Administrative

- The midterm has been graded!
- Office hours: Andrej instead of Fei-Fei, 4pm, Fei-Fei office
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Midterm statistics Mean: 64

Median: 65
Max grade: 94

30

225

top 10%: 84+
top 20%: 78+
top 30%: 73+
top 40%: 69+
top 50%: 65+

top scores descending:
94, 93, 92, 90, 90, 90, 89, 89, 86, 86, 86, 86, 85, 85, 84, 83, 83 ...

15

7.5

0
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Midterm statistics

10 Multiple Choice questions:
average grade per question

100
75
50

25

#1 #10

20 True False questions:
average grade per question

90
60

30

-30

#1 #10 #20
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Midterm statistics

Correlated T/F questions:

pair, correlation:
(7,8), 0.37
(2,15), 0.37
(2,7), 0.34
(2,11), 0.3
(7,17), 0.24
(17,18), -0.47
(4,19), -0.21

0 5 10

True False questions correlation matrix
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Midterm statistic

T Can also do the same thing but swap axes:

Student Correlation Matrix

S N L S T

g e

lowest correlation: -0.7
highest correlation: 0.95

fun notes:
- noone gave exact same TF answers
- noone got all TF questions correct
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Midterm statistics

BONUS:
6 people got the Bonus Question
9 people gave admirable effort (>0 & < 3 points awarded)
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Lecture 11:

Beyond Image Classification
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Where we are...
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We've introduced (Convolutional) Neural Nets
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We’ve seen how to train them
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We've looked at how they work

Fei-Fei Li & Andrej Karpathy

[T Labsl: Afghan Hol
oo How

(@) nputimage () Layer s, strongest eaturemap _feature map projectons

s
JAY
7
/ %
z Alndirect
f~ encoding

rule, ruler

pencil box, pencil case
rubber eraser, rubber
ballpoint, ballpoint pen
pencil sharpener
carpenter’s kit, tool kit

O° Training set
o ® o,
OOO Test set

0O Adversarial
Example [26]

N Evolved images,
/\  indirectly encoded
[this]

Gradient ascent
[¢his, 10, 22]

Direct encoding
O g

king crab, Alaska crab sidewinder salishaker, salt shaker
pizza, pizza pic maze, labyrinth pill bostle

strawberry gar, garfish water bottle

orange valley, vale lotion

fig hammerhead hair spray

ice cream, icecream sea snake beer bottle
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reel
stethoscope
whistle

ice lolly. lolly
hair spray
maypole

schipperke
vase schipperke
pitcher, ewer groenendacl
coffeepot doormat, welcome mat
mask teddy, teddy bear
cup Jigsaw puzzle

18 Feb 2015




And how they are applied in practice
| image | R e e—

5: Transfer + fine-tuning improves generalization 77T

Parameter Server W = W - JAw

conv-64

=
o
&

conv-64 3: Fine-tuning recovers co-adapted interactions

2: Performance drops
due to fragile
co-adaptation

Mox‘ﬂel DD DD DD
w00 00 00
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maxpool

o
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conv-128

4: Performance

drops due to
representation
specificity

conv-128

°
o
<)

maxpool

o
wn
©

conv-256 I

conv-256

Top-1 accuracy (higher is better)

Machine |
Z aulysely

maxpool 0:36

conv-512

0 1 2 3 4 5 6 7

conv-512 Layer n at which network is chopped and retrained

Machine 3
¥ aulyoepy

maxpool

conv-512
conv-512 image batch

maxpool

FC-4096
FC-4096
FC-1000
softmax
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But one thing has remained the same...

N/ (assume given set of discrete labels)
) Ta i| {dog, cat, truck, plane, ...}

> cat
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Lecture 11:

Beyond Image Classification
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Localization

Model must output:

- class (integer)
- x1,y1,x2,y2 bounding
box_coordinates
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Very Deep Convolutional Networks for Large-Scale Image Recognition,

Simonyan et al., 2014
OverFeat: Integrated Recognition, Localization and Detection using Convolutional Networks,

Sermanet et al., 2014 —
conv-64
conv-64
maxpool
Idea: train a Localization net m——
Take out Softmax loss, swap in L2 —
(regression) loss, fine-tune the 2% | syap the Softmax
classification network. mamool | layer at the end with

L2 loss

conv-512
conv-512

maxpool

conv-512
conv-512
maxpool

FC-4096
FC-4096

softmax
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Very Deep Convolutional Networks for Large-Scale Image Recognition,

