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Time Event

12:30 pm - 1:00 pm Registration / Welcome

1:00 pm - 2:00 pm Introduction to Neura_l Networks
Gemma Roig

2:00 pm - 2:15 pm BREAK

2:15 bm - 3:15 bm Introduction to Brain Imaging: fMRI and MEG/EEG
9P 9P Yalda Mohsenzadeh

3:15 pm - 3:30 pm BREAK

: e Comparing Brains and DNNs: Methods and Findings
3:30 pm - 4:30 pm Martin Hebart

4:30 pm - 4:45 pm BREAK

_ : Comparing Brains and DNNs: Theory of Science
LD I = B [P Radoslaw Cichy




The Algonauts PrOJect

B Explammg the Human Visual Brain
20 July Schedule Event

8:30 am — 9:00 am Breakfast

9:00 am - 9:15 am Introduction by Radoslaw Cichy
9:15 am - 9:35 am Matt Botvinick
9:35 am — 9:55 am Aude Oliva

9:55 am — 10:15 am Thomas Naselaris

11:00 am — 11:20 am David Cox

11:20 am - 11:40 am James DiCarlo

11:40 am — 12:00 om Kendrick Kay

|l unch on Your Own

1:30 pm — 1:50 pm Introduction to the Algonauts Challenge by Radoslaw

1:50 pm — 2:50 pm Invited Talks: Challenge Winners
2:50 pm — 3:30 pm Posters and Coffee

3:30 pm — 3:50 pm Talia Konkle

3:50 pm —4:10 pm Nikolaus Kriegeskorte

4:10 pom — 4:30 pm Jack Gallant

4:30 pm — 5:00 pom Panel Discussion with Speakers
5:00 pm - 6:30 pm Reception
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Recognition

Object recognition > What is in the image?




Recognition

We want the algorithms to learn to do object
recognition given examples of object categories

Training phase:
The model learns with examples

Testing phase:
Automatic labelling of instances
never seen before by the algorithm

There are different modalities of supervision:
fully supervised, unsupervised, semi-supervised, etc.






Computational Principles

Simplified neuroscience: a neuron computes a dot
product between its inputs and the synaptic weights




Simple Perceptron

F. Rosenblatt 1957

Weights
Constant G\
Wo

— Weights Sum
Wi
ﬁ @
Inputs Wh-1 ;
Step Funchon
: neuron flres or not

->0One layer NN

Input + Weights
constant for bias Learned

Image credit: missinglink.ai




Perceptron

Types of Nonlinearities

'
Ppa T

Step function Linear Rectifier (Relu) Sigmoid

0 :x<0 0 :x<0 1
f(x):{l -z =0 f(x):{x x> () G(x)=1+€—x




The Perceptron Learning Rule

. . . Constantr ~ e
Given training samples {X;, i}y, O .
X; -> input of example J, -:: T pORG=
y. -> groundtruth target of example i Wl: )




The Perceptron Learnlng Rule

Given training samples {X., y;}v; ssssssss

X -> input of example |, =W

y; -> groundtruth target of example : 1
ot

Initialization:
Initialize the weights w to O or small random numbers.



The Perceptron Learning Rule

Given training samples {X;, y; }v. & SV
X; -> Iinput of example /, e P

. . @/ " /r St:?p Funct;n '
y; -> groundtruth target of example | @/E/' -
Initialization:

Initialize the weights w to O or small random numbers.

[terate:

For each training sample X;:
n

1.Calculate the output value: out = Sgn< Z xl-wi)
i=0



The Perceptron Learning Rule

Given training samples (X, V. }vs & enm o,
X; -> input of example /, "R Py
y; -> groundtruth target of example | @/E@/' -5 8
Initialization: | R

Initialize the weights w to O or small random numbers.

[terate:

For each training sample X;:
n

1.Calculate the output value: outr = Sgn( Z xl-wl-)
i=0

2.Update the weights. W = W + 77 X; (y; — out)



Multi-layer Perceptron

Rumelhart et al. 1986

INPUT HIDDEN OUTPUT
LAYER LAYER LAYER

possIbly many learning with
more layers back-propagation




Overview

o Introduction

o Artificial Neural Networks
(O Computational Models of Object Recognition
o Artificial Neural Networks for Object Recognition

o Applications



lectrlcal signal
from brain i
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https://www.youtube.com/watch?v=IOHayh06LJ4
https://www.youtube.com/watch?v=jw6nBWo21Zk

Hubel and Wiesel

LGN-type Simple Complex
cells cells cells

Simpl
cortical
cells
Te— . | N
r"\ ‘~.\ \‘\- > f\\ [ ’/‘ ’ LGN ' |. le’.
\ Comd b ; “ ,v" cells cortical cell
| \ e -
\ — 4 ' :
/ | [ / E;‘ 1
\\| ) —
Visual mage

