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Introduction: Automatic Reading Systems

One of the earliest application fields studied in computer
science

So-called OCR achieves high-quality results for
machine-printed text in well-defined settings.

Online handwriting recognition again gaining popularity
Offline handwriting recognition: Remarkable results, but still
an open research problem

Statistical sequence models (e.g. HMMs, BLSTMs) that are
trained from extensive amounts of example data

Fink, Sudholt
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Introduction: Why Word Spotting?

What if automatic transcription of handwriting is no longer feasible?

Alternative: Retrieval of individual words rather than transcription
(“query-by-example”)

Query word image Document image

P4

Image of Feldpost postcard from Private Collection Dr. Britta Bley, Dortmund, Germany Images from The George
Washington Papers at the Library of Congress, 1741-1799

Fink, Sudholt
Word Spotting: BoF to Deep Learning <4» AV |Intro


http://www.uni-dortmund.de
http://ls12-www.cs.tu-dortmund.de//patrec/staff/fink/
http://patrec.cs.tu-dortmund.de/cms/en/home/People/Staff/sudholt.html

I
; dortmund

Word Image Descriptor
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Introduction: Basic Methodology

Distance
measure

Word Image Descriptor

Word Image Descriptor

- OO

Word Image Descriptor

Word Image Descriptor

/ Za ce
Pt o ﬁ"

2o

Ranked Word Images

P

Word Spotting: BoF to Deep Learning

Based on [Rath & Manmatha, IJRAR'07]
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Word Spotting: Fundamentals

Specialized image retrieval
Important ingredient: Image matching procedure
Frequently required: Pre-segmentation (words / lines)

Segmentation-based

Segmentation-free, i.e., segmentation problem covered
during retrieval

Query-by-Example, i.e., word image directly used as query
Query-by-String, i.e., query model derived from textual query
(“string™)

Fink, Sudholt
Word Spotting: BoF to Deep Learning


http://www.uni-dortmund.de
http://ls12-www.cs.tu-dortmund.de//patrec/staff/fink/
http://patrec.cs.tu-dortmund.de/cms/en/home/People/Staff/sudholt.html

technische universitat
dortmund

Word Spotting Tasks

Query by Example

oy,

T

Query by String /
Company

Fink, Sudholt Images from The George Washington Papers at the Library of Congress, 1741-1799
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Word-Spotting: Milestones

First influential work
(Binarization, Alignment, XOR distance)
DTW matching

(Normalization, profile features)

First influential work N,
using BoF, first with Spatial Pyramid R g o Rekbm i
an English \dir'inmljx[led 4} to England I

(SIFT, BoF, Spatial Pyramid, LSI, V¥ R s
segmentation-free decoding)

HOG features
(“Exemplar SVM", query expansion)

Eswm
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Overview

Bag-of-Features: Fundamentals

Fink, Sudholt
Word Spotting: BoF to Deep Learning
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Local Image Descriptors

Local gradient statistics

(i.e. implicit description of object contours)
Grouping of multiple such local statistics in a certain
neighborhood and normalization

(coarse description of structural properties)

SIFT descriptor

=
EEAINE
\ ~vre el
N /
Image gradients Keypoint descriptor

Ex. several similar descriptors, e.g., HOG, SURF

Fink, Sudhoy
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Statistical Image Modeling

Bag-of-Features Models (BoF)

Originally proposed as Bag-of-Words models for
representing texts

(cf. e.g.

Extract local image features (usually in a grid)

Compute visual vocabulary by quantizing local image
features

For given image, compute histogram of quantized features
(i.e. orderless “bag” of features)

Any classification / matching technique can be applied to
BoF representations

S. O'Hara & B. A. Draper:
Computing Research Repository, arXiv:1101.3354v1, 2011.

Fink, Sudholt
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Statistical Image Modeling Il

BoF-Approach: Processing Pipeline

TR "Airplane"

Term-vector

Local
Features

> Clustering —tQuantization SVM

Main drawback: Spatial information is lost!

Fink, Sudholt
Word Spotting: BoF to Deep Learning 4> Av BoF
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Statistical Image Modeling 111

Goal: Compensate loss of spatial information

Method: Spatial-pyramid models

Level 0 Level 1 Level 2
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Lazebnik, S., Schmid, C., Ponce, J.: Beyond bags of features: Spatial pyramid matching for recognizing natural scene
categories, IEEE Conference on Computer Vision and Pattern Recognition, 2006.