Simonyan et al., 2014
OverFeat: Integrated Recognition, Localization and Detection using Convolutional Networks,

Sermanet et al., 2014 ——
conv-64
conv-64
maxpool
Idea: train a Localization net —T
Take out Softmax loss, swap in L2 —
(regression) loss, fine-tune the w256 | q\wap the Softmax
. . conv-256 .
classification network. mamool | layer at the end with

L2 loss

conv-512

predictions: instead of class

conv-512

scores, now interpreted as m——
the 4 bounding box coords targets: true bounding box conv-512
(also 4D vector from net) / 4D vector of [x1,y1,x2,y2] conv-512
\ ’ ’ ’ maxpool

s 2 FC-4096

Li - ||f‘_yz”2 FC-4096

softmax
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Very Deep Convolutional Networks for Large-Scale Image Recognition,

Simonyan et al., 2014
OverFeat: Integrated Recognition, Localization and Detection using Convolutional Networks,

Sermanet et al., 2014 —
conv-64
conv-64
maxpool
In practice: conv-128
conv-128
maxpool
- It works better to predict a 4D vector @26 | g\an the Softmax
conv-256 .
for every class (e.g. 4000D vector for mapoot | lAyeEr at the end with
1000 ImageNet classes). During convsiz 2 10SS
. conv-512
training only backprop the loss for the maxpool
correct class Sonesia
- apply at multiple locations and maxpool
scales Foanse

softmax
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, : OverFeat: Integrated Recognition, Localization and
I8 i " il A . Detection using Convolutional Networks,
ikl | | 7 PO A mEup et NN ) Sermanet et al., 2014

greedy merging
procedure
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Tip: Note that we can apply ConvNets over all positions in an image very efficiently

Normal ConvNet:
[224x224x3] -> ... -> [/x7x512] -> [1x1x4096] -> ... -> [1x1x1000]

last volume first FC layer  class scores
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Tip: Note that we can apply ConvNets over all positions in an image very efficiently

Normal ConvNet:
[224x224x3] -> ... -> [/x7x512] -> [1x1x4096] -> ... -> [1x1x1000]
last volume first FC layer  class scores

Convert the first FC layer into a CONV layer:

Note: This FC layer is equivalent to CONV layer with:

receptive field size of 7x7, pad 0, stride 1, and 4096 neurons
Convert later FC layers: receptive field sizes 1x1, pad 0, stride 1
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Tip: Note that we can apply ConvNets over all positions in an image very efficiently

Normal ConvNet:
[224x224x3] -> ... -> [/x7x512] -> [1x1x4096] -> ... -> [1x1x1000]
last volume first FC layer  class scores

Convert the first FC layer into a CONV layer:

Note: This FC layer is equivalent to CONV layer with:

receptive field size of 7x7, pad 0, stride 1, and 4096 neurons
Convert later FC layers: receptive field sizes 1x1, pad 0, stride 1

Modified ConvNet:
[384x384x3] -> ... -> [12x12x512] -> [6x6x4096] -> ... -> [6x6x1000]

last volume  7x7 CONV 1x1 CONV

class scores volume!
This is very efficient, can be seen as evaluating the FC layer in parallel on many
locations in the image. This is a common trick. Same trick used in localization.
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Detection

Model must output:

person

A set of detections

Each detection has:

- confidence
- class (integer)
person ;‘fperson - X1 ,y1 ,X2,y2
bounding box
helmet coordinates

15 A power drill .
motorcycle
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Rich feature hierarchies for accurate object detection and semantic segmentation
[Ross Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik]

N
S -

Idea: Turn a Detection Problem into an Image Classification problem
(but over image regions).

nerson Content of every labeled
bounding box for is a positive
flower pot example for a class.
M power drill Every other bounding box in the
image is a special negative
class.
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Rich feature hierarchies for accurate object detection and semantic segmentation
[Ross Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik]

N
S -

Idea: Turn a Detection Problem into an Image Classification problem
(but over image regions).

