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Status of Pattern Recognition

e Pattern Recognition: Simulating human perception ability, to enable
machine to detect and recognize objects and events in sensory data

Data
acquisition

e Wk BA/H 3=

kA

ROCKET8 ROCKETS

1 11

11

Pattern
segmentat

Pattern
classification

Post-
processing




Evolution of PR Methods

* Core technique: pattern classification
— Feature extraction and selection, classifier design (learning)

1950s:
Statistical PR

1970s:
Syntactic and
Structural PR

1980s: 1990s:
Artificial Ensemble,

neural Bayesian
networks learning

1990s: SVM
and kernel
methods

2000s: semi-

supervised,

PGM, sparse
representation

2010s:

transfer
learning, deep
learning (DNN)



Categorization of PR Methods

Two broad categories

e Statistical PR e Structural PR

— Parametric (Gaussian) —
— Non-parametric (Parzen, k-NN) —
— Semi-parametric (GM)
— Neural

— Decision tree
— Kernel (SVM)
— Ensemble (Boosting)

Hybrid Statistical-Structural: Statistical
primitive/relationship

Syntactic parsing

String matching, tree

Graph matching

Hidden Markov model (HMM)
Markov random field (MRF)
Structured prediction

Graph Neural Network (GNN)

Attributed graphs, HMM and MRF/CRF are instances of hybrid models



Generative vs Discriminative

y;(X) ~ P, | x)
p(xfc)= f(x,0)

Discriminative
(boundary)

Generative
(descriptive)
model

Hidden
umts

Output

Input units
signals

\ 4
o, O, O+ Generative Discriminative

! | learning | learning
e I
I
I

Density/description Separation between
9 G qr for each class different classes

Margin
Hybrid

Discriminative-

Generative



Restrictions of Current Methods

e Great Success of Deep Learning, but
* Restrictive Assumptions

— Closed world: fixed number of classes iP(w,.|x):1

* Real world: New classes, noise, outlier

— Same distribution (style) for training data and test data

* Real world: data background and pattern distribution change constantly
— Large/huge training set
* Other Issues
— Explainability: model explainability, structural/semantic understanding
— Flexibility of learning: mixed data, continuous learning



Object
Recognition

Character
Recognition

Feasible to collect enough training

distributions

. samples for .aII.cIasses and %ﬁ?ﬂ%%ﬁﬁx
Z all variations ? &%%u%jﬂfﬁfé
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Robust PR in Open World: Research Issues

X.-Y. Zhang, C.-L. Liu, C. Y. Suen, Towards
Robust Pattern Recognition: A Review,

Proc. IEEE, 2020.

Type |

Known known: empirical risk
Known unknown: outlier risk
Closed-world w[ Open-world robustness ] J SRR _ RINCRAE
assumption i i Unknown known: adversarial risk
Breaking closed-world assumption | uUnknown unknown: open class risk
Type ll [ Learning with interdependent data Three typeS,
D - | Domain adaptation and transfer learning 12 nroblems
assumpiion ‘ [ Non-iid robustness J Multi-task learning P
Breaking iid assumption | Multi-modal learning
Type Il [ Supervised learning with noisy data
i Unsupervised (self-supervised) learnin
Clean and big data * [ Noisy and small data robustness J 1 _p : (eif p J 9
assumption . : : Semi-supervised learning
Breaking big data assumption | Few-shot and zero-shot learning
T | b I Empirical Risk 5 o Outlier Risk
: J’* ,"A “\ i,
er prko emS A&A r’; l‘\ ,"’l |" O\‘\ x Open SEt
- ! o i \o ) .
nown Known A I \\3: _ recognition
- Known unknown D %
Unknown k B — *
- nKkNnown kKnown (a) known known known unknown (b)
- Unknown unknown (c) unknown known unknown unknown ) (d)
i 25 5 ) Class-incremental
A @O o oy T '// recognition
BL "o Yol e
------ .. e N mwy,
05 O o (::D - 9::' ‘:_“?f}’
Adversarial Risk | 77 Open Class Risk