Disadvantage: Considerably increased model complexity

Fink, Sudholt
Word Spotting: BoF to Deep Learning 4> Av BoF
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Overview

Learning Document Image Representations

Fink, Sudholt
Word Spotting: BoF to Deep Learning
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Bag-of-Features Models for Word Spotting

Basic Methodology:

Gradient-based descriptors, e.g., SIFT, HOG

Dense grid, i.e., no keypoint detection involved

Quantization of descriptors (as “usual”)
Large vocabularies (i.e. 2K to 4K) in order to
capture appearance of “individuals” precicely

Segmentation- or patch-based processing
1D spatial pyramid for improved spatial modeling

Fink, Sudholt
Word Spotting: BoF to Deep Learning 13
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Bag-of-Features Models: Visual Vocabulary

cevec ol o le
L
s a(fe&,v}.,a

I Dense Grid of Descriptors —>‘ Clustering HVO\:I:;S::IIMV

Fink, Sudholt
Word Spotting: BoF to Deep Learning 4> Av Features 14



http://www.uni-dortmund.de
http://ls12-www.cs.tu-dortmund.de//patrec/staff/fink/
http://patrec.cs.tu-dortmund.de/cms/en/home/People/Staff/sudholt.html

technische universitat
dortmund

Bag-of-Features Models: Term Vector

Cocoecol 1ol = 5 i
;m_c/ 4./"',&%' E:, | “‘.,Hz,"/",d" E 1
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Qua'lﬁza“on Visual Vocabular Bag-of-Features
Document Images Dense Grid of Descriptors (.
Term Vector

Fink, Sudholt
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Segmentation-free Word Spotting with Bag-of-Features

5
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Ranked Word Images
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Rusifiol, M., and Aldavert, D., and Toledo, R., and Lladés, J.:

, Int. Conf. on Document Analysis and Recognition, Bejing, pp. 63-67, 2011.
Fink, Sudholt
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Segmentation-based Word Spotting with Bag-of-Features

Eps il

feafa

Spatial Pyramid BoF

Spatial Pyramid BoF m
Spatial Pyramid BoF E@

Inverted
file
index

Spatial Re-Ranking

) e

Ranked Word Images

Shekhar, R., and Jawahar, C.: Word image retrieval using bag of visual words, Int. Workshop on Document Analysis
Systems, pp. 297-301, 2012.

Fink, Sudholt
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Overview

Learning Word Spotting Models

Fink, Sudholt
Word Spotting: BoF to Deep Learning
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Learning BoF-Based Word Spotting Models

Expert-designed image descriptors

Automatically learned document image features

(visual vocabulary — histograms of quantized descriptors)
Matching: Nearest neighbor

More powerful image matching

Categorization capabilities

(i.e. links between image appearance and textual
representation)

Learned classification models

Fink, Sudholt
Word Spotting: BoF to Deep Learning
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Bag-of-Features HMMs

Extension of HMMs towards learned feature representation
Extension of BoF models towards fine-grained script representation

Keypoint ) Keypoint ) Descriptor ) Sliding ) HMM
detection descriptors quantization bag-of-features integration
A

LCIustering
A
Codebook |- T Ulﬂll
FER FRRE R ] e LR V|

f : term vector
V :vis. voc.

o bR =Y cuf with
k=1

Rothacker, L., Vajda, S., Fink, G. A.:
, In Proc. ICFHR, Bari, 2012.

Fink, Sudholt
Word Spotting: BoF to Deep Learning 20
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Bag-of-Features HMMs for QbE Word Spotting
. pa
o Query Word [
oy

- "’ -
o _ais* Bag-of-Features Sequence B e it >
® l (sliding window)
]
|
]

Bag-of-Features
Hidden Markov Model

[ ol B

@ Approach can be sped-up by intelligent patch pre-filtering!

Rothacker, L., Rusinol, M., Fink, G. A.:
, In Proc. Int. Conf. on Document Analysis and Recognition, Washington DC, USA, 2013.
Rothacker, L., Rusinol, M., Llados, J., Fink, G. A.:
, manuscript cultures, 1(7), pages 47-57, 2014.

Fink, Sudholt
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Bag-of-Features HMMs for QbS Word Spotting

Training set E
Eofpldfer =
/L L T ol [
i D

Appearance model: Bag-of-Features HMMs (per character)
Spatial size model: Width & height estimates

Rothacker, L., Fink, G. A.: , Int. Conf.
on Document Analysis and Recognition, Nancy, France, 2015.

Fink, Sudholt
Word Spotting: BoF to Deep Learning 22
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Bag-of-Features HMMs for QbS Word Spotting Il
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Rothacker, L., Fink, G. A.: , Int. Conf.

on Document Analysis and Recognition, Nancy, France, 2015.

Fink, Sudholt
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Bag-of-Features HMMs for QbS Word Spotting Il
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Rothacker, L., Fink, G. A.: Segmentation-Free Query-by-String Word Spotting with Bag-of-Features HMMs, Int. Conf.
on Document Analysis and Recognition, Nancy, France, 2015.

Fink, Sudholt
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Subspace Representations for Word Spotting

Project both textual and visual representation into a
common space
QbE and QbS are now a simple nearest neighbor search

llplacell

String
Transformation

Textual Repr.

jb.

