History of object and scene representations
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Landscape with the Fall of
Icarus



https://en.wikipedia.org/wiki/Landscape_with_the_Fall_of_Icarus
https://en.wikipedia.org/wiki/Landscape_with_the_Fall_of_Icarus
https://en.wikipedia.org/wiki/Landscape_with_the_Fall_of_Icarus
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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

ALELL

M. Loper et al. SMPL: A Skinned Multi-Person Linear Model. F. Bogo et al., Keep it SMPL: Automatic Estimation
SIGGRAPH Asia, 2015 of 3D Human Pose and Shape from a Single Image,
ECCV 2016



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

Today: Generic category-level 3D models
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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

Zerroug & Nevatia (1994) Zisserman et al. (1995)



Marr’s 3D object representation
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Figure 5-3. This diagram illustrates the organization of shape information in a 3-D i /O
model description. Each box corresponds to a 3-D model, with its model axis on the left side of U ﬂ
the box and the arrangement of its component axes on the right. In addition, some component :
axes have 3-D models associated with them, as indicated by the way the boxes overlap. The relative thick human ostrich

limb

arrangement of each model’s component axes, however, is shown improperly, since it should be
in an object-centered system rather than the viewer-centered projection used here (a more correct
3-D model is given by the table shown in Figure 5-5c¢). The important characteristics of this type

of organization are: (1) Each 3-D model is a self-contained unit of shape information and has a
limited complexity; (2) information appears in shape contexts appropriate for recognition (the E
disposition of a finger is most stable when specified relative to the hand that contains it); and (3)
the representation can be manipulated flexibly. This approach limits the representation’s scope, D
however, since it is only useful for shapes that have well-defined 3-D model decompositions.

(Reprinted by permission from D. Marr and H. K. Nishihara, “Representation and recognition of thin giraffe ape dove
the spatial organization of three-dimensional shapes,” Proc. R. Soc. Lond. B 200, 269-294.)

Marr & Nishihara (1978)



Psychological theory: Recognition by components

Primitives (geons) Objects

Cube Wedge Pyramid Cylinder Barrel
Straight Edge Straight Edge Straight Edge Curved Edge Curved Edge % ‘j@)

Straight Axis Straight Axis Straight Axis Straight Axis Straight Axis
Constant Expanded Expanded Constant Exp & Cont
Expanded Expanded
Arch Cone Cylinder Handle Handle
Straight Edge Curved Edge Curved Edge Curved Edge Curved Edge
Curved Axis Straight Axis Straight Axis Curved Axis Curved Axis
Constant Expanded Expanded Constant Expanded

Biederman (1987)

http://en.wikipedia.org/wiki/Recognition by Components Theory



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

Today: Revival of 3D primitives
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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

“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.”

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



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

Today: Revival of 3D primitives

Input (subset) Amodal view synthesis - Nerfacto [65] Amodal view synthesis - Ours

Input (subset) Scene ed1t1ng Removing ears Scene editing - Moving arm

— LY e

Figure 5: Applications. Amodal completion (1st row), scene editing (2nd) and physical simulations (bottom).

W. Liu et al. Marching-Primitives: T. Monnier et al. Differentiable Blocks World: Qualitative 3D
Shape Abstraction from Signed Decomposition by Rendering Primitives. arXiv 2023
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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CNNs



Global appearance representations
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Recognition demo movie

H. Murase and S. Nayar, Visual learning and recognition of 3-d objects from appearance, IJCV 1995

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

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



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

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

(L Fiqure 3-3

Typical sequence of the
: analysis steps.
' naly P

(a) top of head

(b) cheeks and
sides of face

(c) nose, mouth,
and chin

(d) chin contour

[e) face-side lines

(f) nose lines

(g) eyes

(h) face axis MOUTH

Kanade (1973) Fischler and Elschlager (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
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Figure 3-3

Typical sequence of the
analysis steps.