Type Il: Breaking iid assumption
- Non-independent:

contextual classification, X=X
structured prediction
- Non-identical: adaptation,
transfer, multi-task
X #£ X

Type Ill: Breaking big data assumption

- Supervised learning with noisy data

- Unsupervised and self-supervised learning
- Semi-supervised learning

- Few-shot and zero-shot learning

8
I
<

Domain
adaptation

Multi-modal
Learning

Few-shot

G

class f;

)

class f;

)

class f3

y#£Y

|
1 Cross-class

: transfer Learning
|

|

I

|

Multi-task
Learning

Multi-modal
multi-task

Learning
Many-shot Zero-shot
classm ”-._‘“\
1 \
= mp (7
Transfer with Transfer with side class z
few samples: class m,  information:
O Metric 0O Attribute ST,
O Meta-learning O Class name \
O Imagination O Text description . e
class z;

class my,
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Open Set Recognition

Outlier risk: many unknown negative classes or outlier (novelty),
no samples available for training.

~_ outlier

Multi-class Classification \feri';?::tinn Detection RS.:F;::&EE;?;n o '%:
— P g ambiglity | fg'
:-' . ‘i _‘;‘{ g
ﬁ )

™KL

Closed ) i Open = - @
: : | } > BN ’
e , ' N2 outlier
Training and Claimed One class, Multiple known
testing samples identity, everything else classes, many
come from possibility for  in the world is unknown
known classes impostors negative classes

Objective: closed-set classification accuracy, outlier rejection
(false negative-positive tradeoff)

W.J. Scheirer, A. de Resende Rocha, A. Sapkota, T.E. Boult, Toward open set recognition,
IEEE Trans. PAMI, 35(7): 1757-1772, 2013.
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Difficulties in Open World Recognition

e Classifier trained to fit the known classes
— No sample for outlier, which has arbitrary distribution
— In discriminative training, the representation tends to a
subspace, where outliers are confused with know classes
e Class-incremental learning

— Catastrophic forgetting: old classes will be mis-classified
after learning for new classes

— Representation tends to fit old classes, in the subspace
new classes are confused with old classes

00
SO

v

Note:

old class data: unavailable
new class data: sufficient

Sfeature | T
new data = H\\'\/

: X

1 | ,((\O-KC'

: bias /
: > |6

|<—new—>~<;;:ld—>|
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Basic ldea for Open World Recognition

* Anticipate more classes

— Learning a representation with higher dimensionality than the number of known
classes

* Generative loss in learning, e.g., reconstruction loss
* Generating imaginary classes in training

* Minimize feature space change in incremental learning
 Open world assumption for the model

— Generative model, one-class model
p(x|c), reject if P(c)p(x]|c)<T for all c
— One-vs-all learning

13



Why Classifiers Are Poor in Open Set Recognition

* Closed World Assumption

C classes ZC:
— ’ P(ow, |x)=1
i=1

* Improper Model

— max P(w;|x) on outlier can be large

e Discriminative models directly approximate posterior
probabilities

* Improper Learning Algorithm

— Trained model deviates from the pattern
class distribution or structure

e E.g., learning vector quantization
(nearest prototype classifier)

Prototype classifier

14



How to Improve Open Set Recognition

e Open World Assumption

C+1

ZP(a)|x)<1 ZP(m|x)—1
— Hard to model w,; epr|C|tIy (msufﬂuent samples)

— Hopefully, learning without outlier samples

e Generative Models
— Density/template-based
— Structure model

* Hybrid discriminative-Generative
— Learn to represent classes in addition to discrimination

15



Models for Open Set Recognition

* Density-Based Classifier  max P(o)p(x| @)

— Ambiguity rejection max L CIPE|@)

" > P@,)p(x] @)

— Outlier (distance) rejection max P(e,) p(x|®,) <T
 Template (prototype, distance)-Based Classifier
— Ambiguity rejection dx,0,)-d(x,0,)<T
— Outlier rejection miind(x,a)l.) <T,
* Take advantage of Deep Learning