Common Space

J. Almazén, A. Gordo, A. Fornés and E. Valveny:
Trans. Pattern Analysis and Machine Intelligence, vol. 36, no. 12, pp. 2552-2566, 2014.

Fink, Sudholt

Word Spotting: BoF to Deep Learning

/ﬂacz.

Word Image
Transformation

Visual Repr.

, IEEE

24
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Pyramidal Histogram of Characters (PHOC)

n 1 100 0o o™ O
el "place abcde 1
" - " ToOmOTMmEO rToTom o
Level 2 plclce ERE el Sbcde
" ~all 0. @ 0 W O 10m 0 oomom o,
Level 3 pla('e | p abc abcde

Concatenate histograms for all levels to form PHOC
Levels used by Almazan et al.: 2,3,4 and 5

26 Characters + 10 Digits

PHOC € {0, 1}°04

J. Almazén, A. Gordo, A. Fornés and E. Valveny:
Trans. Pattern Analysis and Machine Intelligence, vol. 36, no. 12, pp. 2552-2566, 2014.

Fink, Sudholt
Word Spotting: BoF to Deep Learning

| IEEE
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Learning the PHOC representation

LAt 1 |[swn] . :
|| LAt 2 ) ; I eese coee
| : Jeae .

"place"

. : . oo :
| S9moloimoncs., : 3 .
: : D |an | \_l_l; LIL :

PHOC Common Attribute Space AttributeSVM Fisher Vector
(PHOC Space)

AttributeSVM: ensemble of SVMs
each SVM predicts the presence or absence of one element of the
PHOC

J. Almazén, A. Gordo, A. Fornés and E. Valveny: , IEEE
Trans. Pattern Analysis and Machine Intelligence, vol. 36, no. 12, pp. 2552-2566, 2014.

Fink, Sudholt
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Pros and Cons of Methods so Far

(partly) Learned image features / representations
No annotations required (unsupervised)
/ Purely image-based (no categorial information)

(BoF-HMMs, AttributeSVMs):

Learned (categorial) models (supervised)
Common representation of image appearance and categorial
information (embedded attributes)

¢ Features and model learned separately

Integrated framework with overall / end-to-end optimization

Fink, Sudholt
Word Spotting: BoF to Deep Learning
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Overview

Deep Learning Fundamentals

Fink, Sudholt
Word Spotting: BoF to Deep Learning
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The Perceptron

| N—

Single Output
Y= (E WiiXi + bj)
1

R"” — R™
y = ¢ (Wx +b)

F. Rosenblatt:
Psychological Review, 65(6), 1958.

Fink, Sudholt
Word Spotting: BoF to Deep Learning 29
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Capabilities of the Perceptron
What a Perceptron can do: What a Perceptron can't do:
Calssify two linearly separable clas- Classify two non-linearly separable
ses classes (XOR-Problem)
°%e , Py °
)
'::'ooo eoe, ..'.:
o o 00 [ Y P 0.
[ J .. Y [ ] L4 [ ]
' d
® °
o 000 %, oo o
ooo...' oo o o’
ceo°,° X e
° °

Solution: Stack layers of Perceptrons

= Multi Layer Perceptron

Fink, Sudholt
Word Spotting: BoF to Deep Learning 4> AV Deep Learning
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Multi Layer Perceptron (MLP)

Input Layer Hidden Layer Hidden Layer Output Layer

XSS KK
Ve Cos

B %«sv'
& \',//‘\\,/‘e
y=F(F1 A2 (F ()
here: y = Wout - ¢ (Wh2 - @ (Wp1x + bp1) + bpo) + bout

Activation function is typically left out for last layer

Fink, Sudholt
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Classifying with MLPs

For classification, the output of the MLP is usually forwarded
through a Softmax Function: sm;(y) = Ziyleyf

Softmax can be seen as an additional layer in the MLP

sm; is pseudo-probability for class ¢;

Predicted class: ¢ = max sm;
]

Last Layer Softmax
I —sm— &
Y2 Smy —s &
y3 Sm3 — 3
Yn ——smp— ¢,

Fink, Sudholt
Word Spotting: BoF to Deep Learning
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What an MLP Can Do!

.. approximate any function (even with only 2 layers!)
[Hornik et al. 1989]

Interpretation with 3 layers (2 hidden, 1 output):

1. Layer: Halfspaces
2. Layer: Convex polyhedron

3. Layer: Multiple non-convex, non-connected polyhedra

Fink, Sudholt
Word Spotting: BoF to Deep Learning 4P AV Deep Learning 33
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A Word on Activation Functions

Activation functions are crucial for MLP

Without non-linearities, an MLP implements a linear transform:

y= WLWLfl . W2W1X = W,X

sigmoidal shape (“threshold-like")

14 14
tanh(x) | — /.