_“‘ Cortical
simple cell

- (Hubel & Wiesel 1959)




The visual ventral stream

IT

The ventral stream hierarchy: V1, V2,
V4, IT
A gradual increase in the
receptive field size, in the complexity of the
preferred stimulus, in tolerance to position
and scale changes

Kobatake & Tanaka, 1994




S5

C2b

S3

S2b
C2

S2
C1
S1

i1 Complex cells O S«mple cells

— Main routes - TUNING
— Byposs routes e+« MAX

Riesenhuber & Poggio 1999, 2000; Serre Kouh Cadieu
Knoblich Kreiman & Poggio 2005; Serre Oliva Poggio 2007



Two operations (~OR, ~AND):
disjunctions of conjunctions

»Tuning operation (Gaussian-like,
AND-like)  y = s

or

X*W

T

»Simple units Stage 3

» Max-like operation (OR-like)

y = max {xl,x2,...} Stage 2

» Complex units Stage 1
Each operation

~microcircuits of ~100
neurons

— )N




Overview

o Introduction

o Artificial Neural Networks
o Computational Models of Object Recognition
O Artificial Neural Networks for Object Recognition

o Applications



Convolutional Neural
Networks (CNNs)

C; S| C: S; nm 1
mput feature maps  feature maps feature maps feature maps output
32x32 28 x 28 14x 14 10x 10 3x5

feature extraction classification

Convolutional assumption

LeCun et al. 98



Deep CNN (2012)

.. 3
i N 3
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3 1000
192 192 128 Max
, 2048 2048
Max. 128 Max pooling
pooling pooling

Learned with back propagation on GPUs (7 days)

ImageNet dataset (1 million labeled images available)

Technigques to avoid overtitting

Krizhevsky et al. 12
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mite - container ship motor scooter
mite | container ship motor scooter ledpard
black widow lifeboat go-kart jaguar
cockroach amphibian moped cheetah
tick fireboat bumper car snow leopard
starfish drilling platform || golfcart Egyptian cat

o, ' 2,
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grille mushroom 7 cherry Madagascar cat
__convertible agaric dalmatian squirrel monkey
grille mushroom grape spider monkey
pickup jelly fungus elderberry titi
beach wagon gill fungus |ffordshire bullterrier indri
fire engine || dead-man's-fingers currant howler monkey

Krizhevsky et al. 12
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Results on ImageNet

ImageNet competition results

0.5{ ©
0.4 w/o DNN
%0.3 ©
0.2
0.1 g g
AlexNet 8 :
O &)
0.0

2011 2012 2013 2014 2015 2016
Year Image credit: wikipedia



Results on ImageNet

ImageNet Classification Error (Top 5)
30,0 4

20 26,0

15,0 +

10,0

5,0

2011 (XRCE) 2012 (AlexNet) 2013 (ZF) 2014 (VGG) 2014 Human 2015 (ResNet) 2016
(GoogleNet) (GooglLeNet-v4)

0,0 ¢

I

Image credit: von Zitzwewitz, 2017
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AlexNet 12

_ image
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conv-64
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softmax

VGG 14
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Convolution 1st Layer

i=4,j=4,c=3
D k
Z xi,j,cwi,j,c
i=1,j=1,c=1

For each image patch p, x”
and kernel Kk, wX

Image credit: codelabs google



Convolution in Deeper Layers
o[ B E - W/Eﬁ, 2 Y ¢l

Width x height x Chanr7/x # K

WL[L, 2, 6 0]

é(‘ /
o W;,[/» /, 10, ..]

stride 2

\/ Image credit: codelabs google



Max or Average Pooling

Image credit: codelabs google



Max or Average Pooling

12 120 30| O
& 12| 2 | 0
34 | 70 | 37 | 4
1121100 | 25 | 12

2 X 2 Max-Pool
- 5

Stride 2

20 | 30

I 37



http://computersciecewiki.org

I layers 8K wejghts /726192 x 3

ITEXIT2 ¥ Sk
cnVv 3x3 x 32 1924192 x 32

cnv 1x1 x 32

maxpool

cnv 3x3 x 32 76x76 x 52

cnv 1x1 x 32 SeX A 2
maxpool

cnv 3x3 X 32 | 4Ex48 x 32

cnv 1x1 x 32 2| 49«48 x 22
maxpool

cnv 3x3 x 32 Y

cnv 1x1 x 32 stluald % Bz
maxpool

cnhv 3x3 x 16 [ZxI2 x /6

cnv 1x1 x 8 [ZxI2 x &
AR wmumsnnmnnsupnn /152
softmax 5 N

HEEEBE 5 ./0555

Image credit: codelabs google



Avoid Overfitting

[] Architecture of the network as prior:

o Convolutions
o Non-linear activation, e.g., RelLU

[] Use data augmentation in the training

o Affine transformations

] Dropout

[] Batch Normalization



4.5

Rectified Linear Unit

RelLU (blue line)