fa) top of head

(b) cheeks and
sides of face

(c) nose, mouth,
and chin

(d) chin contour

[e] face-side Times

{f) nose lines

(9] eyes

fh)] face axis

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

diccartatinn 1972


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

A procedural part-based recognition system
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T. Kanade. Picture Processing System by Computer Complex and Recognition of Human Faces. Ph.D.

diccartatinn 1972


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

A procedural part-based recognition system

step in which the error or
S wnrecovered failure occurred
category nunser | cormect ‘
faces faces | results Faflure sides chin | Eentour width
full face with
ne glasses aor | 670 608 62 5 4 7 19 7
beard
ARl I 2 75 4 4 d | e
V:Fll;E' with %urn 8 81 1 i i 3 3 5 1
or Lilt |
et I 2| !
Table 3=1 Summary of results of analysis

T. Kanade. Picture Processing System by Computer Complex and Recognition of Human Faces. Ph.D.
diccartatinn 197



https://www.ri.cmu.edu/publications/picture-processing-system-by-computer-complex-and-recognition-of-human-faces/
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L(EV)A for hair. (Density at a point is proportional
to probability that hair is present at that loca-
tion.)

HAIR WAS LOCATED AT (11,21)
L/EDGE WAS LOCATED AT (25, 11)
R/EDGE WAS LOCATED AT (25, 24)
L/EYE WAS LOCATED AT (21, 15)
R/EYE WAS LOCATED AT (21, 21)
NOSE WAS LOCATED AT (26, 18)
MOUTH WAS LOCATED AT (29, 17)

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

Constellation models

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



Implicit shape models

Original Image [Kteisst Poikts Matched Codebook Probabilistic Generalized

\ o Entries

Hough transform
(Ballard, 1981)

Voting Space

Segmentation ﬂ‘ > ‘;: | K% (CO“ti"UOUS)

Refined Hypothesis Backprojected Backprojection
(uniform sampling) Hypothesis of Maximum

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


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

Pictorial structures revived

prp, P, jim) <] 1Pz POl IPrame))
i,j 1 i \

part appearance

part geometry

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

P. Felzenszwalb and D. Huttenlocher, Pictorial structures for object recognition, 1JCV 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

Last time: Object and scene representations

* Object representations
* 3D shape
3D primitives
2D appearance-based models
2D part-based models (deformable templates)
* CNNs

* Scene representations
e Structured representations
* Appearance-based representations
e Bottom-up and top-down perceptual organization

* Trends



Finding people used to be
really hard!
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Fig. 6. Typical control images wrongly classified as containing naked people. These
images contain people or skin-colored material (animal skin, wood, bread, off-white
walls) and structures which the geometric grouper mistakes for spines or girdles. The
grouper is frequently confused by groups of parallel edges, as in the industrial image.

Fleck, Forsyth & Bregler (1996)

——

Figure 17. A negative image for which a human assembly was
found. The assembly indeed looks like a configuration of a person.
A better segment finder would not produce these segments and thus
a person would not be detected. The white regions in the image are
the pixels that have been masked out because they could not belong
to a person due to their color.

loffe & Forsyth (2001)



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

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



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

Discriminative deformable part models

g .
/ u .

feature map feature map at twice the resolution
o model

]

response of part filters

transformed responses
G -
color encoding of filter
response values
_ combined score of
root locations

P. Felzenszwalb, R. Girshick, D. McAllester, D. Ramanan, Object Detection with

response of root filter|

Discriminatively Trained Part-Based Models, PAMI 2009



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

Deformable part models as CNNs

(1) Convolve feature pyramid level /
with filters from DPM component ¢

Input:
conv5 pyramid
level /

256 feature channels
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(2) Compute distance transforms
(DT) of part convolution maps
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level /

Sidebar: example object geometry filter (Section 2.2.2)
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with one part

Object geometry

filter (channel 1) filter (channel 2)

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



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

CNNs as deformable part models
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Outline

* Object representations
* 3D shape
* 3D primitives
e 2D appearance-based models
e 2D part-based models (deformable templates)
* CNNs

* Scene representations
e Structured representations
* Appearance-based representations
e Bottom-up and top-down perceptual organization



Structured scene representations

Slide credit:
A. Efros

{B-2} Qutput af the non-semaentic (B-5] Grouping regions by their
weakest  boundary melted first assigned meaning, alt regions
region grower, considered mergable.