With s(x) = 1355 we have 2500 = ¢o(x) (1 — ¢5(x)).
Fink, Sudholt
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Training an MLP

(computed) output of MLP
y=ft (fH(. (P (x)))
to desired (ideal) output y and weights such that y and

y become more similar.

requires loss function that evaluates similarity of y and y:
Mean Square Error (MSE):

1 N
€EMSE — 5 : Z(YI _)/i)2

Cross-Entropy (in comb. w. Softmax):

€ce = *ZYi log y;
i

Fink, Sudholt
Word Spotting: BoF to Peep Learning

35


http://www.uni-dortmund.de
http://ls12-www.cs.tu-dortmund.de//patrec/staff/fink/
http://patrec.cs.tu-dortmund.de/cms/en/home/People/Staff/sudholt.html

technische universitat
dortmund

Training an MLP Il

of loss wrt. the weights:

Oe

]
8Wij

weights in the negative direction of the gradient:

/ / 86

ij
Training the network = Gradient Descent

Learning rate [3 controls step size!

Fink, Sudholt
Word Spotting: BoF to Deep Learning
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Training an MLP: Error Backpropagation

computation of outputs of neurons per layer!:
-1
= ¢ gJ Z Wuf

gradient applying chain rule:

e _ 0 Of Og
ow). — of! og] aw

y

Evaluation straight forward for final layer (using € vsg and ¢s):

Oe

L
3Wij

— (- ) )

Lignoring bias for siplicity
Fink, Sudholt
Word Spotting: BoF to Deep Learning

37


http://www.uni-dortmund.de
http://ls12-www.cs.tu-dortmund.de//patrec/staff/fink/
http://patrec.cs.tu-dortmund.de/cms/en/home/People/Staff/sudholt.html

technische universitat
dortmund

Training an MLP: Error Backpropagation Il

define gradient based on “local error” 5}‘ = aagek:

j
de  de  Oft ofktL afk  ogf sk ogf
owl — OFL OfFL1 T OFk ogk owk T owk

generalized chain rule:  For the gradient we obtain:

Oe _ Z Oc 8ka+1 ogtt Z [+ 141
— 5 = wh

] I+1 [ESY
off S Oh g of, k=1
i+ Wil
/ o /
5l = e 86’ _ { /;1 5/+1} ) 8'5'
j I 51 E: ]
o og] ~ 5" %e;

can be computed backward through the network

Fink, Sudholt
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Stochastic Gradient Descent (SGD)

Gradient can be computed ... But neither works well!
for complete training data (avg.) Training takes forever!
“online” for every new sample. Gradient is extremely
noisy!

Compute estimate of gradient for a small sub-set of the training
data (so-called “mini batch")

Samples are drawn randomly from the training set!
Gradient estimate is stochastic!

Fink, Sudholt
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Stochastic Gradient Descent (SGD) Il

of mini-batch processing:
Gradient is still somewhat noisy.

Solution:
Introduce so-called momentum n (0 < n < 1):

WiS.t—i-l) - Wy('t) +81(1 - n)AWU(-t+1) + 77AWi5-t)

Computes smoothed sequence of gradient estimates
(i.e. sliding average with exponential decay).

Fink, Sudholt
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Fink, Sudholt

Stochastic Gradient Descent (SGD) IlI

In the widely used , the gradient is scaled with the
actual loss e: 5
I / €

i

Learning rate is always dynamic.

Loss is big/small = Optimization is far from/near to solution

perform big/small steps in gradient direction.

Word Spotting: BoF to Deep Learning 41
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Classifying Images with Neural Networks

Using MLPs for image classification is only possible for very
small images (e.g. 28 x 28 pixels)
Number of weights would explode for bigger images

RGB Image of 224 x 224 pixels,
first hidden MLP layer has 768 neurons (small layer):
224224 -3 - 768 ~ 108 weights in the first layer (441 MB)

Don't use fully connected layer but rather apply a small
number of weights at all possible locations in the image

Fink, Sudholt
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Convolutional Layer

Image
3 Channels Convolution Layer
n Filter, 3 x 3

4/W/
x,y,c,f

),

Frw
Ih w.c (Feature Maps)
K 3 3
F xy,f =@ ZZZWHJC’( x+/,y+Jc+ bf
c=1i=1 j=1

Fink, Sudholt
Word Spotting: BoF to Deep Learning

43


http://www.uni-dortmund.de
http://ls12-www.cs.tu-dortmund.de//patrec/staff/fink/
http://patrec.cs.tu-dortmund.de/cms/en/home/People/Staff/sudholt.html

technische universitat
dortmund

Cascade of Convolutional Layers

Input Feature Maps

m Feature Maps

Output Feature Maps
n Filter, 3 x 3

Fivow f

Ih,w,c

Fink, Sudholt
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Pooling Layer

Input Feature Maps
n Feature Maps

Pooling Layer

% n Feature Maps, 2 x 2
& T
c 1 1A -
y

N

AD%ZP% =4

Fh’,w/,c

Ih,W,c
Fuyr=maxbiyjf
I7.I

Fink, Sudholt
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LeNet
C3: f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5
6@28x28
32x32 S2: f. maps

