Deep learning



Outline
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* Backprop

» Extensions: multiscale DAGs, recurrence, LSTMs

Why does it work so well”

(we’ll probably get through 1/2 of this today...)






Parts to the rescue!
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Why?

Recognition through reconstruction: latent-variable classification

zero & one-shot learning for tails

Sharing + synthesis:
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part discovery
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Central challenge:




[ atent hierarchical models

Can we write as a set of templates? S(x, 2) = w(z) - ()



Shape models
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Inference: max; S(x,z)

implement with convolutions + max pooling (c.f. distance transform)
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Can deep networks be viewed as
hierarchical part models?

objects

parts
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Often a common motivation (for a vision audience)

We’ll look at detail in a bit...



Deep learning

Much of the field 1s 1n rapid motion
No standard textbooks (yet!)

Some of my favorite references

1. https://sites.google.com/site/deeplearningsummerschool/

2. http://www.deeplearningbook.org/

3. http://www.cs.toronto.edu/~hinton/absps/NatureDeepReview.pdf

My favorite (Matlab) toolbox
http://www.vlfeat.org/matconvnet/


http://www.cs.toronto.edu/~hinton/absps/NatureDeepReview.pdf

Votivation

THE LATEST POPULAR MOST SHARED
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Products
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Classification:
Decision
Trees

Feature
Extraction:

SIFT, HoG... SVMs, ...

Deep network



Hierarchies In vision

input image  edge image 21!2-D sketch 3-D model VISION

B 6:%@5 1982

i ,ﬁ sthats ; SES G UL
Low-level Mid-level High-level
Signal-processing Grouping Recognition

“Lesson” from deep learning: perhaps hiearchichies should be learned rather than hand-designed



Off-the-shelf baseline

Classification:
Decision
Trees

Feature
—— | Extraction:

SIFT, HoG... SVMs, ...

Classification:

Decision

m—) EES
SVMs, ...

“Off-the-shelf”

My personal thoughts: a universal feature extractor is within reach

Implies that “version0” of any deep learning solution shouldn’t do any deep learning! (relevant for your projects)



CNN Features off-the-shelf: an Astounding Baseline for Recognition
(CVPR workshops, 2012)

Ali Sharif Razavian Hossein Azizpour Josephine Sullivan Stefan Carlsson

CNN )
f ~| Representation |

Part Strong Learn Extract Features
Mg Annotaations DPM Normalized RGB, gradient, SVM
== Pose LBP

00 Best state of the art [0 CNN off-the-shelf §#  CNN off-the-shelf + augmentation 00 Specialized CNN
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Where did this all start”

Hubel & Wiesel (1962)

Insights about early image processing in the brain.

sSimple cells detect local features

"Complexcells poollocal featuresin a retinotopic neighborhood




carliest "deep” architecture

Neocognitron
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Original of current networks
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Gradient-Based Learning Applied to Document
Recognition

Yann LeCun, Léon Bottou, Yoshua Bengio, and Patrick Haffner

C3: f. maps 16@10x10

INPUT gg@:ggitzlge maps S4: f. maps 16@5x5
32x32 S2: f. maps C5: layer
6@14x14 120 F6 layer OUTPUT

o

- —

DN

FuII conAectlon Gau33|an connections
Convolutions Subsampling Convolutlons Subsampllng Full connectlon

Stack together convolution and pooling (avg + subsample) operations.
Why can't this be whole story?



ecall: Gaussian pyramids

GAUSSIAN PYRAMID

et T,
.- s . N

g, = IMAGE

g = REDUCE [g, ]

Fig 1. A one-dimensional graphic representation of the process which
generates a Gaussian pyramid Each row of dots represents nodes
within a level of the pyramid. The value of each node in the zero
level is just the gray level of a corresponding image pixel. The value
of each node in a high level is the weighted average of node values
in the next lower level. Note that node spacing doubles from level
to level, while the same weighting pattern or “generating kernel” is
used to generate all levels.




Alternate perspective:
neural networks
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Recall: class-conditional Gaussians

1
11111111111

Py =) = T Dply = 1) + p(aly = 0)p(y = 0)

Plug in the following and simplity:

L 5em) = )
(2m)|%3

p(zly) = 7



Recall: class conditional Gaussians
p(y = 1|lx) = sigmoid(w - x + b)

B 1
14 e =

sigmoid(x)

w[1]

@ §% —Q

3 :
x[3] w(3] :

ply=1lz) >.5 when fu(z)=w-2+b>0, w=X""(u1 — o)



The perceptron

Retina

Associative area

o~

Linear threshold unit

sign (w’ x)

Frank Rosenblatt



If input features are binary, can model logical “and’s and “or”’s
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What about “xors”?




Multilayer perceptons
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Can model more complex “circuits”



Activation functions
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What's the difference between a standard “neural
network” and a “convolutional neural network”?