* 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, IJCAl 1973



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

Structured scene representations

Segmentation Interpretation

Processes

Processes
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PROCESSING
CONE
BOUNDARY CURVE SMOOTHING|
y ANALYSIS AND FITTING
MERGED
REPRESE
> REGION FEATURE
ANALYSIS EXTRACTION
=3

IMAGE

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

MODEL SEARCH SPACE
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Lsume cusses

ATTRIBUTE
MATCHING

Surfaces Surface Classes | € =
Regions Region Classes
Aegnnh gment Classes
AG'NCCI ;V"lu Classes
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Image Specific General
Model Knowledge
REPRESENTATION

EEEEH

(a)

Summary of Identification Accuracy

All Regions

Regions in Which at Least
One 5x4 Window Will Fit

Large Regions
(area 2 65 pixels)

KNOWLEDGE SOURCES

4 Objects
Al1 5 Objects|After Collaps-|| All5Objects| 4 Objects || 5 Objects | 4 Objects
ing Bush-Tree

Total Number of Regions 209 83 45

Number of Target Regions 99 50 25

Number of Non-Target 110 - 2

Kegions

Number of Target Regions||

Correctly Tdentified 28 91 40 45 19 23

Number of Target Regions

Incorrectly Identified & 8 10 5 6 2
T

% Target Regions Correct|  76. 91.9 80 9. 76. 92.
|




Structured scene representations

SCENE

current description
of analysis result

segmentation
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Figure 1. Flow of data in the
analysis process.
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Figure 3. Structure of description . .
built by the system. Figure 2. Semantic network for knowledge representation.

Figure 5-a. Digitized 5-b. Result of preliminary 5-.c. Plan image. . S5-d. Result of semantic
color scene. segmentation. segmentation.

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?

“building" region

nearly
paralliel

distance
comparable to
window sizeé

vertical Slide CFEdit:
A. Efros

(al "windows® and ‘building”

[(ACT (IF {AND {IS-PLAN *PCH *MRGN) .
(*VERTICALLY-LONG *PCH))
(THEN (GET-SET *PLSET (PLAN *MRGN) PATCHES)  seeeess (2)
(AND (ALL-FETCH *WLIKE *PLSET ceeesenes (5)
(AND (IS (LABEL *WLIKE) NIL)
(*VERTICALLY-LONG *WLIKE)))
(ALL-FETCH *WIND *WLIKE [EETETPRES (4)
(THERE-1S *WK *WLIKE
(*W-RELATION *WIND *WK))))))
{THEN (CONCLUDE P-LABEL B-WINDOW)
(FOR-EACH *WIND {AND (MUST-BE *WIND P-LABEL B-WINDOW)
(DONE-FOR *WIND)))
(SCORE-1S (ADD 2.1 (DIV (NUMBER-OF *WIND) 100.0}))))
(*PCH *MRGN)]

(®) listing of the to-do rule for "uindous"detection Ohta & Kanade (1978)



What went wrong?

Appendix-B Complete Listing of the Model
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FELATION-FLES (
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(IF L INEAR-BOUNDARY (POSITION 00N +AGN aFC) 1)
(8.8 . 8.5) FOR SCYI sRGN sAGN2) )
C(STR (IF (MOT (IS (OF BUILDING-ZONE (SCENE)} NIL))

UZZ¥L (0-RATIO 4RGN (0F SLDIEINE (SEE))) .5 .)
FOR SCENE) (4AGNI1 )