C5: layer )
6@14x14 20" RS layer QUTPUT

s
e

‘ Full connection Gaussian connections
Convolutions Subsampling Convolutions ~ Subsampling Full connection

([066T */€ 32 unya7] :924n0g)

» LeNet predicts one of 10 character classes for a given input image
» Subsampling = Pooling Layer
» Gaussian Connections = FC Layer + Euclidean Loss

Y. LeCun, B. Boser, J.S. Denker, D. Henderson, R. E. Howard, W. Hubbard, L.D. Jackel: Handwritten Digit Recognition
with a Back-Propagation Network, Neural Information Processing Systems, pp. 396-404, 1990.

Fink, Sudholt
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Deep Learning

Deeper network architectures perform better than
shallower ones for vision tasks

Only empirical evidence (no theoretical proofs)

Deeper means more layers, not a deeper understanding

Even with high computation power and large datasets,
Deep Learning did not really pick up until 2012!

Fink, Sudholt
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Vanishing Gradient Problem

Four neuron network, 1D input, 1D output

ao (o 2wy )22 @ B () C(as)

Z

zi = wjaj—1 + b; ai = o(z) ' (/
05/ o
o0C aC 824 833 823 882 322 631 821
8W1 824 833 (923 882 822 681 821 Bwl —
=0 (Z4)W4 0 (Z3)W3 e (22)W2 -0 (Zl)ao 1y
= 0'(z)0'(z3)0"(22)0" (21) - wawswaap 0.5 o
= 0'(20)0(23)0' (22)0" (z1) -waws g s
<iidd

1
Fink, Sudhokl ——
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Vanishing Gradient Problem

Derivative of sigmoidal activation functions < 1

Exponential decay of gradient magnitude
Activation function with derivative = 1 but non-linear
(> 1 = exploding gradient)
Rectified Linear Unit (ReLU)

4 5
2|
f(x) = max(0, x)
4 2 > 4
2
Y

Fink, Sudholt
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How to Get Along With Limited Training Data?

CNNs easily contain billions of parameters (weights)!
= Could easily learn training samples “by heart”.

Apply Regularization during training

Convolutional layers

Dropout

Randomly set outputs of neurons to zero

(usually 50% of fully connected layers)

Data Agumentation:

Generate new, slightly different training samples from
existing ones by certain transforms

(e.g. slight translations, rotations, ...)

Fink, Sudholt
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Data Augmentation

Translate and Crop

Note: Usually different augmentation techniques are mixed to

create a single augmented image

Fink, Sudholt
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Well-known Deep Learning Architectures: AlexNet

0ag \dense

1000

048

Max 128 Max pooling
pooling pooling

CNN which kicked off the current Deep Learning hype
Architecture similar to LeNet but more layers/parameters

Trained on two graphic cards for over a week on ImageNet

A. Krizhevsky, |. Sutskever, G. E. Hinton: , Neural
Information Processing Systems, pp. 1097-1105, 2012.

Fink, Sudholt
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Well-known Deep Learning Architectures: VGGNet

o fﬂ — Convoluted
| I l =

(/8x0-datos- Tway//:daay :924n0g)

» First CNN to use only 3 x 3 convolutions (standard for current
CNNs)

» Low number of filters in the early layers, high number of filters in
the later layers

» Anytime pooling is applied, the number of filters is doubled

K. Simonyan, A. Zisserman: Very Deep Convolutional Networks for Large-Scale Image Recognition, arXiv, 2014.

Fink, Sudholt
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Summary Deep Learning

Deep Learning is a hot topic in Computer Vision
and Document Image Analsis

You should know about it!

Deep Neural Networks give state of the art results
on many benchmarks across tasks and domains

Only empirical evicende for superiority!

CNNs are the most popular deep networks

Especially suitable for (document) images!

Toolboxes (e.g. Caffe) make it easy to apply
Deep Learning to ones own problems

Beware of blindly using them!

(For a recent introduction to Deep Learning see

Fink, Sudholt
Word Spotting: BoF to Deep Learning
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Overview

Deep Learning for Word Spotting

Fink, Sudholt
Word Spotting: BoF to Deep Learning
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Reminder: General Framework

"place" Sflace

!
poeaseanedeseneas 5 /Ac‘/tx

2

PHOC Common Attribute Space Word Images
(PHOC Space)

Fink, Sudholt
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PHOCNet

Hﬁ// ////////

3 x 3 Convolutional Layer + RelLU
2 x 2 Max Pooling Layer

§

o

N\

e

3-level Spatial Pyramid Max Pooling Layer
Fully Connected Layer + RelLU and Dropout
Fully Connected Layer 4+ Linear Activation
Sigmoid Activation

S. Sudholt, G. A. Fink: PHOCNet: A Deep Convolutional Neural Network for Word Spotting in Handwritten Documents,

Proc. Int. Conf. on Frontiers in Handwriting Recognition, Shenzhen, China, 2016.

