vertex  per-vertex

rotation  scale (NEW) + remeshing
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Optimization-Based Methods

Why does optimization work so well for generation?
Generative methods typically have these key properties...
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Optimization-Based Methods

Why does optimization work so well for generation?
Generative methods typically have these key properties...
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Optimization-Based Methods

Why does optimization work so well for generation?
Generative methods typically have these key properties...
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Optimization-Based Methods

Visualizable Quantities
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Optimization-Based Methods

Visualizable Quantities

L Visualize RGB
Stylization S
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Optimization-Based Methods

Visualizable Quantities
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Optimization-Based Methods

Visualizable Quantities

Visualize RGB
Colors

Stylization

Iron Man Colorful Crochet Candle ”’ Astronaut orse

d!i“é i~vd @

Brick Lamp

Visualize
Geometry

Deformation

“Alligator “Ladybug”



Optimization-Based Methods

Analysis via Synthesis

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

How can we use these optimization based losses beyond generation?

e Can we apply this to analytical quantities as well?



Optimization-Based Methods

Analysis via Synthesis

How can we use these optimization based losses beyond generation?

e Can we apply this to analytical quantities as well?

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



Optimization-Based Methods

Analysis via Synthesis

How can we use these optimization based losses beyond generation?

e Can we apply this to analytical quantities as well?

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

Can we apply this to something like segmentation?



Optimization-Based Methods

Analysis via Synthesis

Input Steve Jobs

Text2Mesh, Michel et al. CVPR 2022



Optimization-Based Methods

Analysis via Synthesis

 (Generative approaches demonstrate
semantic part understanding

Input Steve Jobs

Text2Mesh, Michel et al. CVPR 2022



Optimization-Based Methods

Analysis via Synthesis

 Generative approaches demonstrate Facial hair
semantic part understanding

Input Steve Jobs

Text2Mesh, Michel et al. CVPR 2022



Optimization-Based Methods

Analysis via Synthesis

 Generative approaches demonstrate Facial hair
semantic part understanding

Shirt folds

Input Steve Jobs

Text2Mesh, Michel et al. CVPR 2022



Optimization-Based Methods

Analysis via Synthesis

 Generative approaches demonstrate Facial hair
semantic part understanding ™

Y
'
%,
o
i
s
VI'
g !
» ‘I ]

Pant creases Shirt folds

Input Steve Jobs

Text2Mesh, Michel et al. CVPR 2022



Analysis via Synthesis

 (Generative approaches demonstrate
semantic part understanding

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

Optimization-Based Methods
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Pant creases

Input Steve Jobs

Text2Mesh, Michel et al. CVPR 2022

Facial hair

Shirt folds



Optimization-Based Methods

How do we visually represent a localization?

3D Highlighter, Decatur et al., 2023



Optimization-Based Methods

How do we visually represent a localization?

 Segmentations are typically discrete...

3D Highlighter, Decatur et al., 2023
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How do we visually represent a localization?

 Segmentations are typically discrete...
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3D Highlighter, Decatur et al., 2023



Optimization-Based Methods

How do we visually represent a localization?

 Segmentations are typically discrete...
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Optimization-Based Methods

How do we visually represent a localization?

 Segmentations are typically discrete...
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Highlighter
1-p| X

\\ Mesh / \\ Stylized Mesh /
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Weighted Blend

3D Highlighter, Decatur et al., 2023



Optimization-Based Methods

Results!

3D Highlighter, Decatur et al., 2023



Optimization-Based Methods

Results!

Poncho Necklace Headphones

3D Highlighter, Decatur et al., 2023



Optimization-Based Methods

Out of Distribution Localization

PN | ‘ Cog ¥ Y

Necklace Snout Shoes Shoes Mouth Floor
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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

Back (186°) view

cons

e Janus effect

Side (315°) view

* \Very slow!




Backprojection-Based Methods




Backprojection-Based Methods




Backprojection

Backprojection of...

RGB Values Deep Features

'Modified Diffusion Process
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decorated
diffusion shape
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T e xt 2T e x, C h e n et a I ) 20 2 3 Symmetric Edit Symmetric Pose Change Asymmetric Pose Change Local Pose Change
DFD, Liu et al. 2026
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Pixel to 3D Mapping




Backprojection

Pixel to 3D Mapping
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Backprojection

Pixel to 3D Mapping
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Backprojection

Pixel to 3D Mapping

R’ 3 P(i,)) = A(i,)) - [VoV, V)]
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Backprojection

Pixel to 3D Mapping

R* 3 P(i,)) = 2. )) - VoV Vo] = 4G ) - [V Vi Vi)
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Backprojection

Pixel to 3D Mapping

R 3 P(i,)) = A(i,)) - [VoVi Vo] = A, J) - [V, V; V5]