(THEN (CONCLUDE P-LABEL BUINDINE)
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e o0, oLy aPLH) (NOTFOUND ROAD)
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ROACT §AND. (HAY-BE BUILDING 4PCH)
THERE-15 8L SRECIONS
(4D (15 (LIGEL 48L) BUILDING)
(0T (18 10F SAAPE VIEW (OBJECT sBL)) 11)
115 10F AMCENT GRECT 480)
(DIFFERNT-ZONE #PCH 48L11))
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AT (D (ISP HIFGH) 4BALGHT 4PCHI)
(THEN ISCORE-1S 3.8))) (RTH #HRGHIT
C(ACT (4BRIGHT ##CHI (THEN (SCORE-1S B.85)1) 1aPCH)] |

1F-DONE
COACT aTa (THEN H:nNI:L-mE P-LABEL SKYI
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P-SELEET (

000 ©
GACT TRY-BE TREE 4PCH)

(THEN (SCOE-15 {ADD 2.8 CASK-YALLE TREE #FCHIID)) (APCIN)
CUCT (3D (15-PLAN sPCH ARGN) NOT (4SHINING 4PCH1)]

(TN (SCORE- 15 o e s

IF-00NE
[(ACT #Ta (THEN (CONCLUDE P-LABEL TREE)
(CONCLLDE R-NERGE (MASTER 4POHI 1) (sPCH)) 1)

4ERIORT-VALUE-IS .2)

FBUILDING  knowscige=b lock=of -bui | dirg

(TUCEIF (O SCONCRETE #TILE 48RICK)
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(ST (e .2)) (576101
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(M0 (O-RATIO «AON (0F BULLDING-ZNE (SCENE) )
(RRNYLINE #GH1 )
(0.9 . 8.2) FOR SIENE) (sFGN1 )

PSELECT (

T0.00 (
HUCT (40 -5 BUILONG o) (AE-20€ 0 PO
(THEN 1CONCLUCE P-LABEL aU)
(IEE nteE N
(SCORE-1S (ADD 2. (ASK-VALLE BUILDING 3POHI 1)1
EH SO
UGT U0 07 (1Sl 4 RGN ) SHE-HE 00 )

e R, )
o

Fule-for-uindou-axtr acticn
CUCT (F 4D (1S-PLAN SPCH GH) (SAE-ZONE 4PCH AFGH
VERTICALLY-LONG ¥ECH) (SGONTACT 3PTH (PLAN #1GH)) 1
CTHEN (GET-SET PLSET (FLAN alfRGN) PATCHES)
(400 (ALL-FETCH sbLIKE sPLSET
05 (UABEL #4L1KE) MIL)
VE-ZD0E WLIKE W)
GSVERTICALLY-LONG 44 IKE)
(SCONTAET SHLIKE. (PLAN 41N 1)

Slide credit:
A. Efros

(THEFE-15 K ALLIKE a-RELATION #9CH sk
LL-FETCH 41D LIKE
UTHERE-18 s 3LIKE
(GLRELATION SN0 411)) 1)
(THEN (CONCLUDE. P-LABEL B-INDOL)
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(e 1)
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Ohta & Kanade (1978)



Structured scene representations revisited

a football match scene

sports field spectator

point prog€ss /
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______
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2
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face texture L= 7:::‘

curve groups Pt 5
SIouD texture 2hs

color region texture

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

Edge Orlentatlon

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

r S
s N m ‘
V' - A A
- — H > H 00 o
JThL @™ TLW = T h @™

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



Spatial pyramids

1 TN

level 1 level 2

Lazebnik, Schmid & Ponce (2006)




Spatial pyramids

mdustnal

- s B

coast

15-category scene dataset

[ [ ’
2 @.ﬁ
fa ";\. ‘ 4

llvmg room

tall building inside city

open country mountain

R ? g o S

forest

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

Weak features
(vocabulary size: 16)

Strong features
(vocabulary size: 200)

Level Single-level ~ Pyramid | Single-level = Pyramid
0(1x1) 45.3 £0.5 72.2 £0.6
112-X 2) 53.6 £0.3  56.2 £0.6 | 77.91+0.6 79.0£0.5
2(4x4) 61.7£0.6 64.7£0.7 | 794 +0.3 81.1 0.3