4.0

3.5}

3.0

25}

Krizhevsky et al. 12
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Figure 1: A four-layer convolutional neural
network with ReLLUs (solid line) reaches a 25%
training error rate on CIFAR-10 six times faster
than an equivalent network with tanh neurons
(dashed line). The learning rates for each net-



Avoid Overfitting

[] Dropout

training phase:
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(b) After applying dropout.
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Avoid Overfitting

[] Dropout

testing phase:
all hidden units used
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Learning

back-propagation

| | | | | |
| | | | | |
& Sy C; S; n u;
f f f < f f [ ]
o e Semeslanlagan " e L(y, /(x;W))

stochastic gradient descent



Back-propagation

Learning based on iterating between:

1. Propagation

1.1. Forward pass through NN

1.2 Backward pass using partial derivatives

2. Weights updates

(stochastic gradient descend — with mini-batches)



Visualization
of learned filters
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Layer 4

Zeiler and Fergus 13




Visualization
of learned filters
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http://people.csail.mit.edu/torralba/research/drawCNN/drawNet.html



lance Properties
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Figure 5. Analysis of vertical translation, scale, and rotation invariance within the model (rows a-c respectively). Col 1: 5
example images undergoing the transformations. Col 2 & 3: Euclidean distance between feature vectors from the original
and transformed images in layers 1 and 7 respectively. Col 4: the probability of the true label for each image, as the

Zeiler and Fergus 13

image is transformed.






Applications

2 Use a pre-trained CNN as a feature extractor

2 Fine-tune on limited data

2 Train from scratch on big data




Applications

2 Use a pre-trained CNN as a feature extractor
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AlexNet 12

_ image
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VGG 14
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Object Detection

Faster Region CNN

N N

“ Coey 3 Comy 4 Con 8

N

Srature map

Region Proposal Network

& amchor boxes

Sliding feature map

Cony class

Soltmax for
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Ren et al. 16



Object Detection

C. Lother Larg
woars slerrnivrirarciv, 39




Applications

2 Fine-tune on limited data



Saliency Prediction

Reducing the Semantic Gap in Saliency Prediction
by Adapting Neural Networks

iz Upsampling
) Saliency Map
#
Concatenation 50
.'?{ " A 512 S R
Linear Integration ™
=
g
o 4
)
1Y
4 I (

Input images

>N
7

= g

Saliency Objectives
(KLD, NSS, CC, SIM)

512 ﬁ

50

Resizing R
—_—

Huang et al. 15

LA
DNNs with shared weights

Human Fixation Maps



Applications

2 Train from scratch on big data



Places Recognltlon

veterinarians oﬂlce elevator door

windmill traln statlon platform

field road arch tower

ramforest swimming pool ;

Nare : | Urban

10 million iImages with
400+ unigue scene categories

places2.csail.mit.edu


http://places2.csail.mit.edu/

Semantic Segmentation

Learning Deconvolution Network for
Semantic Segmentation

4 224x224 224x224
Convolution network Deconvolution network 11exil
56x56 56x56
28%x28 14%14 28%28 // ¢
X I%7 7% 14x14
1x1 1x1
P )
Max !
Max . i Unpoolin
axl_ pooling poohng _____________ _ P . Unpooling
_ Pooling  © iceeeeremeeeee . \Enpooling _/_/_/
_ U li

Ec])oling _________ \npoomg AN
~npooling
~

Noh et al. 15



emantic Segmentation




Depth Map Prediction

Depth Map Prediction from a Single Image
using a Multi-Scale Deep Network

Input Image Depth Normals Labels

Eigen and Fergus 14



Multiple

autoencoding colorization denoising inpainting vanishing point

keypoint3d reshade rgb2depth

rgb2mist rghb2sfnorm segment2d segment2.5d segmem semantic
edge2d keypoint2d object scene room layout
classification classification
PR Top-5 prediction  Top-5 prediction
¥ shoe shop wet_bar -
poal  library reception —
bookshop pantry =3
grocery home_office
confectionery kitchen

tasks predictions

taskonomy.stantord.edu

Input

Pretrained
models for n
tasks

2 i

Top 5
prediction:
Grand piano,
grand shoji,
sliding door,
dining table,
board library

