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Pattern Recognition




Why Pattern Recognition is Hard

» Text detection
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» Character recognition
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» Language translation
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Why Pattern Recognition is Hard
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Why Pattern Recognition is Hard
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PR: Definition

O [
x|—>y f (%)

object Pattern Recognition




Pattern Recognition

- [rresy o
5 x| 2>y =71 5

object Pattern Recognition label

S € R’




Feature Extraction
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Feature vs. Attribute

(Pic trung va thugc tinh)

» Attribute
Characteristic
Quality of a thing
Example: weight (kg), volume (cm?), color (R,G,B)...

» Feature

“Informative” measurement or characteristics. e.g. improving
generalization/prediction performance.

Example: Density (kg/m3)



Feature Extraction: ICR
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Feature Extraction: Color Image
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Feature Extraction: Radio Wave
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Feature Extraction: Features

“Coming up with features is difficult, time-consuming,

requires expert knowledge.”
)

» Informative
Help improving performance

» Non-redundant
Removed without performance degradation

» Explainable
Understandable by human


https://en.wikipedia.org/wiki/Andrew_Ng
https://forum.stanford.edu/events/2011/2011slides/plenary/2011plenaryNg.pdf
https://forum.stanford.edu/events/2011/2011slides/plenary/2011plenaryNg.pdf

Feature: Engineering vs. Learning

Feature Engineering Feature Learning

» Using domain knowledge to » Automatically create

create features that make features that make machine
machine learning algorithms learning algorithms work.
work.
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Feature: Engineering vs. Learning

Pre-processing / “Simple” Trainable

Feature Extraction Classifier

Trainable Trainable ,
Trainable
Feature - — Feature o
Classifier

Extractor Extractor

(Yann LeCun, 2010)
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Handwritten Digit Recognition: LeNet-5
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Convolution Process
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Edge Detection Filter / Kernel
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LeNet-5, AlexNet
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LeNet-5, VGGNet
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LeNet-5: “Handcrafted” Convolution
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“Normal” Convolution

1
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LeNet-5:
“Handcrafted” vs. “Normal” Convolution
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LeNet-5:
“Handcrafted” vs. “Normal” Convolution
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LeNet-5, GoogLleNet
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Convolution, Reception
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Reception,
Reception with Dimension Reduction
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#Layers vs. Performance
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MNIST Revisited
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Gradient Feature

» Filter mask

-1 0 1 11 2| 1
21 0 2 0 0] O
-1 0 1 -1{ -2 -1

T
» Feature g(x,y)=I[9gx,9y]
gx(x,y) = f(x+1, y=1)+2 f(x+1, y)+ f(x+1, y+1)
—fx—1Ly—-1)=-2f(x—1,p)

_f(x_19y+1)9

gy(x, y) = fx=1, y+D+2f(x, y+ D+ f(x+1, y+1)
—fr=Ly—-1)=2f(xy—1)

—f(x+1,y—1).
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Gradient Feature: [g,,g,]
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_f(x_lay_'_l):
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Gradient Feature: Magnitude and Angle

' Mag =g, + g,

g.2
' Ang = arctan==
9y



Gradient Feature: Discrete Direction




Discrete Direction: (Sum) Sampling
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Discrete Direction: Concatenation
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MNIST Test Error Rate

2-layer LeNet-5 | Mul.Col.
NN RAW DNN

0.23 0.61
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HOG vs. LeNet-5
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CNN Convolution vs. Filter
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CNN Convolution vs. Filter
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Stride and Padding
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Pooling/Sampling

Single depth slice
1 o 2 3

4 6
3 1
1 2

W

Example of Maxpool with a 2x2 filter and a stride of 2

48

Objective:

6 8
1 0 3 4
2 4

- Improve space-invariance
- Reduce parameters
- More abstract features

Methods:

- Max pooling
- Sum/Mean pooling



Non-linear Transform of Features
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Activation function
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Nonlinearity: HOG vs. CNN
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HOG: Linear Transform of Pixels

. Weighted vote into
. . Nonlinear \ . .
Input image > Compute gradients spatial and »| Contrast normalize — Linear SVM
transform . ) _
orientation bins
__————._.________ -Hh"'“-w...__q___h H\-ﬁ""ﬁ-\.,_h
_____———____\__ — T
T %

B (x) = Df‘i’f[ (g% %) ® (gf * %)]

Figure 1. An illustration of the HOG feature extraction process and how each component maps to our reformulation.
Gradient computation is achieved through convolution with a bank of oriented edge filters. The nonlinear transform is
the pointwise squaring of the gradient responses which removes sensitivity to edge contrast and increases edge bandwidth.
Histogramming can be expressed as blurring with a box filter followed by downsampling.