3 (8 x 8)

63.3 £0.8  66.8 £0.6

772 4+0.4  80.7 £0.3

highway

suburb



Spatial pyramids

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

e

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

Weak features (16) Strong features (200)

Level || Single-level = Pyramid | Single-level = Pyramid
0 15.54+0.9 41.2 +1.2

3114 £1.2 328 £1.3 | 55.9+0.9 57.0=+0.8

472 +1.1 493+14 | 63.6+0.9 64.6+0.8

522 +0.8 54.0 £1.1 | 60.3 £0.9 64.6 £0.7

W N =




Caltech-101 dataset

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/Image_Datasets/Caltech101/
http://www.vision.caltech.edu/feifeili/Fei-Fei_GMBV04.pdf
http://www.vision.caltech.edu/feifeili/Fei-Fei_GMBV04.pdf

Outline

* Object representations
* 3D shape
* 3D primitives
e 2D appearance-based models

e 2D part-based models (deformable templates)
* CNNs

* Scene representations
e Structured representations
* Appearance-based representations
e Bottom-up and top-down perceptual organization



Bottom-up perceptual organization

J. Malik et al. Contour and Texture Analysis for Image D. Martin et al. A Database of Human Segmented Natural Images and its

Segmentation. IJCV 2001 Application to Evaluating Segmentation Algorithms and Measuring
Ecological Statistics. ICCV 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)

building
&

airplane

grass

object

: building = grass tree cow sheep sky, airplane ~ water. face car
classes

bicycle ' flower. sign bird book chair. road cat dog body boat

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

Top-down perceptual organization: Semantic segmentation

Label  1maage Model .n o ||
: g : Be = ,
field parameters AR ® ul - clustering and
ST [« BN | assignment
T~ — .nC-
log P(c|x. 0) = o

input image filter bank texton map
(colors < texton indices)

texture—layout color location

o\ .

r ~ Local data

ngi(cz’:XQ0w5+%(ci7xz’§07r5+/\(cisi§9)\> term

edge

H D oleicigij(x):0,) | Smoothing
(2.5)€€

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

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) image (b) semantic segmentation

(c) instance segmentation (d) 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

validTmask ,—> annotate —l

lightweight mask decoder model data
L — s
model
P imaﬁc Segment Anything 1B (SA-1B):
encoder
o — T ‘ * 1+ billion masks T
s ° D cat with fncodir * 11 million images -
o black ears A * privacy respecting ‘ ' —
T ) T * licensed images Nt
segmentation prompt image prompt image

(a) Task: promptable segmentation (b) Model: Segment Anything Model (SAM) (c) Data: data engine (top) & dataset (bottom)

Figure 1: We aim to build a foundation model for segmentation by introducing three interconnected components: a prompt-
able segmentation task, a segmentation model (SAM) that powers data annotation and enables zero-shot transfer to a range
of tasks via prompt engineering, and a data engine for collecting SA-1B, our dataset of over 1 billion masks.

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



https://arxiv.org/pdf/2304.02643.pdf
https://segment-anything.com/

Outline

* Object representations
* 3D shape
3D primitives
2D appearance-based models
2D part-based models (deformable templates)
* CNNs

* Scene representations
e Structured representations
* Appearance-based representations
e Bottom-up and top-down perceptual organization

* Trends



Unified representations for many tasks

Segment the cat

What is the color
of the cat?

VQVAE |
Encoder—>

SentPiece
encoder

_
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1 1
argmaxzez Il 2— 2z |l 1 VQVAE 1
e —P'I Decoder,
! CNN) | quantization " CNN) |
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\
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Discrete | decoder 1 b
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depth map

J. Lu et al. Unified-10: A Unified Model for Vision, Language, and Multi-Modal Tasks. ICLR 2023

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

Unified representations for many tasks

Visual Progr i Compositional Visual Question Answering Natural Language Image Editing

IMAGE: IMAGE: Prediction: IMAGE1L
a Question: Are there both ties and glasses in the picture?

