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Springtime for Al: The rise of Deep
Learning

2015.7.17

2017.2.2

o0
N
E \0
- 0
o (o]
. N lEARNINI}‘FRUM FAILUHE
wilb L ALL SYST EMS GO
Science:=
N~ N~
N o
= A o
S S
N : _lmégls&ocnims e ~

DLVCLIH



Springtime for Al

WHY DEEP LEARNING IS SUDDENLY

CHANGING YOUR LIFE
“FORTUNE”: The Deep Learning Revolution

2016.10.01 Front page article of USA “Fortune” magzine

SCIENTIFIC COMPUTING
AMERICAN

s | SPringtime for Al: The Rise of
B~ Deep Learning

After decades of disappointment, artificial intelligence is finally catching up to its
early promise, thanks to a powerful technique called deep learning

(June 1,2016) 3 C?
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Many hyperparameters to tune - e.g. number of layers, number of hidden
units, optimization algorithm, activation function, etc.

Blackbox - difficult to understand what the DNNs are “thinking”
They can be fooled with antagonistic examples
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Deep Learning is everwhere?

Deep Learning is
everwhere. CNNs are
everywhere!

(or soon will be)
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Why deep learning is so successful?
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Deep Learning vs Trad. Machine Learning

B Deep learning approach

Input data |——> Deep Iearnlng »| result
B Traditional machine learning approach
Low- | Mid-Level High-Level | | Trainable
Level . . . result
= Feature Feature Classifier
eature

Feature visualization from [Zeiler & Fergus 2013] 7 Cp
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Literature Review : Traditional Methods

processing

Pre- ;

Smooth
Denoising
Normalization
Enhancement
Binarization
Rectification

 Typical methods:
— Kimuraet al, IEEE TPAMI 1987; Liu et al, IEEE TNN 2004;

— Liuet al, IEEE TPAMI2004;Bai & Huo ICDAR 2005;
— Long & Jin, PR 2008; Liu et al, PR 2013; Du & Huo, PR 2014

Feature
Extraction

Shape feature
Texture feature
Structure feature
Histogram
Gabor

8-Dir feature
HoG

SIFT

LDA/PCA

U], e, ..

=2 (Classification —

Bayesian
K-NN

DTW

MQDF

SVM

MLP NN
HMM

MCE Training

SCQ
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Literature Review : Deep Learning
Approach

 Booming of Deep Learning since 2012
— New technologies: Dropout, ReLLU, batch normalization, GoogleNet,ResNet, ...

— Fast development of GPU hardware
— The available of Big Data
— The available of many open source tools such as Caffe, Tensorflow, PyTorch...

M, eI, ...
=

DPEI_) Deep Learning

(CNN, DNN, RNN, LSTM, BLSTM, ...)

e Typical methods:

— D. Ciresan, U. Meier,J. Schmidhuber, CVPR 2012; B.Graham, TR 2013

— WX Yang LW Jin et al, PR 2016;

— SX Lai, LW Jin, PRL 2017

— XY Zhang, Y. Bengio, CL Liu, PR 2017

— XY Zhang, F Yin et al, IEEE TPAMI 2018 p
— Z.Xie, Z Sun, LW Jin, IEEE TPAMI 2018 o c
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A long hisory of applications of
CNN/RNN for character recognition

Y. LeCun, B. Boser, et.al, NIPS 1989.
Y. Bengio, Y. Lecun, Neural Computation 1995.
S. Hochreiter, J. Schmidhuber, LSTM, Neural Computation 1997

* Y.LeCun,L. Bottou, Y. Bengio et al. Proceedings of the IEEE, 1998 (LeNet5)
* PY Simard, et al, ICDAR 2003 (CNN method, MNIST error rate: 0.4%)

 AGraves,J. Schmidhuber , NIPS 2008

* AGraves,M Liwicki,et al, IEEE TPAMI 2009 (LSTM+CTC)

* (Ciresan D, Meier U, Schmidhuber J,CVPR 2012
B. Graham, arXiv2013 (ICDAR HHL 5 I iR 5l

R4

PROC. OF THE IEEE, NOVEMBER 1998

Gradient-Based Learning Applied to Document

Recognition

Léon Bottou,| Yoshua Bengio,|and Patrick Haffner

. C8:f. maps 16210x10
INPUT gé;;:a|urc maps S4 1 maps 16@5x5

120

CS: layer g jayer QUIPUI
84 1

| Full conAecﬂon | Gaussian connections
Convolutions Subsampling __ _ Conwvolutions ~ Subsampling

vr 99| Cited by 14621 | Related articles All 55 versions

L : —
SE—e
/ i A
- Inout
Gl i LSTM
Memory Unit
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DLVCE



A long hisory of applications of
CNN/RNN for handwriting recognition

LeNet-5 CNN for handwriting recognition
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':: http://yvann.ecun.com/exdb/lenet/index.html

ewm
Y. LeCun, L. Bottou, Y. Bengio, and P. Haftner. Proceedings of the IEEE, 1998 &)
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Can we understand the meaning of this
image without any text description?
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Handwritten Chinese Character Recognition

O Challenges of online handwritten Chinese character/text
recognition (OHCCR/OHCTR)

® Large-scale vocabulary
» 6763 classes in the GB2312-80 standard
» 27533 classes in the GB18010-2000 standard

® Diversity of handwriting styles
» More than 1.3 billions people use Chinese

® Many similar and confusable Chinese characters, e.g.:
> “B-T., “0-C(wéi)”, “TH-THmi)-1H(gi)”, “B%-2R”, “IK-thkmei)” “BE-HE(hui)”
> 4R R, CHE-BE, -, R -G, “F-R

® Ambiguous segmentation in text line

® Cursive, slanting or rotated writing styles
» which.are often observed in real world handwritten samples

15 cp
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Examples of handwritten Chinese
characters (cont.)

