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Midterm 2 on Tuesday, April 28 in class
Syllabus: Lecture 9 onwards (Image classification with CNNs) till today’s 
lecture.


Homework 3 due today!


We will have the project poster session on May 7 (Thursday), from 
4:00-7:30 PM at CSL Atrium. Everyone should attend the entire session.




Subhransu Maji (UMass, Spring 26)CMPSCI 670

3D representations

3D recognition architectures
• Muti-view methods

• Voxel-based methods

• Point-based methods


Recent trends
• Image to 3D


Slides credits: Hang Su & Hao Su

Agenda (Recap)

3



Multi-View	CNN:	Summary	(Recap)

• A	collection	of	2D	views	is	highly	informative	for	
recognizing	3D	objects.	


• Using	2D	CNNs	allows	leveraging	powerful	
image	architectures	and	available	supervision.	


• MVCNNs	relate	3D	shapes	to	2D	images,	
enabling	cross-domain	applications.	
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3D CNN on Volumetric Data (Recap)

3D convolution uses 4D kernels
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Cornell-RGBD	[Koppula	et	al.	NIPS	'11]

KITTI	[Geiger	CVPR	'12,	Qi	et	al.	arXiv	'17]

Point	clouds	are	highly	sparse,	and	lack	of	grid	structure.

Ruemonge2014	[Riemenschneider	et	al.	ECCV	'14]



Construct a Symmetric Function (Recap)

simple symmetric function

PointNet (vanilla)

h

g γ

Observe:

f (x1, x2,…, xn ) = γ ! g(h(x1),…,h(xn )) is symmetric if      is symmetricg

(1,2,3)

(1,1,1)

(2,3,2)

(2,3,4)



Point Convolution As Graph Convolution (Recap)

• Points -> Nodes
• Neighborhood -> Edges
• Graph CNN for point cloud processing

Wang et al., “Dynamic Graph CNN for Learning on Point Clouds”, 
Transactions on Graphics, 2019

Liu et al., “Relation-Shape Convolutional Neural Network for Point 
Cloud Analysis”, CVPR 2019
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High-Dimensional	Filtering

𝐯′￼𝑖 = ∑
𝑗∈Ω(𝑖)

𝐖[𝐩𝑗 − 𝐩𝑖]𝐯𝑗 𝐯′￼𝑖 = ∑
𝑗∈Ω(𝑖)

𝐖[𝐟𝑗 − 𝐟𝑖]𝐯𝑗

input	 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spatial	convolution high-dim.	filtering

Bilateral	filter Conv2d
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High-Dimensional Filtering
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Efficient	Sparse	High-Dimensional	Filtering	(Recap)

Bilateral	Convolution	Layer	(BCL)	[1,2,3]
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[1]	A.	Adams,	J.	Baek	and	M.	A.	Davis.	Fast	High-Dimensional	Filtering	Using	the	Permutohedral	Lattice.	Computer	Graphics	Forum	'10

[2]	V.	Jampani,	M.	Kiefel	and	P.	V.		Gehler.	Learning	Sparse	High	Dimensional	Filters:	Image	Filtering,	Dense	CRFs	and	Bilateral	Neural	Networks.	CVPR	'16

[3]	M.	Kiefel,	V.	Jampani	and	P.	V.	Gehler.	Permutohedral	Lattice	CNNs.	ICLR	'15	workshops




Recent trends



Image (s) to 3D
• Task: Given input image(s), estimate the underlying 3D structure.
• Scale ambiguity: Outputs are often estimated only up to an unknown 

scale

• Monocular depth estimation: Single image to depth
• Early models were ConvNet-based and trained on small datasets
• Recent models are based on diffusion models and transformers, and are 

trained on massive datasets.

• Multi-view 3D: Multiple images as input; simultaneously estimate camera 
poses and the underlying geometry for a more complete 3D reconstruction

• Recent methods are often transformer-based and trained on massive 
datasets



Monocular depth estimation



Monocular depth estimation

Fine-tuned “Stable Diffusion” to 
model P(depth | image)

Training takes 2.5 days on a 
single NVIDIA RTX 4090 GPU

Trained on Hypersim (a 
photorealistic indoor scene 
dataset) 



Monocular depth estimation



DUSt3R: Geometric 3D Vision Made Easy
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DUSt3R: Geometric 3D Vision Made Easy



DUSt3R: Geometric 3D Vision Made Easy



VGGT: Visual Geometry Grounded Transformer



VGGT: Visual Geometry Grounded Transformer



Depth Anything 3



Summary

• Interests	in	3D	recognition	models	are	rapidly	growing	as	3D	sensors	and	
datasets	become	more	accessible.	


• Extending	CNNs	to	3D	is	non-trivial	because	3D	data	like	polygon	meshes	or	
point	clouds	lack	regular	grid	structure.	


• Recent	advances	in	image	to	3D	combining	classical	geometric	pipelines	for	
multi-view	reconstruction,	synthetic	data,	transformer	architectures.


• Many	techniques	based	on	view-based	methods,	sparse	convolutions,		
graph	neural	networks,	transformers,	etc.


• However,	3D	data	is	still	lacking	relative	to	images.
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