— Generative model in the learned feature space of DNN
— Generative neural networks (RBM, DBN, autoencoder)

16



Learning Algorithms for Open Set Recognition

* Objective: High classification accuracy and robust to outlier
* Hybrid Discriminative Generative

— Empirical risk minimization

] 1 &
minR,, = NZL(yn,f(xn, 0))
n=1

0

— Maximum likelihood (ML), for generative models only

N, N,
max LL,(6) =log p(X,16) =D log p(x, |6) <~ d(x,,®)
i n=1 n=1

— ML regularization (a.k.a. I-smoothing in speech recognition)

. I <
min R,y = DL, (%004 205,00, )

— E.g. prototype classifier

Prototype classifier



One-Versus-All (OVA) Training

* Popular in neural networks, SVM and Adaboost
e E.g. Squared error, cross-entropy E(w) = Zn:i(tf —Zf )2
k=1 j=1
e Benefit of OVA for open set classification

— Two classes (positive, negative) cover all distributions in the world
(including the outlier class)

* Negative class: union of all the rest
* (Binary) posterior probabilities

P (@, | X)+P"(@, | x) =1

— Multi-class: multiple OVA classifiers, each separating one class from
the rest (including outlier)

* Need to transform the multiple binary probabilities to multi-class

probabilities such that C
ZP’” (o, |x)<1
i=1

N

N

18



e Multi-class probabilities by combining binary probabilities

— Fusion according to Dempster-Shafer Theory of Evidence

* Binary probability assumed to be sigmoidal osf

z, = P’ (. |x) = ola f.(x)+ f] o4

* Evidence combination

Pm(wi |X):Z;n =m(w,) =A-m(,) H mj(a_)j):A'Z;) H (I_Z?)

j=1, j#i J=Lj#i
1 N b < b < b
A= [z [] a=zp1+][a-z)
i=1 j=1,j#i j=1

C
Desired property |» P"(w,[x)<1
i=1

C.-L. Liu, Classifier combination based on confidence transformation, Pattern Recognition, 38(1): 11-28, 2005.

19



 OVA Training: How to apply to generative models

— Reformulate as multiple binary classifiers:
Class distance transformed to binary discriminant
£(X)=~(d(x,@,)~1,)><0

* Multi-prototype case
/(%) = max f, (x) = —min(|| x~m, || -7,)

— Binary probability |
PV =0lE /(D)=

— Empirical loss (one-versus- aII)

e = XS, Fi8 1= 3 80,00, £, )

nlll i=1 n=1

— ML regularized loss
N

” =%Z{2L[5<yn,i>,fi<xn >]+zd<xn,wyn>}

— Stochastic gradient descent

20



Example: OVA Prototype Classifier

* Nearest Prototype Classifier
= argmln || X _mij ||
L,
 Transform to one-vs-all

— Each prototype as a thresholded unit i
H X—m, || —T; 1

— Class discriminant function
fi(x)= mleJi-,—(X) = —mjin(ll x-m, ||-7,)
— Class probability (binary) |
P =0lEf,(0]=—5

* Training objective: cross entropy with ML regularization

N C
CE, = —Z{Z[yf’ log p, +(1-y)log(l-p)]-A[[x" -m, ||}
n=1 i

1

C.-L. Liu, One-vs-all training of prototype classifiers for pattern classification and retrieval, Proc. 20th ICPR, 2010.