X — Input image

g: — Oriented edge filter

b — Blur operator

D — Sparse selection matrix for pooling/histogram

(Hilton Bristow and Simon Lucey,
Why do linear SVMs trained on HOG features perform so well?, 2014)
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Why Deep?
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Matthew D. Zeiler and Rob Fergus,Visualizing and Understanding Convolutional

Networks, 2014
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PR: Feat Engineering vs. Feat. Learning

Trained weights (w)

Features (x) ClassiREEtioh Scores

- (wW'x)

Feature
Extraction

Scores per class
(select class based
on max or threshold)

Handcrafted Features Learned Features
(e.g. HOG) (e.g. CNN)

A.Suleiman,Y. H. Chen, |. Emer andV. Sze, "Towards closing the energy gap between
HOG and CNN features for embedded vision," 2017.
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“Deep” Feature Learning vs.
“Shallow” Feature Engineering

((Deep”

Modern Deep CNN: 5 - 1000 Layers 4 — 3 Layers
A

A}

— Low-Level High-Level
Input Image c E"EH 515]5)5]5 @ Features > - Features Classes
ell Histogram B\ 3
“Shallow” '

convolution non-linearity normalization pooling

= I DA Wik

A.Suleiman,Y. H. Chen, J. Emer andV. Sze, "Towards closing the energy gap between
HOG and CNN features for embedded vision," 2017.
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Performance:
Feat. Learning vs. Feat. Engineering

Exponential VGG16°
10000 5
1000 -

. 3
Energy/Pixel (n)) AlexNet5
Measured in 65nm* 100 AlexNetEZ
1. [Suleiman, 2016]
2. [Chen, 2016] 10 -1
3. [Chen, 2016]

1 HOG!

¥ Only feature extraction. Does —— .
not include data, augmentaGon, Linear
ensemble and classifica6on U 1 T T T
e 0 20 40 60 80

Accuracy (Average Precision)
Measured on VOC 2007 Dataset

1.
2.
3.

[Girshick, 2012, 2015]
[Zou, 2014]
[Zou, 2014], [Girshick, 2012, 2015]

Softmax

FC 1000

FC 40096

FC 4006

Pool

|nput

VGG16

A.Suleiman,Y. H. Chen, J. Emer andV. Sze, "Towards closing the energy gap between
HOG and CNN features for embedded vision," 2017.
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“Hand-Crafted” Feature Extraction

Convoelutions

E W

Input Image

Rectification

Pooling / Subsampling




Architecture Design: Speed

» Simplification

01 2 3 45 6 7 8 9 10111213 14 15
0| X X X X X X X X X X
11X X X X X X X X X X
2| X X X X X X X X X X
3 X X X X X X X X X X
4 X X X X X X X X X X
) X X X X X X X X X X
» Parallelization » Hand-design sub-network
> Filter
] '_{_:::_:‘ concatenation
AN i 1x1
X 1 3-.-..‘;':':-:.3:" convelution
......... & 3\1 Q: + * +
- - 13 1%1 % 3X3 max
&gl convolution con\jollti{}r‘ pooling
Max 128 Max o
pooling pooling Previous Layer
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Architecture Design: Accuracy

» Multicolumn CNN for MNIST

10, 12, 14, 16, 18, 20 sizes
normalization

5 DNN columns per
normalization, total of 35
columns

| x29%29-20C4-MP2-40C5-MP3-
| 50N-10N DNNs are trained Image

» Performance

2-layer SVM Mul.Col.
NN RAW DNN
5.0 4.7 1.4 0.95 0.61

0.23
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Multi-column Deep CNN for MNIST

L6-Output
10 I I Layer
class "2"
L5-Fully
150 S —— Connected
Layer
I T P RE L VTS LY [N L4-MaXPOOIIng
40 @ 3X3 dMN! WP W SRS 2 T Layer
40 @ 99 FRUENOSUREE " NAM 4 INEL L3-Convolutional

ANAr-NFNCE MR E S Layer
ENDFNENNRTENENANENERN . =
-
]
]
B
u

800 @ 5x5 H Filters
H
]
] a
= b
IIIIIIHIIIIIIIIIIB ENFEENNNEEEN
SEEENENEEEEEE EEEEENEEEREE
EENARNALEIEEANISENEENENDESEESNBEAREE

20 @ 1313 E.E!LEE L2-MaxPooling
7|2 ziz e 2] Layer

L ’ ~ - ; — _— -
20 @ 26x26 E z— L1-Convolutional
o 77 2717 2
= F2] IR

20 @ 4x4 EENONUEEN SN GEENTEEND Filters

1@ 29%x29 LO-Input

Dan Ciresan, Ueli Meier, Juergen Schmidhuber, Multi-column Deep Neural Networks for Image Classification, 2012
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What Next?

sensors

percepts

actions

effectors
Exponential VGG16°®
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Why Pattern Recognition is Hard

» Text detection
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» Character recognition
PLAYA CERRADA
RECENTE ATAQUE DE TIBURON

» Language translation
BEACH CLOSED
RECENT ATTACK OF SHARK
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Why Pattern Recognition is Hard