%@&%ﬁﬁ&@tﬁ@ﬁ&@(ﬁ@ﬁﬂt@%@ﬁ L Bt aTFd g4 evd
SaisaEtR S P I b e i b

. = BRI utzm ﬁlmﬁ) . .
a:ﬁ;ﬂ;m €1 n 6 ) (B) (€] WA 15 AT 5 W D =

= (33640
(yr o e A2 E4 i 2 o, "%%Wﬂ\/ff’ﬁYﬁ'ﬁ’#\
a4 % KL,
(2) WA BB AR R 14 % T R LB, 405 B TA RS,
NS AL
(s om L F L PNRE, wkmw»mm Gt 1 )G 348
{9 322 M wﬂ?ﬁw?ﬁ””bz IS W D0 7a o Y STk 32N
O b By, BERsA @i el Aol L B B e Th,
A M AL
o o) _h A ARE AR B AR - HY I R AGAR B Yy
M2 MR Rt A T B L, T o MR ik 2 R AGA
) BROBHE 4, KA Rk AL I AR, PTRE Hit R TitA
i MR, % 4L RAESE .

. A e T Y D T
P R=ELAEE B 10 G0

-

53 A0kS R A8 540 58 558 G611 09 64 56 PR 4 39 wAE %8 00156 10 54 46 55 BB 42 4001 58 T AAGE 01 4L
B S PR, 3 AT 0 4 e RO RO YRAL AT L, B B R R0 R0 1 €L BB G B
0890 8 B ) 94 8.7 2 41 9 A BRBE R I B A0 an WA s 7 45 o1 X A3 QL A ARNL %
%ﬂ%ﬁ@%ﬁ&%&&@%g@%ﬁm&@%ﬁw%ﬁ&ﬁwﬁﬁ%@w%&ﬁma%ﬁ>
SH44 T8 L5 T 0 #4148 B AU K U AR B 7 AR B BB AL 44 1 B2 K 56 A B 2R 28 B B B
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FENFIRFFEF&Deep Learning

O ICDAR 2011 HCCR competition (Beijing)
® Online HCCR first place: VO team with NN: 95.77%
® Online HCCR (fourth place): IDSIA team with CNN: 93.06%
® Offline HCCR first place: IDSIA team with CNN: 92.12%
O The MCDNN model (CVPR 2012)
® Online HCCR: 95.39%
® Offline HCCR: 93.50%
O ICDAR 2013 HCCR competition (USA)
® Online HCCR winner:
> Sparse CNN (DeepCNet) (by Dr. Graham, Warwick University): 97.39%
® Offline HCCR winner :
» Fujitsu Team: 94.77%

17 Cp
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Sparse CNN for HCCR (ICDAR 2013 winner)

Sparse arrays of signatures for online character
recognition

3 The sparse signature grid representation
Benjamin Graham

University of Warwick The expression of the information contained in a path in the form of iterated

integrals was pioneered by K.T. Chen [3|. More recently, path signatures
b.graham@warwick.ac.uk have been used to solve differential equations driven by rough paths [11, 12].
The signature extracts enough information from the path to solve any linear
November 12, 2013 differential equation and uniquely characterizes paths of finite length [5].

The signature has been used in sound compression [10]. A stereo audio
recording can be seen as a highly oscillating path in R%. Storing a trun-
cated version of the path signature allows a version of the audio signal to be

reconstructed.
Although computing the signature of a path is easy, the inverse problem
; is rather more difficult. The limiting factor in [10] was the lack of an efficient
algorithm for reconstructing a path from its truncated signature when m > 2.
We side-step the inverse problem by learning to recognize the signatures

1le(L)ediil) 1e(,-1)ed-L-11) 1@(2,0)@(2,-1,1,0) directly.

Figure 2: Concatenating paths and the corresponding m = 2 signatures.

3.1 Computation of the path signature

T (@M o~ M debn m blmm Jebmeeen]l aed e W7 D Bl O Dt ahn

| joined Facebook Al Research (FAIR) as a research scientist in July 2016.

Prior to Facebook, | studied mathematics, and in particular probability theory relating to spatial phenomenon, as an

undergraduate at Oxford, PhD student (Cambridge, supervised by Professor Geoffrey Grimmett) and post doc (UBC

Vancouver and ENS Paris). Whilst working in the Department of Statistics at the University of Warwick, | became

interested in machine learning and took part in a few Kaggle competitions.




High Performance Large Scale OHCCR
with CNN and Path Signature

softmax C2 SSMP(\2) C3 2 MP2 c3 AR AR
' Deep SSMP network

« WX Yang, LW Jin,et al, ICDAR 2015

« WX Yang, LW lJin, et al, Pattern Recognition2016 p
e SX Lai, LW Jin, WX Yang, Pattern Recognition Letters, 2017 19 C
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DeepWriterlD: system diagram

Character

cquisition

Text-line

Paragraph or Page

|
Chinese )
tot | N2

English S
w44

The {o\nﬂm detne. ... |
o by |

sewe 10 fe U T

e frhast
wd dod, bt Wha 2 steq =

betwan b=

fet g gt A eow Bt 1 lsg)

DY TS T

iter TR k. g . R,

35us,|
BEY . BT VI siiSeze

Different Lengths of Online Handwritten Materials (Handwritings from Writer A)

\ 4

Data Preprocessing

v

Online Path

Path-signature Feature Maps

Truncated Versions of Path-signature Feature Maps

(1) Stroke Segmentation
(Corner Detection)

@) Character Segmentation

})ﬁ"i\ % -%ka‘
s [ B ke

Sample Augmentation
by dropping segments of character

0;,. (. »
o, e
o
i \|
DropSegment
"L '
-, . )
15, 22 ' 3
% W 44
*  DropSegment }- 5 Ig >
Input ?{,é}f‘} X e, }_‘{
Character ) }% !
T

k>2
Deep Convolutional Neural Network
54!54
(paddingln 55496 ) The Architecture of DCNN Softmax Output
Probability Distribution
47!47 46x46
2 )

0.

Input Cc2 MP2

450 512

Layer

A "’L.Ll..