* Experiments: digit recognition error rates

n: number of

prototypes per

class

True Positive Rate (%)

100

95

90

85

80

75

70

USPS

Letter

MC 563 5.43
LOGM  5.58 5.53
OVACE 6.58 5.83

5.68
6.03
5.83

5.08 5.25 5.10
LOGM 4.92 5.03 4.72
OVACE 6.30 5.47 A4.67

Retrieval (2-class) ROC

S|

2]

PR

/’%’
——MCE

/ = LOGM
——RSLVQ
ﬁ' —<—QVACE
[
5 10 15 20 25

False Positive Rate (%)

30

100

95

90

True Positive Rate (%)

80 +
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W
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/

/
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—-MCE
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False Positive Rate (%)
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OVA prototype classifier: Performance of outlier rejection

NOXV™=y NMY D
wn NN T
EWMADIDTI
O =0 N N oe P O W
0 S s GloMQ Yy s
QYO IN
VRS> Q T 0D
MR LODSIKDSY&E
W RS LY AT g N
e R S 2t

—— LOGM-R1
OVA-R1
LOGM-R2
OVA-R2

True positive (%)

NT —~F\-O0ON~O
POARQATTON IV
T —A~T >
FPOCTCHF,TOSNNS -~
~UVIQPN o= W
T=TITNANANIOKN—=W -
QO JNOMANTm
~ S>>\ g™
O w—cv Qv v
NOSsN—M ™

Test outlier data

MNIST test data

False positive (%)

R1: density-based rejection
R2: posterior-based rejection
Both models with ML regularization
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Convolutional Prototype Network

v’ Convolutional NN: Learning discriminative feature space
v’ Prototype classifier: Distance based, robust to outlier
v Within-class compactness for separability and outlier rejection

outlier rejection

class 1 " “nﬁ
|: p _ < )
o
< new category
o s == y
o A
o ; .l|r & & &
s AI‘:&
class 3 ol e

class 2

H.-M. Yang, X.-Y. Zhang, C.-L. Liu, Convolutional prototype learning for robust pattern classification, CVPR 2018.



Convolutional Prototype Learning

® Learning Objective

v’ Classification Loss (CL): MCE, MCL (margin-based classification loss,
GMCL, DCE (distance-based cross-entropy)

v’ Feature space: desired to be compact within each class

® Regularization: Prototype Loss (PL)

v" Minimize within-class (sample-to-mean) distances

v" PLis actually a maximum likelihood (ML) regularization:
logp(f1y) = logN (flmy;, ki) o ||f — my;||

v" Based on the Gaussian assumption, can be viewed as a generative model

® Hybrid Discriminative-Generative Learning
GCPL: CL + A-PL

25



CPL: Learned Feature Space

® Prototype Loss (PL) drives the samples of each class to be compact in
feature space
® Discriminative classification loss makes different classes separate

wwwwwwwwwwwwwwwwwwwwwwwwwwwwww
-----------------------------------------------

B Compactness of each class benefits robustness to outlier (which has larger
distance than within-class samples)



v' Comparable or higher accuracy than CNN with soft-max

method test accuracy (%)
soft-max 99.13
CPL (DCE) 09.28
A = 0.0001 99.45
GCPL(DCE+PL) | A =0.001 99.33
A=0.01 09.29
A=A 99.30

Table 1. Test accuracy of different methods on MNIST

CNN structure soft-max L | GO
model C [ 4] 90.26 [ 24] | 90.70 | 90.80
model C with BN 91.37 091.59 | 91.90
ResNet 20 91.32 01.46 | 91.63
ResNet 32 92.50 02.60 | 92.63

Table 2. The accuracy of different CNN structures and different

models on CIFAR-10

loss function | accuracy (%)
soft-max 07.55 [ 3]
MCE 97.35
MCL 97.61
GMCL 97.36
DCE 97.58

Table 3. The accuracy of GCPL on OLHWDB dataset

0 ¢ o=00 (Og¢° O
N AV A A AV |
222 2L 22 ] o2 9
2233323 28%
F AN
S 5§55 585 58585 54
CLelbclhb Ll 6 ¢
7777 7177 771
;88953288
airplane ﬁ% v .ma‘hﬁ
automobile _*"- EHH%
v Emal NS §
el el el LA
deer Xt el
tog —— .
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i B f)ﬂﬂe@m o M oA g
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v’ Superior rejection to outlier samples

