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“To know what is where
by looking.”
— TVEAZE
(300 BC)
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Bony fish
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reptile

Amphibian Shark I
Lamprey
Cerebral hemispheres
[ Cerebellum

] Medulla oblongata
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MASSACHUSETTS INSTITUTE OF TECHNOLOGY
PROJECT MAC

Artificial Intelligence Group July 7, 1966
Vision Memo. No. 100.

THE SUMMER VISION PROJECT

Seymour Papert

The summer vision project is an attempt to use our summer workers
effectively in the construction of a significant part of a visual system.
The particular task was chosen part%z because it can be segmented into
sub-problems which will allow individuals to work independently and yet
participate in the comstruction of a system complex enough to be a real

landmark in the development of "pattern recognition!l.
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13 msec
Pitch : 14.1
Yaw : 37.0
Roll : —4.7
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~ leather shoe 99.94%
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cement court 99.35%
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Deep Convolutlonal Neural Network
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ImageNet Error Rate (Best of 5 Guesses)
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eno Park or Bird? «

code.flickr.com

~ARK or BIRD

Want to know if your photo is from a U.S. national park? Want to know if
it contains a bird? Just drag it into the box to the left, and we'll tell you.
We'll use the GPS embedded in your photo (if it's there) to see whether
it's from a park, and we'll use our super-cool computer vision skills to try
to see whether it's a bird (which is a hard problem, but we do a pretty
good job at it).

To try it out, just drag any photo from your desktop into the upload box,
or try dragging any of our example images. We'll give you your answers
below!

Want to know more about PARK or BIRD, including why the heck we did
this? Just click here for more info — @

LR DTS PARK?  BRD?

Photo credits
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| ROBOTICS

' Computer Eyesight Gets a Lot More Accurate

| By John Markoff

| Just as the Big Bad Wolf promised Little Red Riding Hood that his bigger eyes
| were “the better to see you with,” a machine’s ability to see the world around it is

August 18,2014 8:01 pm

| benefiting from bigger computers and more accurate mathematical calculations.

! The improvement was visible in contest results released Monday evening by
| computer scientists and companies that sponsor an annual challenge to measure

improvements in the state of machine vision technology.

| Started in 2010 by Stanford, Princeton and Columbia University scientists, the
| Large Scale Visual Recognition Challenge this year drew 38 entrants from 13

| countries. The groups use advanced software, in most cases modeled loosely on the
| biological vision systems, to detect, locate and classify a huge set of images taken

| from Internet sources like Twitter. The contest was sponsored this year by Google,

l Stanford, Facebook and the University of North Carolina.

| Contestants run their recognition programs on high-performance computers

‘ based in many cases ol specialized processors called G.P.U.s, for graphic
‘ processing units.

| This year there were six categories based on object detection, Jocating objects
| and classifying them. Winners included the National University of Singapore, the

‘ Oxford University, Adobe Systems, the Center for Intelligent Perception and
‘ Computing at the Chinese Academy of Sciences, as well as Google in two separate

\ categories.

‘ Accuracy almost doubled in the 2014 competition and error rates were cut in

e - ——
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I By John Ma
I

August

MIT
Technology
Review

Facebook Creates Software That Matches
Faces Almost a5 Well as You Do

Facebook's new A research group reports g majorimprovement in face-
processing software.

By Tom Simonite on March 17,2014

New approachto artificiql inteligence known as deep leaming, which Facebook ang its Competitors have
bet heavily onin the past year (see "Deep Leaming"). This area of Al involves s oftware that uses
networks of simulated neurons tolearn to recognize patterns in large amounts of data.

team, aresearch group created last yeqr to explore how deep learning might help the company (see
"Facebook Launches Advanced Al Effort"). "we closely approach human performance,” s Qys Taigman of
the new s oftware. He notes that the €rror rate has been reduced by more than a quarter relative to
earlier s oftware that can take on the s ame fask.
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Deep Learning Makes Driver

By Jeremy Hsu
Posted 9 Feb 2016 | 17:00 GMT

le

ss Cars BetteratS potting Pedestrians

Images: Statistical Visual Computing Lab/UC San Diego

Today’s car crash-avoidance systems and experimental driverless cars rely on radar and other
m engineers at the University

on the
developed a pedestrian detection system th:
detection could make systems

road. The next improvement may come fro

for spotting pedestrians

at can perform in close to real-

time

sensors to detect pedestrians
of California, San Diego (UCsD), who have
based on visual cues alone. This video-only

both cheaper and more effective.

Such a vision-based safety system has remained elusive in cars because computers typically face a tradeoff between analyzing

video images quickly and drawing the right conclusions. On the one hand, a simple «cascade detection” computer vision

algorithm can quickly detect many pedestrians in certain images,
pedestrians and similar-looking objects in the toughest cases.
Tav nattern recognition,

but lacks the sophistication to distinguish between
On the other hand, machine learning algorithms called deep
but work too slowly for real-time pedestrian detection.
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VGGT: Visual Geometry Grounded Transformer

Jianyuan Wang'? Minghao Chen'? Nikita Karaey'? Andrea Vedaldi'?
Christian Rupprecht® David Novotay?

*Visual Geometry Group, University of Ox ford "Meta Al
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m Horizon Horizon Journey™ 2 based Mono-Camera
‘ Robotics Vision Perception Solution for ADAS
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Key Laboratory of Media Audio & Video (Communication University of China), Ministry of Education
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