FC FC

uyer

Final Decision

L e et I e

v C

L e "k L

Average Performance

"Lt

-
(The Handwritings
belong to Writer A)

W.X. Yang, L.W. Jin, et.al., IEEE Intelligent Systems 2016

C
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OHCTR with Fully Convolutional Recurrent

Network

—————————————————————————————————————————————————————————————————————

= ~ = £ 2= = —_Z | = 4, 7
~ \;: /\:7 ~— 'f_, T—*\: ; ; 2 i < "-' - : /\ 72 N ES :z: ~ kl; /
"] o ,‘Z ﬂkb}ﬁ gg{é l,x L2 N y)/ \‘ _; N | ) >
.u:;i Ko b b OSYD ie S S N G
k=0 k=1 k = ,
. Path signature
————— e G R e
| L . M(s) M(s) MG
o : | 1 Embeddlng layer (o0@ - 000 ] --- (000 000 ] --- (000 - 000 | :
8 1 -~ y S : : !
[ Tz Lgx1ixi 1
‘ﬁ:’{ B _2/ 30x1‘1‘0 =: : : ‘ :
; Z 62x22 -: I I :
| 126x46 =| 1 ! . bt X
1 - ! | Learning |
I_.,_,'__.i o 7/ : I : semantic context :
: ! iy = 2 iy ltg'l'm g —’_*?' s; : I with multilayered " |
i 2 , -t »: BLSTM :
I.—-:——I ,b"z/ %30 ! : | I :
1 126x62 ( 1 I I
| — ' 4 :
= JE8 - 7 — 7 ! BNl !
! z - { - ' | AT T
W s 2T IESG-Xl i w—lsp | : Transcription m —gj\)gmﬁg%xi;@%%% |
"5 : ;/)’ 18 . S 1 1 37 A e :
fe} 2 x38 ! e r "
‘ Signature o Residual Predicting | | pdis) = Z ﬁf (z¢ = myls) i
Receptive fields ¢ FCN ; : | m B =1t =1 N 1
S e TRISWE S BAWMLERE
MC-FCRN Implicit language modeling

ZC Xie, ZH Shun, LW Jin, H Ni, T Lyons, Learning Spatial-Semantic Context with Fully Convolutional
Recurrent Network for Online Handwritten Chinese Text Recognition, IEEE TPAMI, 2018.
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Recurrent Adaptation Networks for Online
Signature Verification

genuine
signatures
A
'Y b A ..‘
%‘ " ¥ Se A

forgeries

Q) %
ingey 1 e

SR SL
* &
L
Pe Pe
fealuremdent featur ndent
New client LNPS Gated Auto sDacQ Meta-layer for S Spa : Verification
descriptor Regressive Units fast adaptation $

I’C()():/ 1dXy, ®...®dXy,,
O<t1 <. <t <T

—
SX)m=[1 I'(X) I*X) .. I™Xx)]"
Length-normalized Path Signature (LNPS):
I'(Xx I’(X mx) 17
sk =1 58 BB - £ ]

Songxuan Lai, Lianwen Jin, Recurrent Adaptation Networks for Online Signature
Verification, IEEE Transactions on Information Forensics and Security (TIFS), 2019.



Skeleton-based hand gesture recognition

Frame 1

1#{.{’?‘1"»
3 a

Predefined order

??...;
’Iooo()ooo} =?f >
: di-4
1) 2) 3) ¢
(b)
‘[eee o000}
(a) RC
i EIE IR
1) 2) 3)
(b)
|ooo( )ooﬂ
PR Jo L
S | Jiiii
(b) (d)

Spatial PS feature extractor

Temporal PS feature extractor

C. Li, X Zhang, L. Liao, L.Jin, W Yang, “Skeleton-based Gesture Recognition Using

Several Fully Connected Layers with Path Signature Features and Temporal Transformer

Module”, AAAI 2019
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An Brief Introduction to Path
Signature



Path Signature

* The path signature theory was mainly developed by Terry Lyons
and his team in recent years 5]

* The signature path feature was first introduced by Ben
Graham to the field of handwritten characters. !

— A novel feature representation for HCCR
— Extract features contained in a path by iterated integrals

« Path signature involves iterated integrals of finite length path
(e.g., online handwriting trajectories) in order to extract valuable
information 1n that finite path.

B. Graham, arXiv 2013 (winner of the ICDAR 2013 HCCR competition)
K.T. Chen, Trans. Amer. Math. Soc. 1958

T. Lyons, Z. Qian, System control and rough paths, 2002.

T. Lyons, arXiv 2014.

D. Levin, T. Lyons, H. Ni, arXiv 2013

B. Hambly, T. Lyons, Ann. of Math., 2010 p
5 €
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Paths in Euclidean space

A path X in R¢ is a continuous mapping from some interval [a, b]
to RY, written as X : [a, b] — RY.

® Example of two-dimensional smooth paths

10 15
X3(t) = t° X2(t) = sin(t) 1
5 {
0.5
0 | 0
-0.5
-5
-1
-10 -1.5 ' '
-2 -1 0 1 2 - | 0 1
X1(t) =t X'(t) = cos(t)

left panel: X, = {X}, X2} = {t,3} , t € [-2,2]
right panel: X; = {th,XtQ} = {cost,sint} , t € [0, 27]

Chevyrev and Kormilitzin, A Primer on the Signature Method in Machine A p
Learning, arXiv 2016. = C
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Paths in Euclidean space

® Example 2: Stock prices
X, ={X, X7} ={t, f()}, 1 E€[t,1,]

0.2

0

-0.21

-04 7

-0.6 |

-0.871

-1 1 1 1 1
0 0.2 0.4 0.6 0.8 1

® Example 3: Online handwriting trajectories

-} 's.’ a:a) 2 e By o
. ;. p > '
o p? \; 3 D) 3 R o @ o
& ‘ : (
e > & L ( t N c-:a s
-
® \5& p °9 ¢ ) % e
v S vew W

27 Cp
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Path integral

For one-dimensional paths X : [a,b] — R and Y: [a,b] — R, one can
integrate path Y against path X:

bedX beX dr.

® Example 1: Consider Y, =1 for all t &[a,b]. The path integral of Y against
any path X : [a,b] — R 1s simply the increment of X

[ ax, =£b)'(t dt =X, - X,.
® Example 2: A two-dimensional path Example.
={X, X ={*,r},t€[0,1].
Path integral of X I"against X f:

3
2 2
fXdX ft3tdt—§

P
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Path Signature

Fora path X : [a,b] —» R4 (X, = {X/,..X"}) where each
X':[a,b] — R is areal-valued path.

® The 1-fold iterated integral:
S(X), = dX'=X,-X!, i€{l,..d}.

a<t<b

® The 2-fold iterated integral:
Lj __ L J
S(X).% —j;<t<b S(X),, dX

=ﬂ<tl<t2<b dX,dX;/, 1i,jE{l,.d}.

Note fort €[a,b], S(X )’a . 18 itself a real-valued path, therefore
we can integrate it against path X/(recall the path integral).

29 (p
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Path Signature (PS)

® The k-fold iterated integral:

S =[SO dx;

= [ XX i E{Ld).