R-CNN: Regions with CNN features
warped region ﬂl aeroplane? no. |

____________________

=
.lu

b
"

’ :
.->| person? yes. |

~
=

wl
e

-

S

______________ CNNN -
: 4‘ tvmonitor? no. |
1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions
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Selective Search for Object Recognition
[J. R. R. Uijjlings, K. E. A. van de Sande, T. Gevers, A. W. M. Smeulders]

Gives on average ~2,000 candidate region proposals per image.
(This paradigm currently outperform the “sliding window” approach)
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Rich feature hierarchies for accurate object detection and semantic segmentation
[Ross Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik]

P E p
25279 4 -

2
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Segmentation

FCN-8s

SDS [14]  Ground Truth Image

forward /inference

backward/learning

Fully Convolutional Networks for Semantic Segmentation
Long, Shelhamer, Darrell
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Depth Map Prediction from a Single Image using a Multi-Scale Deep Network
[Eigen et al.], 2014

96

v Coarse

256t| 384 384 t] 25?5 4096,
11x11 conv 5x5 conv 3x3 conv 3x3 con\'L 3x3 convk full full
4 stride 2x2 pool
2x2 pool )
Coarse 1 Coarse 2 Coarse3 Coarse4 Coarse 5 Coarse 6 Coarse 7
("eeeemssssssscsscsesssssccssssssssssss=
1
164 64
63 P A
|
=) :
—_— —_—
9x9 conv Concatenate 5x5 conv 5x5conv :
2 stride
2x2 poal Fine 1 Fine 2 Fine 3
Coarse Fine
Layer input 2,34 5 6 5§ 1,2,3,4
Size (NYUDepth) | 304x228 | 37x27 18xI3  8x6 Ix1 74x55 74x55
Size (KITTI) 576x172 | 71x20  35x9 17x4  1x1  142x27 | 142x27
Ratio to input /1 /8 /16 /32 - /4 /4
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Video Classification

Spatial stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv5 || fullé full7 ft
Tx7x96 || 5x5x256 |[3x3x512 || 3x3x512 || 3x3x512|| 4096 2048

stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
9 norm. pool 2x2
pool 2x2 || pool 2x2 class

Temporal stream ConvNet | fusion

conv1 || conv2 || conv3 || conv4 || conv5 || fullé full7
TxTx96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512|| 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
. || poct 2x2 pool 2x2
pool 2x2

g

- .m 4
Two-Stream Convolutional Networks for Action Long-term Recurrent Convolutional Networks for
Recoghnition in Videos [Simonyan et al.], 2014 Visual Recognition and Description
[Donahue et al.], 2014
f = ] f% = { = . =

E E E E 4

L — — — == Large-scale Video Classification with

— = = = == Convolutional Neural Networks

HHHEHHH mmmﬁ ﬁl[llﬁl[lll 1l
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‘man in black shirt is playing "construction worker in orange “two young girls are playing with "boy is doing backflip on
guitar.” safety vest is working on road." lego toy." wakeboard."

"girl in pink dress is jumping in "black and white dog jumps over ”young girl in pink shirt is el V\\//V?j:l,,t ESufingon

air.’ bar.” swinging on swing."
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Neural Networks practitioner
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Recurrent Neural Network

START “straw” “hat”

Convolutional Neural Network
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ecurrent Networks are good at modeling sequences.
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Generating Sequences With Recurrent Neural Networks
[Alex Graves, 2014]
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Recurrent Networks are good at modeling sequences...

INPUT (t) QUTPUT (t)
r— —
— CONTEXT (¢) BN Word-level language model. Similar to:
—
—_—
o Go gle catsaton a ) “
‘ cat sat on a mat
b~ cat sat on a barrel
. cat sit on a glass table
cat sat on a glass table
e
— — Press Enter to search.

CONTEXT (t-1)

Recurrent Neural Network Based Language Model
[Tomas Mikolov, 2010]
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Recurrent Networks are good at modeling sequences...

Machine Translation model

French words English words

y
_//

<EQS>

T

Y
Y
Y
A
A
A

T T T

< —>f

|

Sequence to Sequence Learning with Neural Networks

[llya Sutskever, Oriol Vinyals, Quoc V. Le, 2014]
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Suppose we had the training sentence “cat sat on mat”

We want to train a language model.:
P(next word | previous words)

l.e. want these to be high:
P(cat | [<S>])

P(sat | [<S>, cat])

P(on | [<S>, cat, sat])

P(mat | [<S>, cat, sat, on])
P(<E>| [<S>, cat, sat, on, mat])
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Suppose we had the training sentence “cat sat on mat”

We want to train a language model.:
P(next word | previous words)

First, suppose we had only a finite, 1-word history:
l.e. want these to be high:

P(cat | <S>)

P(sat | cat)

P(on | sat)

P(mat | on)