AR: Accept rate of in-class samples (MNIST digits)
RR: Reject rate of outlier samples (CIFAR-10)

softmax GCPL Prob GCPL Dast 5 o T
9909°¢ [AR | RR | AR | RR [ AR | RR E
2 259 wro | 10000000 [ 100.0 [0.000 ||94.20 [ 100.0 i=orm R
2 33 5 % | 99980200 99.99 | 1567 |(97.39 | 100.0 || ws sty ry
e B gt 99.72 | 8.110 | 99.80 | 46.12 || 98.07 | 100.0 || s g s
99.14 | 25.17 | 9939 | 87.07 || 98.43 | 100.0 || pyes S
5525 5 55 198524060 | 99.30 | 93.43 || 98.57 | 99.99 CEE
€6 Ll &4 1476157549921 | 9631 ||98.73 | 99.99 || SRR
77 7777 183057166 | 9896 | 98.69 ||98.89 | 99.99 '.
9 77389 | 7667 | 8597 | 9873 | 99.46 || 99.00 | 99.90 | EHEHE
99 G297 | 7549 | 98.02 | 9821 | 99.86 || 99.20 | 99.99 | ~d¥ia

Table 4. The tradeoff between acceptance rate AR (%) and rejec-
tion rate RR (%) for different methods.
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v’ Better generalization on small training sample

Generalized accuracies with variable number of training samples

sample size (%) soft-max GEPL
100 99.13+0.10 |/ 99.33 £0.10
70 98.37 + 0.10 |/ 99.29 £ 0.10
50 98.07+0.39 |199.12 £ 0.10
30 92.68 +4.52 || 98.89 £+ 0.10
10 86.12 + 6.00 || 97.80 £ 0.22
5 73.95+6.10 || 96.44 £ 0.40
3 50.79 £ 17.44 ([ 94.90 & 0.58

Table 1. Test accuracy (%) under different percentages of training
samples. It is shown that GCPL is much more robust for small
sample size.



CPN: Improved Learning

v’ Ball constrained regularization: better constrain the compactness, variable
radius depending on class  f/(x)=max f;(x) =-—min(|x—m, || —7,)
J J

v One-Versus-All training: without outlier sample, better separating one class
from the rest

. not class i
: class i
= —
T — —| |
5 ]
L Balke *
¥ CNN f(x:8) u "
not class i not class i
(a) prototype network (b) ball constraint (c) one-vs-all training

H.-M. Yang, et al., Convolutional prototype network for robust pattern recognition, IEEE T-PAMI accepted 2020.



Network structure for MINIST.

Network structure for SVHN and TinylmageNet.

: . — layer type | kernel size | stride | channel number activation
layer type kernel size stride channel number activation Dropout 5 E = drop rate = 0.2
Conv 5 x5 Y% 1 32 RelLU Conv 5x5 1x1 32 RelLU
Pool 2% D 2w 2 - max pooling Conv 5x5 1x1 32 ReLU
Conv L - | 64 RelLU Pool 2x2 232 max pooling
Pool 2x2 o 2 - max pooling Dropout & g = drop rate = 0.2
Con 5x5 | 1x1 128 ReLU Lo e |45 % sl
Pool 2 3¢ 2 2 %2 . max pooling o 2 i =) i : " em.in
FC _ _ 30 None Dfopc:ui . - ; : - drop rgte l [%.2
Conv 5% x 1 128 RelLU
Open Set Recognition Performance (AUC). gﬂn;' j x E *x1 128 ReLUI_
00 x 2 s 5 - max pooling
method CIFAR+10 CIFAR+30 TinyImageNet Df‘;’]c““‘ - i P :\Ei: et
softmax threshold [46] Blo 805 511
OpenMax [14] 817 J96 576
G-OpenMax [42] 827 819 580
OSRCI [46] 838 827 286 Open Set Recognition Performance.
CPN 864 B35 617
closed-set accuracy open-set AUC score
method
MNIST SVHN CIFAR-10 MNIST SVHN CIFAR-10
softmax threshold [46] 995002 9471006 .BO1+.032 978006  B86x.014 .677+.038
OpenMax [14] 9051002 9471006 .BO14+032  O81+.005 8941013 695044
G-OpenMax [42] 9961001  948+.008 8164035 984005 896017 .675L.044
OSRCI [46] 096001 951006 .8214+.029 9881004 .910+.010 .6994.038
CPN 097001 967004 09283011 990001 917009 . 7721037




Performance of Rejecting Noise Images

randomly re-combining
*  image blocks.