Definition:

The signature of a path X : [a,b] — RY is the collection (infinite
series) of all the iterated integrals of X, e.g.:

S(X) 0 = (LSX), v S(X ) 5, S(X) 3, S(X) 5 1)

ab

where the zero-th term, by convention, is equal to 1.

P
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Path signature in 2D

® The 1-fold (1 -level) terms (Increments)

5(X),p = (L, S(X)ab’S(X)ab’S(X)ab?S(X)aIwS(X)ab?S(X)ab? )

31 Cp
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Path signature in 2D

® The 2-fold (level) terms (Areas)

LI 1

S(X)a’b _j:z<t1<t2<b dX dX2
=1(X, - X))’

2,2 2 2

S(X)a’b B j;<t1 <t,<b dth dth
_ 1 <X2 2)2

32 cp
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Path signature in 2D

® The 2-fold terms (Areas)

S(X):3 = dX,dX; S(X)r, = dX}dX,

a<t,<t,<b ’ a<t,<t,<b

P
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Path signature in 2D

® The 2-fold terms (Areas)

A= S(X)5-S(X)Z,  S(X),,=S(X);, = SO SHS(X),

P

DLVCLIH

Chevyrev I, Kormilitzin A. A Primer on the Signature Method in Machine Learning, 2016.



Example of path signature

X; = {X1L,X? = 3+t,3+1t)?} te[0,5], (a=0,b=5),
dX; = {dX} dX?} = {dt,2(3 +t)dt}.

5
/ ng=/dt=Xg—X3=5, "
O<t<h 0

5
S(X)3s = /0 t SdXtQ = /0 2(34t)dt = X2 — X3 = 55,
<i<

5 to
seops = [ axtaxh = [T [Tan
’ O<t1<ta<h 0 0
5 to
S(O)L2 = / / dXLdx2 = / / dt1 2(3+ta)dty = =,
' O<t)<ta<h 0 0 3
to
I

5
soopt = [ axdaxt - |
O<ty<to<h 0

3025

5
S(X)gs = // dX{dX3 =/ / 2(3+1t1) dty 2(3+t2)dt2=T,
O<t1<ta<d 0 0

111 TR ST [t 125
S(X)LL = / / / dX}dXLdx} = / / / dty | dty | dts = —=>,
’ O<ty<to<tz<5 o LJo LJo 6

S(X)os

p

4
DLVCE



Truncated path signature

® k-th level of the patn signature: defined as the finite
collection of all terms s(x);-*, where the multi-index is of
length k

For Example, the second level of Path Signatureis given by:

S(X )+ S(X) 5y S(X)ahs -+, S(X)as

a,b? ) ab’ ab>
A s=(0,0),t=(1,1) 1/2
1 , 11 1 1/2
_ T _ X == &® =
(1,1) X, =1 Xs't_u ZU [J 1/2
1/2
Form=2,
> 1111
(0,0) S X — 1;1;1)_;_;_)_
(X),, =( '35 2)

36 CP
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Property of Path Signature (PS)

ME—E -
- B —NIERNIREESE (tree-like path) BN P45 HPath
SignatureME—HuiHf E
TR, He AT
- PSEBRRBRIBME R TR; FEM KPS RHA S HFREATE

» WEESHENUARNE, RRIEEEE TRAZE

— TEREIESHL (eg RAEEZFE) THIARZRM
— BX: PSYERFERAR/PD, BREMFER BIRINBENLEE =S KUK
‘E’ﬁ;[ /\‘TJ‘:—EE (shuffle product identity ) %&fﬁl’

S(P)O,TS(P)O,T = EKER([,J) S( )O,T‘
S(P)y - S(P);; = S(P)y +S(P).

- B KPSTEASIERT, (RMTAREt i R &R A &SRR (
eg MR ER AR 53 AT RN R B 4 1 FT 47 I AR SR AR i cp
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246 . IRMFENFHPath Signature 41
Tk

* An online handwritten character consists of strokes

* Let x (t)denote the ith point on a stroke at time ¢, the
corresponding m level signature can be computed by:

S(P) i—0,i+0 (1 5 i+0 25,z'+5 ’* Pm z+5)
where § is an interval WlndOW parameter (eg. = 3~8)
* Repeat the above procedure for every point on the stroke,

stroke by stroke SN pD), O 11(00)
L vz \

. t2(1s'1)

3K BR R

Uniform Time Sampling  [Equal-Distance Sampling Eq.(5)

1
%, to
¥ @ ' ." P(D)ll lg_P(D)Ll t2®P(D)l2.t3 P(D)?l-tz — 1‘ P(D)g].tz — # = [_}.]'
P Chen’s Identity
TN, el ] [ 42
Q i - -1l |-
b N > s tzt o P(D)tz t3 P(D)%l,tz - 1 2 - _1/2 '
3 1/2
./o/‘ Eq.(2)
/
: - 1 1 11
Window-based Signature P(D)¢y 1, = (1‘ 1L-13.-3 _E'E)'
ZC Xie, ZH Shun, LW Jin, etal, Learning Spatial-Semantic Context with Fully Convolutional (p

Recurrent Network for Online Handwritten Chinese Text Recognition, IEEE TPAMI, 2018. oL Ve



Visualization of Path Signature Maps of Chinese

Characters
k=0 k=1 k=2 k=3
2=1map 2!'=2 maps 2?2 =4 maps 23 = 8 maps

=~ E— B

Y
271 .1 = 15 maps (truncated at level n)

level ::gorfaetl?feh r'ﬁ;’; il truncri;eSSSignature Representation remarks
0 1 1 Bitmap
1 2 3 Gradient direction information
2 4 7 Area

K ok k+1_1 ? p
I B i — C
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More Visualization of Path Signature of Chinese

Handwritten Text
O Heat map of path signature feature
ﬂ ""? 4
S Gt E
-10 0 10
ﬂkb}ﬁ 6@ é I PR 0
) = 5
INCG 2 J f)\ ’
:"i - — > _._._"'; 1-').’ - » S
2 ANTZILE TN NS ANge 8 TaDY
) . ey 0,
X/ ol \[L\“'/ \/ RIAR ‘/ Wyl
k=1 k=2

P
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More Visualization of Path Signature of English
Handwritten Text

J—%wg‘k gf W“}’é’/.

