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(a) Car Internet Images

(d2) Joint Seed Segmentation (e) Visual Subcategories

Average Image

Learned Prior

Learned Model

(f) Segmentation

Exemplars Detections

(c) Aligned Homogeneous Clusters (d1) Graph Clustering(b) Instance Detectors (Training & Detection)

(c) Aligned Homogeneous Clusters
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Example Images from a Few Visual Subcategories Learned Model Average Image Learned Prior 





Gorilla 

Teacup 

Flying Fish Oyster Catcher Handbag 

Goat Nanny Gai Mallard Boston Terrier 

Aircraft Blue Groper 

BMW 320 

Nexus 

Bee 

Lawn Mower Anchor 

Alligator 

Fish 

Fox 

Gondola 

Nexus 4 

Mushroom 

Lizard 

Bench 

Kayak 

Nilgai 

Logitech G15 

Falcon 

Lion 

Church 







9 

9 

Initial Seed Examples Unlabeled Data 

Evaluating Constraints 
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Binary-Attribute Constraints 

9 9 8 
Has More Circular-Structure 

Comparative-Attribute Constraints 
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Amphitheatre Auditorium 
Selected Candidates (Bootstrapping) 

Amphitheatre 
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Selected Candidates (Constrained Bootstrapping) 

Amphitheatre Auditorium 
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Visual Instances Labeled by NEIL     

(a) Objects (w/Bounding Boxes and Visual Subcategories)

Relationships Extracted by NEIL

C
ar
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cl
es

W
he

el

(O-O)  Wheel is a part of Car.

(O-O)  Corolla is a kind of/looks similar to Car.

(S-O)  Pyramid is found in Egypt.

(O-A)  Wheel is/has Round shape.
(S-A)  Alley is/has Narrow.
(S-A)  Bamboo forest is/has Vertical lines.
(O-A)  Sunflower is/has Yellow.

(S-O) Car is found in Raceway.

(b) Scenes
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(c) Attributes
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(1) Visual Cluster
Discovery
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(4) Add New Instances

(2) Train Detectors

(5) Retrain
Detectors

(0) Seed Images
D

es
kt

op
 C

om
pu

te
r

M
on

ito
r

K
ey

bo
ar

d

D
es

kt
op

 C
om

pu
te

r

M
on

ito
r

Te
le

vi
si

on • Monitor is a part of Desktop Computer
• Keyboard is a part of Desktop Computer
• Television looks similar to Monitor

Learned facts:

Desktop Computer (1)
Desktop Computer (2)
Desktop Computer (3)
…
Monitor (1)
…

(1)

(2)

(3)

Desktop Computer

(1)

(2)

(3)

Monitor

(1)

(2)

(3)

Keyboard
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(3)

Television





(b) Sub-category Discovery(a) Google Image Search for “tricycle”
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Nilgai Yamaha Violin 

F-18 Bass 
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Zebra is found in Savanna Ferris wheel is found in Amusement park 

Camry is found in Pub outdoor Opera house is found in Sydney  Bus is found in Bus depot outdoor 

Helicopter is found in Airfield 

Leaning tower is found in Pisa 

Throne is found in Throne room 

Van is a kind of/looks similar to Ambulance Eye is a part of Baby Duck is a kind of/looks similar to Goose Gypsy moth is a kind of/looks similar to Butterfly 

Monitor is a kind of/looks similar to Desktop computer Sparrow is a kind of/looks similar to bird Basketball net is a part of Backboard Airplane nose is a part of Airbus 330 

ωk(x) +
∑

m,k∈RA′

ωm(x) +
∑

i,k∈RS

φi(xl)

RA′



http://www.neil-kb.com




Monitor is found in Control room!
Washing machine is found in Utility room!
Siberian tiger is found in Zoo!
Baseball is found in Butters box!
Bullet train is found in Train station platform!
Cougar looks similar to Cat!
Urn looks similar to Goblet!
Samsung galaxy is a kind of Cellphone!
Computer room is/has Modern!
Hallway is/has Narrow!
Building facade is/has Check texture!
Trading floor is/has Crowded!
!

Umbrella looks similar to Ferris wheel!
Bonfire is found in Volcano!



Sparse labeled examples 
Unlabeled Videos 

Learn 

Learned Examples Automatically labeled examples 

Watch 

Label 
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Feature 2 

(a) Sparse labeled frames 

(b) Unlabeled videos (c) Decorrelated Errors 

(d) Reliable Tracking (e) New labeled examples (f) Selected Positives 

Object 
detection Object 

Detectors 
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(a) KITTI  Dataset (b) VIRAT Dataset 
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