Program:

BOX@=Loc(image=IMAGE, object=‘ties’)

ANSWER®@=Count (box=B0X0)

BOX1=Loc(image=IMAGE, object=‘glasses’)

ANSWER1=Count (box=B0X1)

ANSWER2=Eval(“‘yes’ if {ANSWER@} > @ and {ANSWER1} > @ else ‘no’”)
RESULT=ANSWER2

Prediction: no

Visual
Prediction Rationale

Instruction: Hide Daniel Craig with 8) and Sean Connery with ;)

= = Program:
Natural Language Visual Reasoning 0BJ@=FaceDet (image=IMAGE )

LEFT: RIGHT: OBJ1=Select(image=IMAGE, object=0BJ@, query=‘Daniel Craig’, category=None)

: N IMAGE@=Emoji(image=IMAGE, object=0BJ1, emoji=‘smiling_face_with_sunglasses’)
0BJ2=Select(image=IMAGE, object=0BJ@, query=‘Sean Connery’, category: None)
IMAGE1=Emoji(image=IMAGE®, object=0BJ2, emoji=‘winking_face’)

RESULT=IMAGE1

Program
Interpreter

IMAGE: Prediction: IMAGE®

Statement: The left and right image contains a total of six people and two boats.
Program:

ANSWER@=Vqa (image=LEFT, question=‘How many people are in the image?’)
ANSWER1=Vqa(image=RIGHT, question=‘How many people are in the image?’)
ANSWER2=Vqa(image=LEFT, question=‘How many boats are in the image?’)

ANSWER3=Vqa (image=RIGHT, question=‘How many boats are in the image?’)
ANSWER4=Eval( ‘{ANSWER@} + {ANSWER1} == 6 and {ANSWER2} + {ANSWER3} == 2’)
RESULT=ANSWER4

Prediction: False

Instruction: Replace desert with lush green grass

Program:
0BJ@=Seg(image=IMAGE)
Program Factual Knowledge Object Tagging 0BJ1=Select(image=IMAGE, object=0BJ@, query=‘desert’, category=None)
Generator place(image=IMAGE, object=0BJ1, prompt=‘lush green grass’)
IMAGE: Prediction: IMAGE® RESULT=IMAGE®

Prediction: IMAGE®

Input
Image(s)

Natural Language

Instruction Instruction: Tag the 7 main characters on the TV show Big Bang Theory
Program: Instruction: Create a color pop of Barack Obama (person)
OBJ@=FaceDet (image=IMAGE) Program:
In-context LISTe=List(query=‘main characters on the TV show Big Bang Theory’, max=7) 0BJ0=Seg(image=IMAGE)
instruction-program 0BJ1=Classify(image=IMAGE, object=0BJ®@, categories=LISTe) OBJ1=Select(image=IMAGE, object=0BJ@, query=‘Barack Obama’, category="‘person’)
pairs IMAGE@=Tag(image=IMAGE, object=0BJ1)

IMAGE@=ColorPop (image=IMAGE, object=0BJ1)

RESULT=IMAGE® RESULT=IMAGE®

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



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

Generative models

Diffusion models

Forward Diffusion Process

bike. It is wearing sunglasses and a beach hat. dressed as a chef in a high end kitchen making dough.
There is a painting of flowers on the wall behind him.

Denoising UNet

<4

Reverse Diffusion Process |

=T e ¢
Teddy bears swimming at the Olympics 400m Butter- A cute corgi lives in a house made out of sushi. A cute sloth holding a small treasure chest. A bright
fly event. golden glow is coming from the chest.

Figure source

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



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

Input Images Optimize NeRF Render new views
A R A S R
2Ny AT
FANIEFEL LR
Ry iva dE S
PEIEFEEAEY
AR Y . g
FLeFEgETED
D PG e S
< B2 A e A
B R

(x.,2,0,¢) —> ["][l — (RGBo)

e

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/

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



https://dreamfusion3d.github.io/