Poler fw]) Wm/a/ Jut

—~

/////P/f KU// //()//(:/ /,/n,{(
=1

b / . 3 y
L4 8 Wy o

l(//"/ yre /el fl7; //f.’;‘

/2[’((7’ / M/”/ / //”Mfr

k=2

padon Lov Wi funt

,{Vﬁ'l';;‘: /-c'/ ] / y

/'ZH/{’JI /:‘/ f//”//,l //,“nl'

k=3

41 CQ
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Path Signature for ML & HCCR

Sparse arrays of signatures for online character

A Primer on the Signature Method in Machine

. Learning
recognition
Benjandin Graham
University of Warwick llya Chevyrev® and Andrey Kormilitzin®®
b.graham@warwick.ac.uk “ Mathematical Institute, University of Oxford, Andrew Wiles Building, Woodstock Road, Ozford,

’ T 0X2 6CG, UK

T ~xr . ¢ ¢ b Ozford-Man Institute, University of Ozford, Eagle House, Walton Well Road, Ozxford, OX2 6ED,
November 12, 2013 Ui

FE-mail: ilya.chevyrev@maths.ox.ac.uk,
andrey.kormilitzin@maths.ox.ac.uk
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e Results

ICDAR 2013:97.39% (Winner of ICDAR 2013 OHCCR competition)
CASIA-OLHWDB 1.1: 96.62%

MNIST: 99.69%

CIFAR 10: 95.53% (Kaggle CIFAR10/100 winner in2014)

Path Signature open source tools:

* Esig (CoRoPa) Library: https://coropa.sourceforge.io
* 1isignature package: https://github.com/bottler/iisignature

3 42 Cp
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Rotation Free & Large Vocabulary
Online Chinese Character
Recognition
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High Performance Large Scale OHCCR
with CNN and Path Signature

softmax C2 SSMP(\2) C3 2 MP2 c3 AR AR
' Deep SSMP network

« WX Yang, LW Jin,et al, ICDAR 2015

« WX Yang, LW lJin, et al, Pattern Recognition2016 p
e SX Lai, LW Jin, WX Yang, Pattern Recognition Letters, 2017 44 C
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Fractional max-pooling

U U J
U LJ
L U U

Fractional max-pooling (FMP):
— Stochastic pooling strides.
— Coupled with character distortion

— Can perform multiple tests, which is similar to models ensembling,
to improve the performance without any additional storage
requirement.

B. Graham, arXiv 2014. p
S. Lai, LW. Jin, W. Yang. Pattern Recognition Letters, 2017. c
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Experiments of OHCCR

Experimental Data
— CASIA-OLHWDB 1.1
e 3755 classes, 300 writers,
* Training data: 3755%240=901,200
e Test data: 3755 * 60 = 225,300

— ICDAR 2013 Competition DB
e 3755%60=225,300 samples (used as testing data)

P
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Comparison of different feature representations

7.50%

6.50%

ojel JoLld

5.50%

4.50%

3.50%

Bitmap (Baseline) —+Sign.3 —&—Sign.2 —*—Sign.1 —=—8Dir

Comparisonof different features with the baseline

* The x-axisrepresents the number (x10%) of mini-batches for training
and the y-axis denotes the error rate for testing data.

P
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Comparison with previous methods

ICDAR2013

Methods DB 1.0 DB 1.1 Qe Using PS/Dir?
Competition
Best Traditional 95.28 94.85 95.31 No
Ensemble of CNNs
(CVPR 2012) 74.39 ” ” No
DeepCNet
(Graham, TR 2013) — 96.42 97.37 Yes
FMP enserpble - 97 03 - Yes

(Graham, arXiv 2014)

DropSample+PS+CNN Yes
(ours, PR 2016) 97.33 97.06 97.51
DirectMap+CNN - - 97 55 Yes

(Zhang et al., PR 2017) '

. AN 97.67 97.30 97.99 Yes

(ours, PRL2017)

P
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Experimental result on very large
scale dataset

Very Large Scale HCCR with CNN/LSTM

— # of classes: 27738 (covers 27533 GB18030-2000 set, English letters,

and extended symbols)

v 6763 GB2312 simplified Chinese
v' 2000+ Traditional Chinese

v' 1100+ Hong Kong characters
v' English letter
v Digit
v" Symbols
— Resources of data:
« SCUT-COUCH (Jin etal, IJDAR 201 1)
* Part of CASIA OLHWDBI1.0-1.02, ICDAR 2013 (Liu etal, PR2013)
« HKU (Bai & Huo, ICDAR 2005)
* 863 (Qiao etal, CHTL 2005)

e In-house data

— Data augmentation
« Affine transformation, deformation transformation (Jinetal2000) et al

— Total number of samples
*+ 20,928,700 (training) ; 1,052,985 (testing)
P
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Results (27738 classes)

Recognition accuracies (%) on eight testing datasets

Casia1l. [Casial. . SCUT- In-
Model 0 1 Casial.2 COUCH HKU house 863 |ICDAR |Average

# of

143600 | 98235 | 79154 | 161166 | 120863 [184089(40578 225300 --
samples

PS-CNN!'l (97.73 |97.24 |[98.04 99.06 [98.49 |98.89 |99.77 [95.58 97.82

LSTMR* (97.87 [97.35 [98.26 98.67 |[98.36 |98.82 |99.59 [96.04 97.87

* Our LSTM modelis inspired from [2] with the following architecture:
Input-128LSTM-512LSTM-512FC-27738 softmax - output

[1] S.X.Lai, L.W. Jin, W.X. Yang, Pattern Recognition Letters, 2017 .
[2] X.Y. Zhang,F. Yin, C.L. Liu, et al, IEEE TPAMI 2018 0 CQ
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Building Compact and Fast CNN for HCCR

e Low-Rank Matrix
Decomposition

 Connections Pruning
with Adaptive Drop-
Weight

 BLAS library
* Loop Unrolling

W

cxhxw  cexnxkxk nxh' xw

(a)

" E’ . BN PRelU .
exhxw exdxkxl dxh'xw nxdxlxk nxh' xw

eCode: Hﬁﬁs‘://qithub.com/HClILAB/Forward-Implementation-of—Fast-and-Compact-CNN-for-OffIine-HCCR p
) ) .. 51 (
XF Xiao, LW Jin, et al, Pattern Recognition, 2017 oLV
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Rotation Free OLHCCR: Motivation

