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3D object representations

• Represent an object using its 3D model
• Recognition by alignment or geometric 

invariants

Roberts (1963)

Alignment: Huttenlocher & Ullman (1987) Invariants: Graf (2000)

https://www.semanticscholar.org/paper/Flexible-object-recognition-based-on-invariant-and-Graf/62c586083c55e8a991960eda630842c2a66cf038?p2df


Today: Category-specific 3D models

F. Bogo et al., Keep it SMPL: Automatic Estimation 
of 3D Human Pose and Shape from a Single Image, 

ECCV 2016 

M. Loper et al. SMPL: A Skinned Multi-Person Linear Model. 
SIGGRAPH Asia, 2015

http://smplify.is.tue.mpg.de/
http://smplify.is.tue.mpg.de/
https://smpl.is.tue.mpg.de/


Today: Generic category-level 3D models

A. Kanazawa et al. Learning Category-Specific Mesh Reconstruction from Image Collections. ECCV 2018

https://people.eecs.berkeley.edu/~kanazawa/papers/cmr_camera_ready.pdf


3D shape primitives: Generalized cylinders

Binford (1971), Agin & Binford (1973)

Zisserman et al. (1995)

Brooks (1981)

Zerroug & Nevatia (1994)



Marr’s 3D object representation

Marr & Nishihara (1978)



Psychological theory: Recognition by components

Primitives (geons) Objects

http://en.wikipedia.org/wiki/Recognition_by_Components_Theory

Biederman (1987)

http://en.wikipedia.org/wiki/Recognition_by_Components_Theory
https://geon.usc.edu/~biederman/publications/Biederman_RBC_1987.pdf


Today: Revival of 3D primitives

A. Gupta et al. Blocks World Revisited: Image Understanding Using Qualitative Geometry and Mechanics. ECCV 2010

https://www.cs.cmu.edu/~abhinavg/blocksworld/


Today: Revival of 3D primitives

S. Tulsiani et al. Learning Shape Abstractions by Assembling Volumetric Primitives. CVPR 2017

“Here we do not wish to reprise the classic debates on the value of volumetric primitives – while they were 
oversold in the 70s and 80s, they suffer from complete neglect now, and we hope that this demonstration of 
feasibility of learning how to assemble an object from volumetric primitives will reignite interest.”

https://shubhtuls.github.io/volumetricPrimitives/


Today: Revival of 3D primitives

T. Monnier et al. Differentiable Blocks World: Qualitative 3D 
Decomposition by Rendering Primitives. arXiv 2023

W. Liu et al. Marching-Primitives: 
Shape Abstraction from Signed 
Distance Function. CVPR 2023

https://arxiv.org/pdf/2307.05473.pdf
https://arxiv.org/pdf/2307.05473.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Liu_Marching-Primitives_Shape_Abstraction_From_Signed_Distance_Function_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Liu_Marching-Primitives_Shape_Abstraction_From_Signed_Distance_Function_CVPR_2023_paper.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Liu_Marching-Primitives_Shape_Abstraction_From_Signed_Distance_Function_CVPR_2023_paper.pdf
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H. Murase and S. Nayar, Visual learning and recognition of 3-d objects from appearance, IJCV 1995

Global appearance representations

Recognition demo movie

J. Mundy et al., An Experimental Comparison of Appearance and Geometric Model Based Recognition, 1996

http://murase.m.is.nagoya-u.ac.jp/~murase/pdf/704-pdf.pdf
https://www.youtube.com/watch?v=56hd4twZ97E
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.55.9212&rep=rep1&type=pdf


Global appearance representation: HOG template

N. Dalal and B. Triggs, Histograms of Oriented Gradients for Human Detection, CVPR 2005

Template
HOG feature map Detector response map

* =

https://lear.inrialpes.fr/people/triggs/pubs/Dalal-cvpr05.pdf


2D part-based representations:
Local appearance + deformable shape

Fischler and Elschlager (1973)Kanade (1973)

http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.118.7951&rep=rep1&type=pdf
https://www.ri.cmu.edu/publications/picture-processing-system-by-computer-complex-and-recognition-of-human-faces/


A procedural part-based recognition system

T. Kanade. Picture Processing System by Computer Complex and Recognition of Human Faces. Ph.D. 
dissertation, 1973

https://www.ri.cmu.edu/publications/picture-processing-system-by-computer-complex-and-recognition-of-human-faces/


A procedural part-based recognition system

T. Kanade. Picture Processing System by Computer Complex and Recognition of Human Faces. Ph.D. 
dissertation, 1973

https://www.ri.cmu.edu/publications/picture-processing-system-by-computer-complex-and-recognition-of-human-faces/