‘ -

Vi V,

Render Is a surface resampling method



Backprojection

Pixel to 3D Mapping

R 3 P(i,)) = A(i,)) - [VoVi Vo] = A, J) - [V, V; V5]

& -

# samples determined by render resolution, NOT surface

Vo Vo

Vi V,

Render is a surface resampling method



Pixel to 3D Mapping

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



Pixel to 3D Mapping

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



Backprojection

What if you have features not at the pixel level?
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Feature Aliasing Correction

Segmentation-Based Feature Antialiasing

3D Render
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Segmentation-Based Feature Antialiasing
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Segmentation-Based Feature Antialiasing
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Segmentation-Based Feature Antialiasing
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Segmentation-Based Feature Antialiasing
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Backprojection

Multi-view Backprojection

How to aggregate inconsistent signal from multiple views?
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Multi-view Backprojection

How to aggregate inconsistent signal from multiple views?



Backprojection

Multi-view Backprojection

Vertices

How to aggregate inconsistent signal from multiple views?



Backprojection

Multi-view Backprojection

Vertices

UV Map T
U

How to aggregate inconsistent signal from multiple views?



Backprojection

Multi-view Backprojection

Vertices
UV Map
Query coordinates Feature quantities
@
Neural — ::::
SQAALL
Field = 7

How to aggregate inconsistent signal from multiple views?



Backprojection

Vertex Aggregation

¢

Aggregate into vertices: lossy & dependent on mesh resolution



Backprojection

Vertex Aggregation

Aggregate into vertices: lossy & dependent on mesh resolution



Backprojection

Vertex Aggregation

Aggregate into vertices: lossy & dependent on mesh resolution



Backprojection

Vertex Aggregation

Aggregate into vertices: lossy & dependent on mesh resolution

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



Backprojection

UV Aggregation

Backproject

—>

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

Backproject

—>

L#

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

Backproject

—>

pa

L#

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




UV Aggregation

Backproject

—>

VS

A 4

L#

Backprojection

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



UV Aggregation

BackprOJect

N

VS

A 4

L#

Backprojection

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



UV Aggregation

4

Backproject

—>

VS

A 4

U

Backprojection

Confidence scoring from normal alignment

profile view
N.v=0 N.V<0

Text2Tex
Chen et al. 2023

: TEXTure
', « Richardson et al. 2023
& ¢ A

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



UV Aggregation
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Backprojection

Confidence scoring from normal alignment

profile view
N.v=0 N.V<0

Text2Tex
Chen et al. 2023

: TEXTure
', « Richardson et al. 2023
& ¢ A

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



Neural Field Aggregation
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Neural Field Aggregation
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Neural Field Aggregation
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Neural Field Aggregation
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Backprojection

Neural Field Aggregation

Qu_ery Neural Field Fea“.“fe
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Function over ambient space (not restricted to discretization)



Feature Field

Feature Fields: Representation Agnostic
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Feature Fields: Representation Agnostic

Transfer across remeshing
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Feature Fields: Representation Agnostic

Transfer across remeshing
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Feature Fields: Representation Agnostic
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Feature Fields: Representation Agnostic

Transfer across remeshing Transfer across representations
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Feature Fields: Representation Agnostic

Transfer across remeshing Transfer across representations
Mesh

Distill
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Feature Fields: Representation Agnostic
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Feature Fields: Representation Agnostic

Transfer across remeshing Transfer across representations
Mesh

Distill
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Feature Field

Feature Fields: Unrestricted Query Domain




Feature Field

Feature Fields: Unrestricted Query Domain

Ambient space query: off-surface evaluation for symmetry detection




Feature Field

Feature Fields: Unrestricted Query Domain

Ambient space query: off-surface evaluation for symmetry detection
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Feature Field

Feature Fields: Unrestricted Query Domain

Ambient space query: off-surface evaluation for symmetry detection

“Visual” symmetry: not captured by
either extrinsic or intrinsic symmetry
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Deep Features for Linear Blend Skinning

Vi,/ V, Deformed vertex / starting vertex

K
)
‘/i T z ! WkD k‘/i Dk Deformation for control structure k
k=1

W. Blending weight
ik (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.

Obtaining W is expensive and is dependent on the specific control structure set.
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Deep Features for Linear Blend Skinning

K
Vi= 2 WiV,
k=1

Fast to
compute
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For unit-norm features,
-1 < W, <1

Negative weights unintuitive
and thus clamp to 0.

“Points with similar visual features should co-deform”
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Need to optimize neural field | Mesh resolution & representation agnostic

Weights determined by black box image features
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Conclusion

2D priors are useful for 3D tasks when:
e 3D data Is scarce
® [he objective benefits from visual reasoning

® [he quantity can be visually represented

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