— Itis common that people sometime write charater with a slight
rotation degree, especially on mobile devices

— China national standard (GB/T18790-2010) requires the HCCR
software should be able to recognize a character with a rotation
angles of up to £+ 45°

— The recognition accuracy will decrease significantly if the rotation
degree is bigger than a certain degree (eg = 30°)

/L;\ !'tﬂ ‘*

MNO

53 cp
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A two-stage CNN for rotation free
OLHCCR

Output

Integration of recognition results
produced by Network A and Network B

Layer Network A Network B
Convplution 3x3x64
Rotation Max Pooling 3x3
Character Character Convolution 2% 3 x 06
Recognition Degrge Recognition Max Pooling 3x3
Prediction Convolution I x3x128
Max Pooling 3x3
Convolution 3 x 3 x 256
Convolution 3 x 3 x 256
! : Max Pooling Tx3
f . Convolution 3 x3x 384
Path S|§nature HED ST Convolution 3 x3x384
Max Pooling 3x3
Fully Connected 128
Dropout 0 03 03
) . . Fully Connected 1 3755 3755
Rotated Online Handwritten Chinese Characters Toss Function | Euclidean | Softmax | Softmax

Z. Li, LW Jin, SX Lai, ICFHR 2018

54 Cp
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Experiments and results

« PDataset

— Training: CASIA OLHWDB 1.0&1.1
— Testing: ICDAR 2013 ( with random rotation degree of +45°)

Effectiveness of Path Signature (Network A, = 45° )

Path Signature Degree prediction Recognition
accuracy accuracy
X 90.99 93.91
v 91.89 96.41

Performahce of Network A + Network B (+ 45° )

Model Recognition accuracy
Network A 96.41
Network B 97.21

Network A+B 97.38
55 Cp
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Experimental results (cont.)

 Comparison on regular dataset with SOTA methods
— All the data are not rotated

Method Rotation Free? Accuracy (%)
DEF+DLQDF (ICDAR 2013) X 95.31
DropSample (PR 2016) X 97.23
HCCR-Inc-GAP (ICDAR 2017) X 97.45
DirectMap+CNN (PR 2017) X 97.64
DropDistortion (PRL 2017) X 97.79
RNN (TPAMI 2018) X 97.89
X 97.38
Our (two stage CNN) /(£ 457) 97.38
X 97.18

v (£ 180° ) 97.09
56 Cp
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Deep Learning for Handwritten
Text Line Recognition



OHCTR with Fully Convolutional Recurrent

Network

—————————————————————————————————————————————————————————————————————
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1 - ! | Learning |
I_.,_,'__.i o 7/ : I : semantic context :
: ! iy = 2 iy ltg'l'm g —’_*?' s; : I with multilayered " |
i 2 , -t »: BLSTM :
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1 126x62 ( 1 I I
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"5 : ;/)’ 18 . S 1 1 37 A e :
fe} 2 x38 ! e r "
‘ Signature o Residual Predicting | | pdis) = Z ﬁf (z¢ = myls) i
Receptive fields ¢ FCN ; : | m B =1t =1 N 1
S e TRISWE S BAWMLERE
MC-FCRN Implicit language modeling

ZC Xie, ZH Shun, LW Jin, H Ni, T Lyons, Learning Spatial-Semantic Context with Fully Convolutional
Recurrent Network for Online Handwritten Chinese Text Recognition, IEEE TPAMI, 2018.
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Path Signature Feaure Maps

t1(0,0)
P(D),,
/\/ - /\/ TN )

Uniform Time Sampling  [Equal-Distance Sampling l];q, 5)
L 4
P(D)t, ;=P (D), 1, ®@P(D)y, ¢,

:, " Chen’s Identity
‘. _‘—’P(D)tl A2

pwmh=LPwmn=1®LJ=[iL

1/2
N -u1

-1/2
lEq @ 1/2
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1 1
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Benefit of Path Signiture Representation

O Robust against additional stroke connections
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Multi-Spatial-Context FCRN (MC-FCRN)
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* Multi Contextual Fully Convolutional Recurrent Networks

— MC-FCRN is a segmentation-free method that effectively captures the
variable spatial contextual dynamics;

— the main components of MC-FCRN, FCN, residual BLSTM, and CTC
can be jointly trained to benefit from one another, thereby enhancing the
erall perf
overall performance o1 Cp
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Multi-Spatial-Context FCRN

* Residual Deep BLSTM

— Allowing for faster training and convergence
— Enhanced performance

4 V ’
4 ’ ’

Effect of Residual Recurrent Network (Percent)

. Dataset-ICDARK | Dataset-CASIA
) Architecture CR AR R AR
,:' LSIM 85.67 84.60 90.14  89.17
\ Residual LSTM | 87.82 86.85 9229 91.38
\ BLSTM 87.96 87.28 9269  92.15
| Residual BLSTM | 89.24 88.32 93.66  92.96

62
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Connectionist Temporal Classification (CTC)

‘blank’

M

3

— @

A Graves, M Liwicki, et al, IEEE TPAMI 2009

CIIERE
R
N}
S
2>
%h%
%h%
&
N
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Implicit Language Model

® [t offers the unique advantage of
M(s1) M(s:) M(st) using semantic context from both
directions of the text,

¥ outperforming language models
I carai - that only predict the conditional
earning o
semantic context probablllty of the next word
\ 4 o

Embedding layer

with multilayered given previous words in one
BLSTM

direction
The implicit language model has
m: A B L B significant advantage  over
Transcription m s BAMIL B8 B .« L. . .
m: B Eean statistical LM in both decoding
o o
ols) = Z 1—[ fa=mls) W speed and prediction accuracy.
m: ()=l t=1 y . ° . °
RAH L EE Unllke. stz.ltlstlcal LM whose
RAM size increase as the corpus
Implicit language modeling grows, the implicit LM has a

fixed size that is only determined

by its network architecture.
ZC Xie, ZH Shun, LW Jin, H Ni, T Lyons, IEEE TPAMI, 2018. 62 €
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Experiments

e Dataset

— Training set of CASIA2.0-2.2
* 4072 pages of handwritten texts,
* 41,710 text lines, including 1,082,220 characters of 2650 classes.