Fink, Sudholt
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Softmax CNN vs. PHOCNet

In order to classify attributes, replace softmax with a

activation

Each output neuron predicts one attribute

Softmax CNN

Last FC Layer Softmax

»SmMy — }’}1

/7“

Fink, Sudholt
Word Spotting: BoF to Deep Learning

PHOCNet
Last FC Layer Sigmoid
o1 S81— 41
02 S82 — &
03 S83 — 43
On S8n— a,

sigmoid
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Spatial Pyramid Pooling Layer
Convolutional layers can already deal with arbitrary image sizes
Only MLP part has a problem with changing image sizes

apply spatial pyramid concept to the last convolutional
output to generate fixed-size representation

fully-connected layers (fcq, for)

fixed-length representation
Is - ~
4 16%256d 4 4256-d 4 256-d

L

spatial pyramid pooling layer

feature maps of convs
(arbitrary size)

£ convolutional layers

input image

K. He, X. Zhang, S. Ren, J. Sun: , Proc.

European Conference on Computer Vision, pp. 346-361, 2014.

Fink, Sudholt
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Segmentation-based Word Spotting Performance in mAP [%]

Initial Results

Method GW IAM Esposalles IFN/ENIT

QbE QbS QbE QbS QbE QbS QbE QbS
PHOCNet 97.85 97.65 83.38 9259 9693 9433 9563 93.51
Attribute SVM 93.04 9129 5573 73.72 - - - -
Finetuned CNN - - 46.53 - - - - -
LSA Embedding - 56.54 - - - - - -
BLSTM - 84.00 - 78.00 - - - -
SC-HMM 53.10 - - - - - 41.60 -

Fink, Sudholt
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Initial Results Il
mAP over the course of training
100 T T T i ——— .
90 | :
80 - T [ -
70 - 3h 4.5h h
2 60| :
% 50 Graphics Card: Nvidia GTX 1080 |
c 40F ) oW |
30| 1.5h IAM N
20 / —— Esposalles | |
10 IFN/ENIT | |

¢ | | | | I I
0 10000 20000 30000 40000 50000 60000 70000 80000
Training lteration

Fink, Sudholt
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Related Work on Deep Learning for Word Spotting

Deep Feature Embeddlng [Knshnan et al., 2016]

"plaCE"

D oaessmssemern

Triplet-CNN [Wilkinson & Brun, 2016]

p ; triplet-CNN — fully connected
. S N T

image representation space IR%'?

‘( word embedding

v,

word embedding space
RIS R0 o R0
(depending on word embedding)

’" Instructions"

Fink, Sudholt
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Latest Results

Segmentation-based Word Spotting Performance in mAP [%]

GW IAM Esposalles IFN/ENIT
Method
QbE QbS QbE QbS QbE QbS QbE QbS
PHOCNet 97.96 97.92 8550 9342 9740 9489 96.66 94.92
Deep Feat. Emb. 94.41 92.84 84.24 91.58 - - - -
Triplet-CNN 98.00 93.69 81.58 89.49 - - - -
Fink, Sudholt

Word Spotting: BoF to Deep Learning

64


http://www.uni-dortmund.de
http://ls12-www.cs.tu-dortmund.de//patrec/staff/fink/
http://patrec.cs.tu-dortmund.de/cms/en/home/People/Staff/sudholt.html

technische universitat

dortmund
Revisiting the PHOCNet

no pre-training as is done in the other two methods

end-to-end

What happens during training?
What does the PHOCNet learn?

— focus of the second half of this tutorial

Fink, Sudholt
Word Spotting: BoF to Deep Learning
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Overview

Understanding CNN-Based Word Spotting

Designing Loss Functions
Interpretation of Training
Visualizing What Filters Learn

Fink, Sudholt
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Predicting Outcomes of Events
Outcome of an event y depends on some data x
Predict outcome, i.e. classification or regression
Linear Regression
.
X
Y follows a normal distribution
Fink, Sudholt
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tu

General Linear Model

Fink, Sudholt

Deep Learning PHOCNet Insid@8P

Intro BoF Features Models

4> AY
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General Linear Model

General Linear Model predicts the conditional expected
Value E(Y|X)

Y follows a normal distribution
E(Y') depends on a linear combination of X
Y ~ Nw'X,0)
Y=w'X+e¢ee~ N(O,o0)
Problem: Classification, i.e. Y does not follow normal distribution