P(<E>| mat)
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Vanilla 2-layer classification net for each word given (@ ”
previous word: cat sat on mat

yO 1 y2 y3 a 10,001-D class scores:
~—— Softmax over 10,000 words and
T T T T T a special <END> token.
y4 = Why * h4

hO h1 h2 h3 h4 _
<«— hidden layer (e.g. 500-D vectors)
T T T T T h4 = max(0, Wxh * x4)
300 (learnable) numbers
x0 x1 X2 X3 X4 | <—— associated with each word
cat sat on’ mat in vocabulary

18 Feb 2015
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Turn it into RNN: (#anticlimatic) “cat sat on mat”

yO 1 y2 y3 a 10,001-D class scores:
~—— Softmax over 10,000 words and
T T T T T a special <END> token.
y4 = Why * h4

hO —>{ h1 (— h2 —>{ h3 —>| h4

300 (learnable) numbers

x0 “X1” “X2” X3 X4” <+—— associated with each word
G cat sat on mat in vocabulary

<«— hidden layer (e.g. 500-D vectors)
h4 = max(0, Wxh * x4 + Whh * h3)

18 Feb 2015
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Training this on a lot of
sentences would give us a
language model. A way to
predict

P(next word | previous words)
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Training this on a lot of

sentences would give us a yO
language model. A way to

predict T

P(next word | previous words) | ho
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Training this on a lot of

sentences would give us a yO
language model. A way to

predict T

P(next word | previous words) | ho sample!

x0 x1
<START> “Cat”
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Training this on a lot of

sentences would give us a yO y
language model. A way to

predict T T

P(next word | previous words) | ho —| h1

[ ]

x0 X1
<START> “Cat”
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Training this on a lot of

sentences would give us a yO y

language model. A way to

predict T T

P(next word | previous words) | ho | ht sample!
x0 x1 X2
ST “cat” “sat”
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Training this on a lot of

sentences would give us a yO y y2
language model. A way to

predict T T T

P(next word | previous words) | ho —| h1 |—{ h2

L]

XO X 1 ) 13 X2 b}
<START> “cat’ sat
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Training this on a lot of

sentences would give us a yO y y2

language model. A way to sample!
predict T T T

P(next word | previous words) | ho —| h1 |—{ h2

L]

XO X 1 13 X2 b} “X3”
<START> “cat” sat on
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Training this on a lot of

sentences would give us a yO y y2 y3
language model. A way to

predict T T T T

P(next word | previous words) | ho —{ h1 —{ h2 —{ h3

L]

XO X 1 13 X2 b} “X3”
<START> “cat” sat on
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Training this on a lot of

. sample!
sentences would give us a yO y y2 y3 P
language model. A way to
predict T T T T
P(next word | previous words) | ho —{ h1 —{ h2 —{ h3
x0 x1 X2 X3 x4
ST “cat” “sat” “on” “mat”
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Training this on a lot of

sentences would give us a yO y y2 y3 y4
language model. A way to

predict T T T T T

P(next word | previous words) | ho — h1 — h2 —= h3 —= h4

IR

x0 x1 X2 x3 x4
<START> “Cat” “Sat” “On” “matl!
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samples <END>? done.

Training this on a lot of

sentences would give us a yO y y2 y3 y4
language model. A way to

predict T T T T T

P(next word | previous words) | ho — h1 — h2 —= h3 —= h4

IR

x0 x1 X2 x3 x4
<START> “Cat” “Sat” “On” “matl!
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Recurrent Neural Network

START “straw” “hat”

Convolutional Neural Network
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-
conv-64
conv-64

“straw hat”

maxpool

conv-128
conv-128

~_maxpool

conv-256 .
training example

conv-256
maxpool

conv-512
conv-512
maxpool

conv-512
conv-512
maxpool

~ FC-4096
FC-4096
FC-1000
~ softmax
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-
conv-64
conv-64

“straw hat”

maxpool

conv-128
conv-128

~_maxpool

conv-256 .
training example

conv-256
maxpool

conv-512
conv-512
maxpool

conv-512
conv-512
maxpool

~ FC-4096
FC-4096
FC-1000
SO ax
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| image | <

conv-64

conv-64

“straw hat”

maxpool

conv-128

conv-128

777777777777 - y0 y1 y2

conv-256

conv-256 T T T training example

maxpool

conv-512

conv-512 hO = h1 | h2
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test image
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RNN vs. LSTM

“hidden” representation

T T (e.g. 200 numbers)
/ h1 = max(0, Wxh * x1 + Whh * h0)

hO > h1
LSTM just changes the form of the equation
I I for h such that:

1. more expressive multiplicative interactions
2. gradients flow nicer
x0 | | X1 3. network can explicitly decide to reset the

hidden state
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RN N Vs_ LSTM LSTM : h.i_l,hi_l,ci_l - hi,ci

7\ _ [siem) ., (hg-l)

N N () (:;%ﬁi)

- Use LSTM over RNN  —(/is>
- Do not be intimidated 4

by pictures that try to

draw an LSTM, e.qg.:

G = f ON ] +10g
hl = 0 ® tanh(c!)

