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how do we see?




how computers see?










Neutral: Anger: —
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humans vs computers

http://benedicterossi.com/



Marvin Minsky

* pioneer: Perceptrons, Logo turtle, Head-
mounted display ...
WHEN A USER TAKES A PHOTO
THE APP SHOULD CHECK WHETHER

* 1969: Turing Award THEYRE IN ANATONAL PARK...

SURE, ERSY GIS LOOKLR
GIMME A FEW HULR'&

.+ AND CHECK WHETHER
T[-EPHOTDI&OFHEIRD.
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INCS, IT CAN BE HARD To EXPLAIN

THE DIFFERENCE BETWEEN THE EASY
AND THE VIRTUALLY IMPOSSIBLE.




Larry Roberts

* 1963 - PhD Thesis: Machine Perception of
Three-Dimensional Solids
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by
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David Maurr

e 1982 - David Marr - Vision: A Computational
Investigation into the Human Representation
and Processing of Visual Information




projective geometry




photo pop-up

http://dhoiem.cs.illinois.edu/projects/popup/



projective geometry

P Camera 1 Camerai Fi

P2 Camera 2



3D reconstruction

http://www.3dflow.net/
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Why is Real-World Visual Object Recognition
Hard?

Nicolas Pinto1’2®, David D. Cox1’2'3®, James J. DiCarlo™%"

1 McGovern Institute for Brain Research, Massachusetts Institute of Technology, Cambridge, Massachusetts, United States
Sciences, Massachusetts Institute of Technology, Cambridge, Massachusetts, United States of America, 3 The Rowland Instit
States of America

A Two-category discrimination problem

Progress in understanding the brain mechanisms underlying vision requires the cons R
that not only emulate the brain’s anatomy and physiology, but ultimately match it

recent years, “natural” images have become popular in the study of vision and ha
impressive progress in building such models. Here, we challenge the use of uncontr s
that progress. In particular, we show that a simple V1-like model—a neuroscieni
perform poorly at real-world visual object recognition tasks—outperforms state-of-t
(biologically inspired and otherwise) on a standard, ostensibly natural image recog
designed a “simpler” recognition test to better span the real-world variation in objec
show that this test correctly exposes the inadequacy of the V1-like model. Taken to; B V1-like model performance

that tests based on uncontrolled natural images can be seriously misleading, potenti e e R
direction. Instead, we reexamine what it means for images to be natural and argue 100 AL
problem of object recognition—real-world image variation.
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https://www.ted.com/talks/fei_fei |i_how we re teaching _computers to understand_pictures



deep learning

ImageNet Classification with Deep Convolutional
Neural Networks

Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto
kriz@cs.utoronto.ca ilya@cs.utoronto.ca hinton@cs.utoronto.ca

Abs

ILSVRC top-5 error on ImageNet

We trained a large, deep convolutional
high-resolution images in the ImageNe
ferent classes. On the test data, we achi
and 17.0% which is considerably bette
neural network, which has 60 million g 22 5
of five convolutional layers, some of w
and three fully-connected layers with a
ing faster, we used non-saturating neur
tation of the convolution operation. To 15
layers we employed a recently-develope
that proved to be very effective. We al
ILSVRC-2012 competition and achieve( 7 g
compared to 26.2% achieved by the sec
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DenseCap: Fully Convolutional Localization Networks for Dense Captioning

Justin Johnson*

Andrej Karpathy*

Li Fei-Fei

Department of Computer Science, Stanford University

{jcjohns, karpathy, feifeili}@ecs.stanford.edu

Abstract

We introduce the dense captioning task, which requires a
computer vision system to both localize and describe salient
regions in images in natural language. The dense caption-
ing task generalizes object detection when the descriptions
consist of a single word, and Image Captioning when one
predicted region covers the full image. To address the local-
ization and description task jointly we propose a Fully Con-
volutional Localization Network (FCLN) architecture that
processes an image with a single, efficient forward pass, re-
quires no external regions proposals, and can be trained
end-to-end with a single round of optimization. The archi-
tecture is composed of a Convolutional Network, a novel

Whole Image Image Regions label density

B

Classification Detection

Single

Label Cat

Captioning

F)range spotted cat|

Skateboard with
red wheels

Cat riding a
skateboard

Brown hardwood
flooring

Figure 1. We address the Dense Captioning task (bottom right)
with a model that jointly generates both dense and rich annotations
in a single forward pass.
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DenseCap: Fully Convolutional Localization Networks for Dense Captioning

Justin Johnson*

Andrej Karpathy*

Li Fei-Fei

Department of Computer Science, Stanford University
{jcjohns, karpathy, feifeili}@ecs.stanford.edu

Abstract Whole Image Image Regions label densl‘i.t!
Classification Detection
We introduce the dense captioning task, which requires a s
. ) . . ingle
computer vision system to both localize and describe salient Label Cat
regions in images in natural language. The dense caption-
ing task generalizes object detection when the descriptions
consist of a single word, and Image Captioning when one il Dense Captioning
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deep learning
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deepvis
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deep dreams




deep dreams




real deep dreams?

https://www.ted.com/talks/oliver_sacks what_hallucination_reveals about our minds



human vs machine




human vs machine
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learning to see

http://web.mit.edu/sinhalab/



learning to see

https://www.ted.com/talks/pawan_sinha_on_how brains_learn _to _see



learning to see
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learning to see
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brainvis
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https://vimeo.com/132700334
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