Generalized Linear Model

Fink, Sudholt
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Generalized Linear Model (GLM)
X = GLM [ E(Y)
GLM predicts the conditional expected value E(Y|X)
Y follows a distribution in the exponential family
E(Y') depends on linear combination of X
We can now model either binary or multi-class
classification in addition to regression, all within the
same model. All that needs to change is the distribution
of Y.
Fink, Sudholt
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Three Components of a GLM

Distribution of Y from exponential family

Normal
Bernoulli
Categorical

Linear Predictor
n=w'X

Link Function g~!, transforming E(Y) into a desired range
g(E(Y)) =n

=E(Y)=g1(w'X)

Fink, Sudholt
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Example: Logistic Regression
Y follows Bernoulli distribution
P(y | p)=p"(1-p)'7,yc{0,1},0<p<1

E(Y)=p
g (x) = m =o(x)
= p=o(w'X)

Perceptron

~'C

-

O
Single Output
S

[THAT{IOOKSIFAMILIAR

Fink, Sudholt
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Regression and Classification with a GLM

Distribution: Y ~ N(w'X, o)

Link Function: g(n) =7 =g (1) =7
Model: E(Y) =w'X

Distribution: Y ~ B(w'X, 1)

Link Function:

g(n) =log (1) = &7 *(n) = o(n)
Model: E(Y) =0 (w'x)

Distribution: Y ~ C(WX, 1)
Link Function:

g(ni) = log (Z o ) = g~ 1(n;) = softmax;(n)
Model: E(Y;) = softmax;(WX)

Fink, Sudholt
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Training a GLM: Maximum Likelihood Estimation
Given i.i.d. samples S = {(x(i),y(i))}7:1

—argmapr(Y YU |x w)

i=1

—argmaxZ|ogp<Y YU |x w)
i=1

—argmm—ZIogp(Y y | x(®) )
i=1

= argmin — Z log p (Y =y | x(i),w)
W i=1

negative log-likelihood of the model
Fink, Sudholt given the data
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From GLM to Neural Network

Observation 1: Formulation of a GLM is equivalent to perceptron

Observation 2: Linear dependency betwen Y and X only assumption
— we can replace linear predictor with non-linear
predictor (e.g., deep neural network)

Take-home Message

We can transfer all the insights gained from training GLMs to (deep)
neural networks.

Designing Loss Functions:
1. Choose a distr. from the exp. family you assume your labels follow
2. Link function is activation function last layer of the net
3. Determine the neg. log-likelihood function
— this is your loss function

Fink, Sudholt
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Loss Function for Single Attribute

Labels are single (binary) attributes
Labels follow a Bernoulli distribution:

Ps(y | p)=p(1-p)',ye{0,1},0<p<1
Link function (i.e. last activation function) is the
sigmoid
Neural Net predicts probability y of Y =1

s =~ log Ps (v, 5)
= =3 YD log gt + <1 _ y(,-)) log (1 _ y(f))

Binary Cross Entropy Loss
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Interpretation of Binary Cross Entropy Loss

Take-home Message

Training a neural network with sigmoid activations in the last layer
using the binary cross entropy loss is equivalent to MLE of the

network’s parameters given the data and assuming the labels follow a
Bernoulli distribution.

Side Note: Same holds for softmax output and categorical cross
entropy loss.

Fink, Sudholt
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Multiple Binary Attributes

Problem: Attribute repr. are typically vectors of attributes
Multivariate Bernoulli distr.

Requires output layer size 2¢
Typical attribute vec. sizes in WS: 540, 2540 > 10102

Attributes are pair-wise independent

Is=—log [[]] Ps (yf,"),yf,"’)
i d
S Z Zyg) Iogf/‘si) + (1 — yé,”) log (1 — )A/((ji)>
i d

This is what most DL toolboxes will sell you as Binary Cross Entropy
Loss or Sigmoid Cross Entropy Loss
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Revisiting the Assumption

Problem: Independence assumption may be too strong
Idea: Rather interpret vector as a whole

Observation: Cosine distance works well when comparing attribute
representations

d(a.b) =1 fy

Observation

[D]omains where similarity measures such as cosine [...] are more
effective than Mahalanobis type distances, [...] are better modeled as
directional data.”
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Von Mises-Fisher Distribution

Normal distribution on the unit
hypersphere

pmr (x | w1, 1) = Cy(k) exp (kp"x)
with [|p|| = [|x|| = 1
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Using the von Mises-Fisher Distribution for Forging a Loss

Labels follow a von Mises-Fisher distr. with x = 1
pmr (x | 1) = Ca(1)exp (1" x)
g1 (x) =x

I (data|w) = argmaleog prr(y | )

—argmle— (). y(

Make sure ¥y and y are normalized:
G
'y _ _ (i) ()
Imr = 1-— = 1—cos(y\',y
51 g = 3o - (0:5)
— Cosine Loss
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Interpretation of Cosine Loss

Take-home Message

Training a neural network with linear activations in the last layer using
the cosine loss is equivalent to MLE of the network’s parameters given
the data and assuming the labels follow a von Mises-Fisher
distribution with x = 1.