1. Sparsity through local receptive feilds
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| ocal receptive feilds




L ast puzzle peices:

pooling
ame o
//\ Average pool S%Zx-
L —
— O Max pool max{x;}
530




L ast puzzle peices:
pooling + normalization
tame | poolingormuia_

Average pool — Y x;

Max pool max{x;}

1
2
1

1 p
L, pool (§Z|xi|p)

Contrast normalization

= Subtractinga low-pass smoothed version of the layer

= Just another convolutionin fact (with fixed coefficients)

" Lots of variants (per feature map, across feature maps, ...)

= Divisive normalization
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Some popular networks



AlexNet

- j\ )
S NS '1 3
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\" N3 13 » 13
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L : 2048 2048
l{Stride Max 128 Max pooling
Uof 4 pooling pooling
3 48

= Very good implementation, running on two GPUs.
" RelLU transfer function. Dropout trick.

" Also trains on full ImageNet (15M images, 15000 classes)

Structure (conv-relu-maxpool-norm)3-linear-relu-linear-relu-linear

(Kirzhevsky, Sutskever, Hinton, 2012)



Aside: scanning-window CNNs

Yan Lecun: “There 1s no fully-connected layer, only a 1x1xN convolutional layer!”

; JBS ENR S y
. 3 .x";;ﬁw
2 192 128 2048 2048 dense
13 \ 13
3 -,;- R

3| {3 13 dense’| |[dense

1000

Wrong way Right way




A better visualization of AlexNet

input

conv3 conv4 convs

“fc6” “fc7” output

| e — | —

1x1x4096 1x1x4096 1x1x1000

13x13x384 13x13x384 13x13x256
27x27x256

55x55x96

Red layers are followed by max pooling

224x224x3 . .. . : :
recax Visualization hids the dimensions of the filters
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conv2
024x224
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All filter dimensions 3x3 except fc6 (which uses 7x7)

People still misunderstand this



(Loosely) exploit associate property of
convolutions

Why 3x3 layers?
* Stacked conv. layers have a large receptive field

* two 3x3 layers — 5x5 receptive field 5
A

* three 3x3 layers — 7x7 receptive field

* More non-linearity

o
A
BRRRR

* Less parameters to learn
* ~140M per net EEEEE

|
L]

15t 3x3 conv. layer

2"d 3x3 conv. layer



Residual Net

VGG-19
image
output
size: 224 3x3 conv, 64
3x3 conv, 64
pool, /2
output

size: 112 3x3 conv, 128

34-layer plain 34-layer residual

image image

| 3x3 conv, 128 |

| 7x7 conv, 64, /2 |

7x7 conv, 64, /2

v
pool, /2
output

pool, /2 pool, /2

size: 56 | 3x3 conv, 256 |

| 3x3 conv, 64 |

v

| 3x3 conv, 256 |

\ 4
v

| 3x3 conv, 64 | 3x3 convy, 64
v

| 3x3conv,256 |

| 3x3 conv, 256 |

| 3x3conv,64 | 3x3 conv, 64
| 3x3 conv, 64 | 3x3 conv, 64

pool, /2
output

3x3 conv, 64
3x3 conv, 64

size: 28 | 3x3 conv, 512 |

| 3x3 conv, 128 |

| 3x3cony,512 |

| 3x3conv,128 |

3x3 conv, 128

| 3x3 conv, 512 |

| 3x3 conv, 128 |

3x3 conv, 128

v

v

| 3x3 conv, 512 |

| 3x3 conv, 128 |

3x3 conv, 128

output

size: 14 pool, /2

3x3 conv, 128
3x3 conv, 128
3x3 conv, 128

3x3 conv, 256, /2

| 3x3cony,512 |

| 3x3conv,256 |

| 3x3 conv, 512 |

| 3x3 conv, 256 |

3x3 conv, 256

| 3x3cony,512 |

| 3x3conv,256 |

3x3 conv, 256

| 3x3 conv, 512 |

| 3x3 conv, 256 |

3x3 conv, 256

output

size: 7 pool, /2

A 4

output fc 4096
size: 1

3x3 conv, 256 3x3 conv, 256
3x3 conv, 512, /2 3x3 conv, 512, /2 ““‘_
Y
3x3 conv, 512 3x3 conv, 512 R

3x3 conv, 512
3x3 conv, 512
3x3 conv, 512

3x3 conv, 512
3x3 conv, 512

3x3 conv, 512

[ fc 4006 |

3x3 conv, 512 3x3 conv, 512
avg pool avg pool
fc 1000 fc 1000

Deep Residual Learning for Image Recognition

Kaiming He

Xiangyu Zhang Shaoqging Ren
Microsoft Research

{kahe, v-xiangz, v-shren, jiansun} @microsoft.com

Jian Sun
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Supervised training

Fosdhs

panﬂdgé' .
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Imagenet large-scale visual recognition challenge
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1000 classes, ~1000 examples per class



Imagenet 2014 |mage classification
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e