A procedural part-based recognition system

T. Kanade. Picture Processing System by Computer Complex and Recognition of Human Faces. Ph.D. 
dissertation, 1973

https://www.ri.cmu.edu/publications/picture-processing-system-by-computer-complex-and-recognition-of-human-faces/


Part-based recognition by optimization

M. Fischler and R. Elschlager, The representation and matching of pictorial structures, IEEE Trans. on Computers, 1973

http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.118.7951&rep=rep1&type=pdf


Burl, Weber, & Perona (1998); Weber, Welling & Perona (2000); Fergus, Perona & Zisserman (2003)

Constellation models



Implicit shape models

B. Leibe, A. Leonardis, and B. Schiele, Combined Object Categorization and Segmentation with an Implicit Shape Model, 
ECCV Workshop on Statistical Learning in Computer Vision, 2004

Generalized 
Hough transform 

(Ballard, 1981)

http://web-info8.informatik.rwth-aachen.de/media/papers/leibe-ism-slcv04.pdf


Pictorial structures revived

P. Felzenszwalb and D. Huttenlocher, Efficient matching of pictorial structures, CVPR 2000

P. Felzenszwalb and D. Huttenlocher, Pictorial structures for object recognition, IJCV 2005

http://pages.cs.wisc.edu/~dyer/cs766/readings/huttenlocher-paper.pdf
https://link.springer.com/content/pdf/10.1023/B:VISI.0000042934.15159.49.pdf
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Finding people used to be 
really hard!

Ioffe & Forsyth (2001)Fleck, Forsyth & Bregler (1996)

https://www2.eecs.berkeley.edu/Research/Projects/CS/vision/motion/Berkeley/ioffe-ijcv01.pdf
https://courses.cs.washington.edu/courses/cse455/10au/notes/forsyth.pdf


P. Felzenszwalb, R. Girshick, D. McAllester, D. Ramanan, Object Detection with 
Discriminatively Trained Part-Based Models, PAMI 2009

Discriminative deformable part models
Root 
filter

Part 
filters

Deformation 
weights

http://www.ics.uci.edu/~dramanan/papers/latentmix.pdf
http://www.ics.uci.edu/~dramanan/papers/latentmix.pdf


P. Felzenszwalb, R. Girshick, D. McAllester, D. Ramanan, Object Detection with 
Discriminatively Trained Part-Based Models, PAMI 2009

Discriminative deformable part models

http://www.ics.uci.edu/~dramanan/papers/latentmix.pdf
http://www.ics.uci.edu/~dramanan/papers/latentmix.pdf


R. Girshick, F. Iandola, T. Darrell, and J. Malik, Deformable Part Models are Convolutional Neural Networks, CVPR 2015

Deformable part models as CNNs

https://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/Girshick_Deformable_Part_Models_2015_CVPR_paper.pdf


CNNs as deformable part models

Image source: A. Karpathy
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Structured scene representations

• Approach has everything: color, super-pixels, bottom-up segmentation, 
top-down parsing, inter- and intra-region reasoning, Bayesian formulation! 

Y. Yakimovsky and J. Feldman, A semantics-based decision theory region analyzer, IJCAI 1973

Slide credit: 
A. Efros

https://www.ijcai.org/Proceedings/73/Papers/062.pdf


Structured scene representations

A. Hanson and E. Riseman, VISIONS: A computer system for interpreting scenes, Computer Vision Systems, 1978



Structured scene representations

Y. Ohta, Takeo Kanade and T. Sakai, An Analysis System for Scenes Containing objects with Substructures, Proc. of the Fourth International Joint Conference on 
Pattern Recognition, pp. 752-754, January, 1978

http://www.cs.cmu.edu/~efros/courses/LBMV09/newpapers/OhtaKanadeSakai1978.pdf


What went wrong?

Ohta & Kanade (1978)

Slide credit: 
A. Efros



What went wrong?

Ohta & Kanade (1978)

Slide credit: 
A. Efros



Structured scene representations revisited

Z. Tu et al. Image Parsing: Unifying Segmentation, Detection, and Object Recognition, ICCV 2003, IJCV 2005

https://www.cs.cmu.edu/~efros/courses/LBMV07/Papers/tu-ijcv-05.pdf


Appearance-based scene representation: GIST

A. Oliva and A. Torralba. Modeling the shape of the scene: A holistic representation of the spatial envelope. IJCV 2001

http://vision.stanford.edu/cs598_spring07/papers/OlivaTorralbaIJCV2001.pdf


Appearance-based scene representation: GIST
• Matching of scenes based on GIST works surprisingly well – given a 

large enough dataset

J. Hays and A. Efros. Scene Completion Using Millions of Photographs. SIGGRAPH 2007

http://graphics.cs.cmu.edu/projects/scene-completion/


Appearance-based scene representation: 
Bag of features

Csurka et al. (2004), Willamowski et al. (2005), Grauman & Darrell (2005), Sivic et al. (2003, 2005)