Object
classification

Pi

fiesiii Roehiis

ll-l;i SomER mm
[ |
[ |
n

i

Surface
normals

Semantic
Segmentation

Reshading

Zamir et al., CVPR 2018

Dwivedi & Roig, CVPR 19



http://taskonomy.stanford.edu

Applications

not only for vision...

| | | | |

= — Natural speech
= | — HMM (a=1) _
17 /« ‘ , A g —— DNN (4x512)
i V) i ), \) \V },’l\r \ f 1A ,,0‘ \ /A [ "i:’vv !
D 0 , \ \'. f k ‘\J \ \‘ I VN WA / / i
= '0!' 'V l/ i) l 4 o \v \4 \ \‘.,/ ]
=2 -~ ik _
0 -1 ' ! l A !

0 100 200 300 400 500

Frame

Statistical parametric speech synthesis
using deep neural networks

Zen et. al 13



End-to-End Deep Neural Network for Automatic

Speech Recognition

Applications

128
Conv
5x3

Max
Pool
2x2

256
Conv
5x3

Max
Pool
2x2

384
Conv
3x3

384
Conv
3x3

>

256
Dense

>

128
Dense

256
RNN

256
RNN

CTC
Loss

phonemes recognition

Song and Cai 15




Exploring vision tasks
representation in the brain

sk Can we assess functions of a brain area by
comparing the correlation of its responses with a
large set of diverse models trained on different

computer vision tasks?

B2 2 ' ' Semantic
tasks

Kshitij Dwivedi

Rank Scores

k. .
Mick Bonner
Navigational Affordance Cortical Responses Explained by Semantic Segmentation model, ECCVW 2018.

Explaining Scene-selective Visual Areas Using Task-specific Deep Neural Network Representations, submitted. Ext. in prep.

69



Applications - Frameworks

zpylorch
* Python
* http://pytorch.org

2 lensork-low
* Python, JavaScript
* https://www.tensorflow.org

* Python, high level APl on top of TensorFlow
* https://keras.io

% C++ with Matlab and Python interfaces
* http://caffe.berkeleyvision.org



http://caffe.berkeleyvision.org
http://pytorch.org
https://www.tensorflow.org
https://keras.io
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Time Event

12:30 pm - 1:00 pm Registration / Welcome

1:00 pm - 2:00 pm Introduction to Neura_l Networks
Gemma Roig

2:00 pm - 2:15 pm BREAK

2:15 bm - 3:15 bm Introduction to Brain Imaging: fMRI and MEG/EEG
9P 9P Yalda Mohsenzadeh

3:15 pm - 3:30 pm BREAK

: e Comparing Brains and DNNs: Methods and Findings
3:30 pm - 4:30 pm Martin Hebart

4:30 pm - 4:45 pm BREAK

_ : Comparing Brains and DNNs: Theory of Science
LD I = B [P Radoslaw Cichy
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The Algonauts PrOJect

B Explammg the Human Visual Brain
20 July Schedule Event

8:30 am — 9:00 am Breakfast

9:00 am - 9:15 am Introduction by Radoslaw Cichy
9:15 am - 9:35 am Matt Botvinick
9:35 am — 9:55 am Aude Oliva

9:55 am — 10:15 am Thomas Naselaris

11:00 am — 11:20 am David Cox

11:20 am - 11:40 am James DiCarlo

11:40 am — 12:00 om Kendrick Kay

|l unch on Your Own

1:30 pm — 1:50 pm Introduction to the Algonauts Challenge by Radoslaw

1:50 pm — 2:50 pm Invited Talks: Challenge Winners
2:50 pm — 3:30 pm Posters and Coffee

3:30 pm — 3:50 pm Talia Konkle

3:50 pm —4:10 pm Nikolaus Kriegeskorte

4:10 pom — 4:30 pm Jack Gallant

4:30 pm — 5:00 pom Panel Discussion with Speakers
5:00 pom — 6:30 pm Reception



http://userpage.fu-berlin.de/rmcichy/
http://algonauts.csail.mit.edu/workshop.html#Botvinick
http://algonauts.csail.mit.edu/workshop.html#Oliva
http://algonauts.csail.mit.edu/workshop.html#Naselaris
http://algonauts.csail.mit.edu/workshop.html#Cox
http://algonauts.csail.mit.edu/workshop.html#DiCarlo
http://algonauts.csail.mit.edu/workshop.html#Kay
https://institute-events.mit.edu/visit/where-to-eat
http://userpage.fu-berlin.de/rmcichy/
http://algonauts.csail.mit.edu/workshop.html#Konkle
http://algonauts.csail.mit.edu/workshop.html#Kriegeskorte
http://algonauts.csail.mit.edu/workshop.html#Gallant
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