Recurrent Neural Network Regularization
[Zaremba, Sutskever, Vinyals]

Forget Gate

(it’s just a particular funny s
form of forward function, ~
backpropagation as usual)
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Image Sentence Datasets

a man riding a bike on a dirt path through a forest.
bicyclist raises his fist as he rides on desert dirt trail.

this dirt bike rider is smiling and raising his fist in triumph.
a man riding a bicycle while pumping his fist in the air.

a mountain biker pumps his fist in celebration.

Microsoft COCO
[Tsung-YiLin et al. 2014]
MSC0C0.0rg

currently:
~120K images
~5 sentences each
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http://mscoco.org
http://mscoco.org

Wow | can’t believe that worked

a group of people standing

around a room with a young boy is holdinga @ cow is standing in the middle of a street
remotes baseball bat logprob: -8.84
logprob: -9.17 logprob: -7.61
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Well, | can kind of see it

a cat is sitting on a couch with a remote control

a baby laying on a bed with a stuffed bear logpees: —12.15

logprob: -8.66 g
a young boy is holding a
baseball bat

logprob: -7.65
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Not sure what happened
there...

a toilet witha seatup ina . T .
bathroom a woman holding a teddy bear in front of a mirror a horse is Standmg in the middle of a road
logprob: -13.44 logprob: -9.65 logprob: -10.34

More examples in Web demo: http://bit.ly/neuraltalkdemo

Fei-Fei Li & Andrej Karpathy
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http://bit.ly/neuraltalkdemo

Ranking and Retrieval

Each example is a query test sentence, the most likely retrieved image & the grounding:

1.31 dog 0.26 man 1.12 woman
0.31 playing -0.28 in
0.31 plays R 1""\% 1.23 white
s 1.51 accordion S
0.45 catch / 1.45 dress
. -0.07 among =
-0.02 with \ - 0.06 standing
0.25 whi ! -0.08 in -0.13 with
.25 white - 042 public 3.58 tennis
1.62 ball 0.30 area 1.81 racket
-0.10 near 0.06 two
0.05 le
-0.07 wooden e
0.14 in
0.22 fence 0.30 green
-0.09 behind
-0.14 her

More examples in Web demo: http://bit.ly/rankingdemo
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http://bit.ly/rankingdemo

Ranking and Retrieval

image - sentence score Sk
4 sum

Deep Visual-Semantic Alignments for Generating Image Descriptions
[Karpathy and Fei-Fei, 2015]
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Nearest images

i Multimodal space ! SC-NLM Decoder

i content

i Steam ship at the dock !

CNN - LSTM Encoder

..........................................

- day + night =

- flying + sailing =

-t

m - bowl + box =

-

.

E - box + bowl =

Unifying Visual-Semantic Embeddings with Multimodal Neural Language Models
[Kiros, Salakhutdinov, Zemel, 2014]

SRAmpatieAses TR TS iont
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Recurrent Attention Models

ln+1

Ys
S 0 classification

. 54 @ |
(z1,0y) (x2,15) (x3,13) (Tnsln)
= - -
956 (56 pee l.;my
web demo
Multiple Object Recognition with Visual Attention http://www.psi.toronto.edu/~jimmy/dram/
[Jimmy Lei Ba, Volodymyr Mnih, Koray Kavukcuoglu], 2014 ?'I\jl?gDEé\WZ htps://www.youtube.com/watch?v=21
e 0]
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http://www.psi.toronto.edu/~jimmy/dram/
http://www.psi.toronto.edu/~jimmy/dram/
https://www.youtube.com/watch?v=Zt-7MI9eKEo
https://www.youtube.com/watch?v=Zt-7MI9eKEo
https://www.youtube.com/watch?v=Zt-7MI9eKEo

Summary:

- We looked at many Computer Vision tasks beyond
Image Classification and how they are addressed with
Convolutional Neural Networks
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Next: Guest Lecture:

Evan Shelhamer

____
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