Spatial pyramids

level 0 level 1 level 2

Lazebnik, Schmid & Ponce (2006)



Spatial pyramids

Multi-class classification results
(100 training images per class)

15-category scene dataset



Spatial pyramids 

Multi-class classification results (30 training images per class)

Multi-class classification results (30 training images per class)



Caltech-101 dataset

http://www.vision.caltech.edu/Image_Datasets/Caltech101/

L. Fei-Fei et al. Learning generative visual models from few training examples: An incremental Bayesian approach tested on 
101 object categories, CVPR 2004 Workshop on Generative-Model Based Vision

http://www.vision.caltech.edu/Image_Datasets/Caltech101/
http://www.vision.caltech.edu/feifeili/Fei-Fei_GMBV04.pdf
http://www.vision.caltech.edu/feifeili/Fei-Fei_GMBV04.pdf
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Bottom-up perceptual organization

D. Martin et al. A Database of Human Segmented Natural Images and its 
Application to Evaluating Segmentation Algorithms and Measuring 

Ecological Statistics. ICCV 2001

J. Malik et al. Contour and Texture Analysis for Image 
Segmentation. IJCV 2001

https://www2.eecs.berkeley.edu/Research/Projects/CS/vision/grouping/papers/mftm-iccv01.pdf
https://www2.eecs.berkeley.edu/Research/Projects/CS/vision/grouping/papers/mftm-iccv01.pdf
https://www2.eecs.berkeley.edu/Research/Projects/CS/vision/grouping/papers/mftm-iccv01.pdf
https://www2.eecs.berkeley.edu/Research/Projects/CS/vision/grouping/papers/mbls_ijcv01.pdf
https://www2.eecs.berkeley.edu/Research/Projects/CS/vision/grouping/papers/mbls_ijcv01.pdf


Top-down perceptual organization: Semantic segmentation

MSRC Dataset (2006)

J. Shotton et al. TextonBoost: Joint Appearance, Shape And Context Modeling For Multi-class Object Recognition 
And Segmentation. ECCV 2006

http://jamie.shotton.org/work/publications/ijcv07a.pdf
http://jamie.shotton.org/work/publications/ijcv07a.pdf


J. Shotton et al. TextonBoost: Joint Appearance, Shape And Context Modeling For Multi-class Object Recognition 
And Segmentation. ECCV 2006

Label 
field

Image Model 
parameters

Local data 
term

Smoothing 
term

Top-down perceptual organization: Semantic segmentation

http://jamie.shotton.org/work/publications/ijcv07a.pdf
http://jamie.shotton.org/work/publications/ijcv07a.pdf


Semantic segmentation today: Mask R-CNN

K. He, G. Gkioxari, P. Dollar, and R. Girshick, Mask R-CNN, ICCV 2017 (Best Paper Award)

https://research.fb.com/wp-content/uploads/2017/08/maskrcnn.pdf


Panoptic segmentation

A. Kirillov et al. Panoptic segmentation. CVPR 2019

https://openaccess.thecvf.com/content_CVPR_2019/papers/Kirillov_Panoptic_Segmentation_CVPR_2019_paper.pdf


Segment Anything Model

A. Kirillov et al. Segment Anything. arXiv 2023
https://segment-anything.com/

https://arxiv.org/pdf/2304.02643.pdf
https://segment-anything.com/
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Unified representations for many tasks

J. Lu et al. Unified-IO: A Unified Model for Vision, Language, and Multi-Modal Tasks. ICLR 2023

https://unified-io.allenai.org/


Unified representations for many tasks

T. Gupta and A. Kembhavi. Visual Programming: Compositional visual reasoning without training. CVPR 2023

https://prior.allenai.org/projects/visprog


Generative models

Figure source C. Saharia et al. Photorealistic Text-to-Image Diffusion 
Models with Deep Language Understanding. NeurIPS 2022

Diffusion models

https://medium.com/@steinsfu/diffusion-model-clearly-explained-cd331bd41166
https://imagen.research.google/paper.pdf
https://imagen.research.google/paper.pdf


Neural 3D representations: NERFs

B. Mildenhall et al., Representing Scenes as Neural Radiance Fields for View Synthesis, ECCV 2020

https://www.matthewtancik.com/nerf


Connecting 2D to 3D: DreamFusion

B. Poole et al. DreamFusion: Text-to-3D using 2D Diffusion. arXiv 2022

https://dreamfusion3d.github.io/
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