Model Resolution Crops Models Top-1error Top-5 error
GoogleNet ensemble 224 144 7 - 6.67%
Deep Image low-res 256 - 1 - 7.96%
Deep Image high-res 512 - 1 24 .88 7.42%
Deep Image ensemble variable - - - 5.98%
BN-Inception single crop 224 1 1 25.2% 7.82%
BN-Inception multicrop 224 144 1 21.99% 5.82%
BN-Inception ensemble 224 144 6 20.1% 4.9%*

Human top-5 error: 5.1 %



MatConvNet
Convolutional Neural Networks for MATLARB

Andrea Vedaldi Karel Lenc
X9 X3 XL—1
%0 fi (e L XL
Wi W9 Wi,

http://www.vlfeat.org/matconvnet/#pretrained

Great source of “off-the-shelf” state-of-the-art features for Matlab

User manual is cleanest “hands-on” explanation of backprop I've seen



Gradient descent

1
muijn §HwH2 + Z(fw(ili‘z) — ;)

8fw(xi)
ow )

W = w — step % (w + Z(fw(xz) — Yi)

This is the path followed by the optimizer to reach the global minimum|0.22777  -1.6257)
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/" g \\ Initial Condition
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Stochastic gradient descent

min %HwHQ + 3 (fule) = i)?
7’ Ofulr)y

w = w — step * (Aw + (fw(Zi) — Yi)

ow

0.5

0.4
0.3
0.2F \

0.1
= 0
-0.1
-0.2
-0.3
-0.4

0

R I Ry 0 1000 500 0 500 1000 1500 2000
0 &,

Crucial parameters for tuning: learning rate (step) and weight decay (lambda)



Optimization

Appears to be a significant hurdle for training

Deep Residual Learning for Image Recognition

Kaiming He Xiangyu Zhang Shaoqging Ren Jian Sun

Microsoft Research
{kahe, v-xiangz, v-shren, jiansun} @microsoft.com

\)
(=)
1

56-layer

20-layer

—_
=]
T

56-layer

training error (%)
test error (%)

20-layer

0 1 2 5 6 0 1 2

iter? (164)4 iter? (164)4
Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain” networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet 1s presented in Fig. 4.



Intuition: bias deep models to behave like shallow models during learning

60 60
50 50
S S
g 40 g 40
o o
30— - e 30
plain-18 ResNet-18
—plain-34 —ResNet-34 34-layer
T | [ I | . 2 T | [ | |
200 10 20 30 40 50 OO 10 20 30 40 50

iter. (1e4) iter. (1e4)
Figure 4. Training on ImageNet. Thin curves denote training error, and bold curves denote validation error of the center crops. Left: plain

networks of 18 and 34 layers. Right: ResNets of 18 and 34 layers. In this plot, the residual networks have no extra parameter compared to
their plain counterparts.
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\ 4 \ 4
3x3 conv, 64 3x3 conv, 64
. ¥ Mep—




Efficient BackProp

Yann LeCun!, Leon Bottou!, Genevieve B. Orr?, and Klaus-Robert Miiller?

[Nice discussion of optimization 1ssues 1n above paper]
min F(w)
w

1. First order method (gradient descent)

w:i=w—af, = Vb

-0.5
-1000  -500 0 500 1000 1500 2000
0,

https://en.wikipedia.org/wiki/Newton%27s_method in_optimization

U
2. Second order method (Newton’s method) ' (@«

w:=w— H g

Intuition: build second-order behaviour into SGD by normalizing variables (zero-mean, 1dentity covariance)
[cf. Batch Normalization, Ioffe et al]


https://en.wikipedia.org/wiki/Newton's_method_in_optimization

(Mini) batch learning

|
min [ w|]” + Z(fw(xi) —y;)?

w = w — step * (w + Z (fw(x;) — yz)afgfv%))

reMini B

Learn from batches of training data (rather than a single example or full dataset)

,,,,,,,,,
3

Crucial observation: updates are more statistically reliable when data {x;} 1n batch are uncorrelated
In practice, randomly permute training examples

Challenging to do when learning from patches in images or frames from videos



Batch normalization

[Ioffe et al]

Intuition: build second-order behaviour into SGD by normalizing variables
(zero-mean, 1dentity covariance) before nonlinearity

conv(x,w) max(0,x)

a = mean(batch)
b = var(batch)

Many (if not most) contemporary networks make use of this



Drop-out regularization
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(a) Standard Neural Net (b) After applying dropout.

Intuition: we should really train a family of models with different architectures and average their predictions
(c.f. model averaging from machine learning)

Practical implementation: learn a single “superset” architecture that randomly removes nodes
(by randomly zero’ing out activations) during gradient updates



Bottom line: optimization matters!

Seems to be the limiting factor in performance right now

... so let’s dig into the gritty details

1
min | |wl|[* + Z(fw(xi) —yi)’

0 fuw (*77%))

w = w — step % (w -+ Z(fw(xz) — ;) "

Initial Condition
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