— Testing set

* The testing set of CASIA2.0-2.2

— 1020 text pages, including 268,924 characters of 2626
classes.

e The test set of the ICDAR 2013 competition dataset (Dataset-
ICDAR)

— 3432 text lines, including 91,576 characters of 1375 classes

65 Cp
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Experiments

Effect of Semantic Context (Percent)

Svstem Foot print Dataset-ICDAR Dataset-CASIA

y MB (RAM) runtime CK AR runtime CK AR

FCRN(Baseline) w.o. LM 49.8 1.8min 87.82  86.85 2.7min 9229  91.38
implicit PH — o 9392 93.34 _ 9426 93.74

M PFR 65.4 1.7 £0.5min ) 9421 93.69 | 5+0.5min | 9443 93.89

CLDC 9533 9452 96.39 95.80

statistical PH 11.1 - 91.78 90.70 . 9422 93.11

IM PFR ( 130 £5min ) 91.93 90.88 | 360 +10min | 94.27  93.10

CLDC 576.3 92.67 91.81 96.09 95.50
implicit LM + statistical LM | CLDC 641.7 132+5min | 95.79 95.04 | 365+10min | 96.81 96.27

Effect of Path Signature (Percent)

Path Feature | Dataset-ICDAR | Dataset-CASIA
signatures maps CK AR CR AR
Sig0 1 8514 8360 | 8958  87.67 CR= (N, — S, — D,)/N,
Sigl 3 86.83 85.82 91.47 90.54
Sig2 7 87.82 86.85 92.29 91.38 AR = (Nt —-S, — D, — 1, )/Nt
Sig3 15 87.94 87.20 92.22 91.58
8-Dir [29] 3 8571 8332 | 9048 8/ 82
8-Dir+Sig0 9 87.67 8652 | 92.05  91.00 Nt : total # of chars

Se - # of substitution errors
D, : # of deletion errors

CR: Correction Rate , _
I, : #of insertion errors

AR: Accuracy Rate



Comparison with Previous Methods

Comparison with Previous Methods Based on Correct Rate and Accuracy Rate (Percent) for Dataset-ICDAR and Dataset-CASIA

Method

Dataset-ICDAR

Dataset-CASIA

w.o. LM with LM

w.o. LM with LM

CR AK CK AR

CK AR CK AR

Shi et al., 2016 [13]
Wang et al,, 2012 [1]

Zhou et al., 2013 [3]

Zhou et al., 2014 [4]

VO-3 [59]
2C-FCRN (residual LSTM) + CLDC (implicit LM)
2C-FCRN (residual LSTM) + CLDC (statistical LM)
2C-FCRN (residual LSTM) + CLDC (implicit LM & statistical LM)

85.14 83.60 - -

9462 94.06
9476 9422
95.03 9449
90.17 88.88 | 9511 94.50
90.17 88.88 | 9451 9345
90.17 88.88 | 96.09 95.59

89.58 87.67 - -
- - 9276 9197
8793 8592 | 9434 9375

- - 9532 94.69

9447 9331 | 9636 95.96
9447 9331 | 97.01 96.49
9447 9331 | 97.19 96.87

Sun et al., 2016 [67] (2765 classes)
3C-FCRN (2651 classes)

90.18 89.12 | 9443 9340
9353 9286 | 97.15 96.50

95.82 9530 | 9755 97.05
9550 9473 | 97.75 97.31

Upper: 7356 classes; Lower: less than 3000 classes.

e Our method outperforms previous best results
 on Dataset-ICDAR, with relative error reduction of 20%
 on Dataset-CASIA, with relative error reduction of 41%
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Typical Results

Baei] [BEER mm

Sig0: WA o W L Bt JC i7 e il
Sig3: WA &R M & L Bt % £
Ground truth: W& & 5 B O L B }lj i ¥
LA R [Fieh end [BREK WX
LSTM: =+ & K A AR B R EIN:-A
Residual LSTM: T F W K 4§ ik BLE ) B T HLAT B %
Ground truth: T 1F i K A § IR ) #4T H 3%
R e BASRRE] Hdpns e
FCRN: iE B 5 B0 A E TR e — A
3C-FCRN: uE # fa B 02 A EB TS 9 — A
GIOMNNG tracth: R A B2 A EBTHERE AMEH— 4
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Application of Path Signature for
handwritings analysis and
identification
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Writer Identification with Path Signature
feature and DropStroke/Segment techniques

O Writer identification (WI)

® Identifying a writer’s handwriting is a challenging problem in
the Al and pattern recognition fields.

® WI requires a large amount of data to ensure a sufficient
generalization capacity. (text-independent)

O However, these materials are not always available.
O We propose two data-augmentation methods, named

Drop-Stroke and Drop-Segment, to enrich personal
handwriting.

O We proposed to use CNN to learn efficient discriminant
feature based on the bitmap of handwriting text and the
path signature feature of it

70 CQ

DLVCLIH



DeepWriterlD: system diagram
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Truncated Versions of Path-signature Feature Maps
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W.X. Yang, L.W. Jin, et.al., IEEE Intelligent Systems 2016
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The Effectiveness of Path Signature
Features

Bitmap
Bitmap+Sign.1
Bitmap+Sign.2
Bitmap+Sign.3
—Bitmap+Sign.4

Bitmap+Sign.5

Q
-—
©
x
[
(@)
o
=
L
-—
0
(<))
I_

25 35 45
Number of iteration (X 10#)

Performance of Path-signature Feature

It can be seen that with the help of signature of path
features, the performance is improved significantly
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Experimental results

Investigation of Drop-Segment method with different level of Signatures

Without
With DropSegment ~ With DropSegment
Methods DropSegment
(1 test) (20 test ensemble)
(1 test)
Baseline: Bitmap
87.70 89.30 89.84
(Signaturelevel 0)
Sign. 0+ Sign.1 91.98 93.05 93.05
Sign. (0~2) 92.51 93.05 93.58
Sign. (0~3) 93.05 94.12 94.65
Sign. (0~4) 94.12 94.65 94.12

Sign. (0~5) 94 .65 95.19 95.72 p
73 C
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Recurrent Adaptation Networks for Online
Signature Verification

: SRS L
forgeries R : Q) . C
e e
LNPS Gated Aut St e Meta-layer f Sy
New client . ated Auto SPace MVieta-fayer for Page Verification
descriptor Regressive Units fast adaptation

Main contributions:

® A length-normalized path signature descriptor.
® A meta-layerfor fast adaptation.
® ARNN + DTW framework.