Advantages of the Cosine Loss:
» No independence assumption
» Applicable for non-binary labels as well (DCToW, SPOC,...)

For evaluation stop by on Tuesday, 10:30, Large Conference Room
Sneak Preview: Independence assumption not critical.
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Overview

Understanding CNN-Based Word Spotting

Designing Loss Functions
Interpretation of Training
Visualizing What Filters Learn
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Maximum A Posteriori Training

Training a NN is MLE of the parameters
— argmax p(datalw)
w

Predict the posterior distribution of the model
parameters given the data

p(datalw)p(w)
p(data)
= argerwax p(data|w)p(w)

argmax p(w|data) = argmax
w w

= argmin — [log p(data|w) + log p(w)]

= argmin [— log p(datalw)] + argmin — log p(w)
w w

min. neg. log-likelihood data min. neg. log-likelihood model
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Optimizing the model log-likelihood

w; ~ N(0, 02

argmin — log p(w|0, o)
w

Fink, Sudholt
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ind. Gaussian prior for each weight

argmin—Zlogp(W,-|0,a)
w B
1
_ (=0
argmin—ZIog a-e 22

w2
argmln — Z log(a 202

: E 2
argmin 7W

. 1 2 . 2
argmin = |w| 3 = argmin ¢ - w3

weight decay
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Weight Decay

Take-home Message

Training a network with an added weight decay term in the loss
function is equivalent to MAP-estimation of the net's parameters w.

Assumptions:
» The weights are pairwise independent
» Each weight has a prior distribution A/(0, o)
> o is the same for all weights

Example: Binary Cross Entropy Loss

Is = — Zy(’) log 9 + (1 — ym) log (1 — }7(’)) +c-[lw][3

> C is a meta-parameter which determines o: ¢ = %z
» typical c=5-10"% = ¢ = 100
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Putting it in perspective...

0.3+

0.1+
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Putting it in perspective...

>0.025 ¢

200 —150 —100 -50 O 50 100
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Overview

Understanding CNN-Based Word Spotting

Designing Loss Functions
Interpretation of Training
Visualizing What Filters Learn
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Filter Responses

Question: What did a CNN learn?
Reformulate: What part of the image activates a conv. filter the

most?
DeconvNet Class Saliency Guided Backprop
Zeiler & Fergus, 2014 Simonyan & Zisserman,  Springenberg et al., 2015
2014 1|1]s 1]o|s
Forward pass =G = Gl
‘ ‘ 3|24 ofl2]|4
= Rectified Linear 2|01 2|3 |-1
Foncton Backward pass:
[ Feaureaps | i 6lofof < |6]|3]|1
Convolutional ol-1]3 2|1-1|3
Filtering {F}
‘ o|3]o0 2131
aetommee” Bl i) < [E]5[5
Pt Maps 2|03 2|1]3
Pooling
Backward pass: ol° bl I
guided 6|ofo| « |s[3]2
ke backpropagation [ o3 B Ib

Fink, Sudholt
Word Spotting: BoF to Deep Learning 4> AV Insid9oP


http://www.uni-dortmund.de
http://ls12-www.cs.tu-dortmund.de//patrec/staff/fink/
http://patrec.cs.tu-dortmund.de/cms/en/home/People/Staff/sudholt.html

technische universitat
dortmund

Guided Backprop

Forward the image through the net until you reach desired layer
Set gradient of layer to max. val. of the desired filter
Backpropagate and recreate image

— (q\ —

Gl N GP N F2 GI o

gLl T

Img. @ @ @

el 3 ] N
Springenberg, J. T., Dosovitskiy, A., Brox, Th., Riedmiller, M.: In Proc.

Int. Conf. on Learning Representations, 2015.
Fink, Sudholt
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Guided Backprop

RelLU: f(x) = max(0, x)

1 ifx>0
Der.: % = )
0 otherwise

Backprop:
G = (F’ >0)® G/*!

Backward Path Deconvnet:
G = (G’Jr1 > 0) ® G/t

Guided Backprop:
G' = (F' > 0)® (G > 0) ©G/*!

Springenberg, J. T., Dosovitskiy, A., Brox, Th., Riedmiller, M.: Striving for simplicity: The all convolutional net. In Proc.

Int. Conf. on Learning Representations, 2015.
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What did the PHOCNet learn?

Single Characters
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What did the PHOCNet learn?

Single Characters
%”%M\
- 2 j'
= /? .

T I

£ 7
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Single Characters
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What did the PHOCNet learn?

) (2 X 27 =
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» Summary
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Summary

PHOCNet

Cosine Loss vs. BCEL

Interpr. of Training

p(data |w) vs. p(w |data)

Guided Backprop
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