Street address

QSW Moo Sk

63

. Lexicon entry ZI1P+4
q / /] _— N i (Street name) add-on
oo A | [V mumdcouiens AMHERSTON DR | 7006
| v 1 BELVOIR RD
VA AL A He » »’V o \ CADMAN DR Recognizer choice
CLEARFIELD DR (after lex. expansion)
FORESTVIEW DR
Database query HARDING RD | 7111
v HUNTERS LN 3330
ZIP Code: 14221 MCNAIR RD | 3718
. MEADOWVIEW LN 3557
Prlmary number: 276 Records OLD LYME DR 2250
Retrieved RANCH TRL 2340
RANCH TRL W 2246
SHERBROOKE AVE | 3421
SUNDOWN TRL 2242
TENNYSON TER 5916
Address
encoding Z1P+4:



Why Pattern Recognition

Ground Truth — Word Recognition

is Hard

Ground Truth location (ONLY
Challenge 4)

word_1.png,®,18,88,8,98,58,2,68
word_2.png,23,13,229,8,2087,138,0,152
word_3.png,8,22,152,0,146,57,8,90
word_4.png,0,96,153,0,178,48,26,136
word_5.png,@,58,116,8,152,83,3,122
word_6.png,1,0,63,16,62,41,8,26
word_7.png,®,5,82,8,82,24,1,29
word_8.png,9,8,349,8,348,83,8,91
word_9.png,0,41,86,8,101,56,16,97
word_19.png,@,21,78,0,76,29,6,5@
word 11.png,@,4,91,8,91,28,8,32
word_12.png,2,%0,41,0,72,6,27,96
word_13.png,8,8,188,24,185,39,4,15

Dataset Images Ground Truth
transcription
- —
’ | rlc word_1.png, "§500"
i} word_2.png, "who"
§r/iv Jl - word 3.png, "SMRT"
word 1.png  word 2.png word_3.png word_4.png word 4.png, “COACH"
word_5.png, "FALL"
o — word_b6.png, "toast?”
u 1‘ word_7.png, "SEASON!™
. w || word_B.png, "HUMP"
word_5.png word_6.png word _7.png :2:3_?ép25é 9;;4_11“
e 3
= word _11.png, "NEW"
word_12.png, "PLAIN"
word_13_png, "TOBACCO"
word 8.png Word 9.png word 18.png o
word_11.png word_12.png word_13.png | gt.txt
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Why Pattern Recognition is Hard

) 2o ganall - 3] Sbu3] GulS o) ool pond
A Lol A ST o o ucgpa i

20730 Uy @8 s Gl adnis 24841

Gppall Gyl (6 Lirse gin " LYVl Dl B ilga i 48 il Sl

e Interactive Handwritten Text Recognition: the

user and the system interact for obtaining the correct transcript.

A

y - f . ;
~bids | otk He %W“’" ,//ijf'&“ W{é f

i

o il mm ) er itadST B scemnmotit Ve

()
-victs, which the Panopticon proposed to be erected bbl Cil
;< = / 77 =T B2 I

-

65



Tesseract OCR

Input: Gray or Color Image

[+ Region Polygons]
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Tesseract Word Recognition

Try Again
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Segmentation Graph
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OCR With (Lexical) Context
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higher
C' = argmax p(signal|C) - p(C)
C
(signa ) exp(output(s;|c;))
gnallC) = Hp i) —[Z exp(output(s;|c;) length penalty
= | [ p(cile(h(2)) = [ [ p(cilcica...ciz1)
1:[ 1: context (LM) weight \

e

C = argmar 3 (log(p(se) + - Log(p(cil(hn(0)))) + 0)
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OCR With Long-Short Term Memory

move a pointing device to the location of the

gg move a pointing device to the location ot the

0 100

200 300 400 500 600

move_a_pointing_device_to_the location_of the

0
20
40
60
80

100

120
140

move#a#pointing#device#to#the#location#of#the

700

:q

O 00 O
N D

O O -

N O O
b
»-———-"]

e ——

—
—_—
—
—
——

=)
(=)

(<)

—

O

00 600 700

800

OOOOO =it
fonbomonsom
-

~N

4800 5000 5200 5400

5600



Recurrent Neuron Networks
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Long-Short Term Memory

gt — O (Wz ' [ht—lafﬂt])
re =0 (Wr ' [ht—lal‘t])
h; = tanh (W - [ry x hy_q, x¢])

ht:(l—zt)*htq-{—zt*fzt
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LSTM vs. Language Model?

h,t

gt — O (Wz ' [ht—lafﬂt])
re =0 (Wr ' [ht—lal‘t])
h; = tanh (W - [ry x hy_q, x¢])
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C = argmaz » [log(p(si|ci)) + 7 - log(p(ci|¢(hn(i)))) + )
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“There is no one model that works best
for every problem™
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