Songxuan Lai, Lianwen Jin, Recurrent Adaptation Networks for Online Signature
Verification, IEEE Transactions on Information Forensics and Security (TIFS), 2019.



Recurrent Adaptation Networks

® |_ength-normalized path signature (LNPS)
* Normalize the PS with the path length
« Leadingto scale invariance and a smoothing effect

The k-fold iterated integral:
I* (X) = j dX 1 ® ..QdX,y .

0<tq<--<tp<T
PS, truncated at level m:

SX)|m = (LI (X), 17 (X),....I™ (X)).

LNPS, truncated at level m:

') 12Xy I™X)
LX) TLA(X)T I (X) >

SX)|m = (1

75 (p
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Recurrent Adaptation Networks

® Effectiveness of Length-normalized path signature (LNPS)

Table 1. Verification results using DTW on the
MCYT-100 !l dataset.

Truncated level Feature SF-EER (%)

PS 4.43

1
LNPS 3.13
PS 3.78

2
LNPS 2.35

; PS 4.00
LNPS 1.86

[1] Ortega-Garcia J, Fierrez-Aguilar J, Simon D, et al. MCYT baseline corpus: a bimodal biometric p
database[J]. IEE Proc.-Vision, Image and Signal Processing, 2003, 150(6): 395-401. 76 c
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Length-normalized Path Signature
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Recurrent Adaptation Networks for Online
Signature Verification

Database Method SF-EER (%) Error Reduction
Previous SOTA [4] 2.15
MCYT-100[1] 15.8%
Our method 1.81
Previous SOTA [2] 11.9
e-Biosign [2] 41.6%
Our method 6.94
Previous SOTA [3] 25.45
Mobisig [3] 57.3%
Our method 10.87

[1] Ortega-Garcial, et al. MCY T baseline corpus: a bimodal biometric database[J]. 2013

[2] Tolosana R, et al. Benchmarking desktop and mobile handwriting across COTS devices: The e-BioSign

biometric database[J]. 2017

[3] Antal M, et al. Online Signature Verification on MOBISIG Finger-Drawn Signature Corpus[J]. 2018.

[4] Xia X, et al. Signature alignment based on GMM for on-line signature verification[J]. PR, 2017.

Songxuan Lai, Lianwen Jin, Recurrent Adaptation Networks for Online Signature Verification,
IEEE Transactions on Information Forensics and Security (TIFS), 2019.
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Path Signature for Gesture
Recognition



Skeleton-based hand gesture
recognition

* Our goalis to recognize skeleton joints trajectories
 Approaches
— AOH: Attention on Hand

— TTM: Temporal Transformer Module
— PS: Spatial & Temporal Path Signatures

_________________

Ly joint joint
o’ o..i time .'.:...tn-l time|es o'ooe tn-1+A
i ooooootn esseee tn+A RC
i tn i °°'E...tn+1 ooozooo tn+1+A T PS
E s W y W —_—
Fi™ = S PS™
. __
tn+1 ' b . # ~ : Y . TS PS
.. R PRI R P S ISP
L4 : .:::0 tn t:::. —es tI'I+A
time.::::. . tn+] ﬁme .::::.___ tl‘l"’l"‘.ﬂ
_________________ joint pairs joint pairs

C. Li, X Zhang, L. Liao, L.Jin, W Yang, “Skeleton-based Gesture Recognition Using

Several Fully Connected Layers with Path Signature Features and Temporal Transformer
Module”, AAAI 2019

P

oDLVvCH



Attention on hand (AOH) & Path

Signature (PS) Extraction

Predefined order

° ;
[eee o000} =?? » B
(a)
= = 1 b4
m m et 4
Frame 1 ' ’ l) 2) 3) (C)
(b)
‘[eee o000]
1’J§L‘ |25 S
L 3, 1
Frame 2 T 1) 2) 3)
(b)
[0 o000}
(a)
PPN 1L
D 2)‘; Y
(b) (d)

 AOH:

— Single joint (a)
— Joint pairs (b):
* Samehand part

"W  Cross hand parts,
* Cross hand part and upper body part

-

» PS feature:
» Spatial PS (S_PS)
 Temporal PS (T_PS)

Spatial PS feature extractor

Temporal PS feature extractor

« Temporal spatial PS (T_S_PS)
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Experiments

« Gesture types: 20 Italian gestures

« Modality: RGB, Depth, Mask, Skeleton

(6) Che vuoi

« Samples: 6850 (train), 3454
(validation), 3579 (test)

(11) Ok

- i

(16) Ho fame

(17) Tanto tempo fa



Experiments

 Comparison with the state-of-the-arts on ChaLearn 2013,
ChaLearn 2016 and MSRC-12

Accurac Test acc. Modality
Method rate (% )y Method | ™ o ™ orr TS Model
HiVideoDarwin Wang, Wang, and Wang 74.90 AMRL"Y | 65.59 |/|/ 8*CNN+4ConvLSTM
VideoDarwin Fernando et al. 75.30 ASUR | 67.71 |V/IV|V| [4*C3D+2*TSN+1*SVM

D-LSDA Su et al. 76.80 FOANet?! | 82.07 |v|V|V/ 12*CNN
CNN for Skeleton Du, Fu, and Wang 91.20 SkeLSTM™| 35.39 v 1*LSTM

Two-stream LSTM Wang and Wang 91.70 3s net TTM| 39.95 IFEC

3s_net. TTM 92.08

Table 7: Comparison on ChaLearn 2016 dataset. [!': Wang et
al. 2I: Miao et al. [*l: Narayana, Beveridge, and Draper [4:
Lin et al. RGB, depth, optical flow and skeleton are abbrevi-
ated as R, D, O and S.

Table 5: Comparison of methods on the ChalLearn 2013.

Accurac
Method rate (% )y
JTM Wang et al. 93.12
ESM Jung and Hong 96.76
MP Garcia-Hernando and Kim 08.25
3s_net_ TTM 99.01

Table 8: Comparison of methods on the MSRC-12 dataset.
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More Application of PS...

* Path Signature for activity recognition

-

O Picturelistjava O picricdjova O Right/Paneljava O RecogritionResult java & Mairfunctionjava O LefPaneljova
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Video Demo
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Thanks
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Deep Learning & Vision Computing Lab

Email: eelwjin@scut.edu.cn
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