GNs SNs
CIFAR-10  ImageNet-100  CIFAR-10  ImageNet-100

softmax .889+.004 998+.002 931+.002 .8631.009
CPN (PR) .905+.013 .998=+.002 8924002 825041
CPN (DR) .916t.021 998+.002 H38L.004 893 L.012

method

PR: posterior probability-based rejection
DR: distance-based rejection, relevant to density-based

Softmax still performs fairly well because outlier patterns can be rejected as
ambiguous (comparably close to two known classes)
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CPN in Class Incremental Learning

* Class incremental learning: model tuned on data of new classes, — — — — sosorsousan voore tanig new s
suffers from catastrophic forgetting (overfitting on new classes) g
— Deep models are more sensitive to forgetting because of feature ‘h ' \
representation tuning y :
e Convolutional prototype network (CPN) in incremental learning i mieaiovulprstBugr
- Plrototypes function as Gaussian distributions, generate samples of old Prototype augmentation
Classes to restrain the decision
— No need of storing samples of old classes boundary of old classes

_.="% old prototypes
. (one perclass)

A(0,1)

new classes old prototype

@ O noise

LIJ*"

augmented.f)rototype

Zhu, Zhang, Wang, Yin, Liu, Prototype Augmentation and Self-Supervision for Incremental Learning, CVPR 2021.



i : : :
N
etuning (b) LwF
(c) LwF-MC (d) protoAug (ours)
ProtoAug keeps old class distributions and separability.
CIFAR-100 (5 phases) CIFAR-100 (10 phases) CIFAR-100 (20 phases)
80 [ T T T T T 80 [ T T T T T T 80 I 2 v T T EWC
—6—LwF
> s .
= 3 3 —&—MUC
&40} @ 40} @ 40 } —6— protoAug
oy e T - = = +iCaRL-CNN
Q. o - - ¥
220} 220} S0} it
8- - = =UCIR
A A e s A A 0 A i AL L L L 0 i L i i L
50 60 70 80 90 100 50 60 70 80 90 100 40 52 67 82 97
number of classes number of classes number of classes

ProtoAug outperforms previous non-exemplar based methods and performs comparably
with exemplar-based methods.



CIL via Dual Augmentation

* Class augmentation (classAug)

20

. — Baseline
— Randomly interpolates two samples from two classes to general a g ] — Mixup
new sample representing a new class 3. — G
— This can increase the intrinsic dimension of the learned §.=« — classAug
representation -
* Semantic augmentation (semanAug) 0+=

0 IO 2{} 3040 60 ?G'

d f t
— Generate samples for old classes from prototypes RS s
— Upper bound loss for old classes when generating infinite number
of samples

1 Cotd Ewiﬂn+byi Cotd Caii AT
j:: TP f— E —lo ] : E lo ’u.- _w'i-’i it (0e—by,
Cold C.n s .
o 4

=1

1 Cotd Cat . T 5
= E ng E e Ve, y Fitthe }+ 2 Ve eptem = ﬁt,sernun;‘iug-
Cola

Zhu, et al., Class-Incremental Learning via Dual Augmentation, NeurlPS 2021. 35



class augmentation

e e

A€[04.06]

1-4

= e e = e e e = e

mini-batch

new classes of current task

!"i | old feature space
| o

[ 1 1 A LY

1 = —_—

i fr..l.-."""l i —, NEW 1
[ i AW 2

feature extractor

semantic augmentation

~7 generate implicit infinite deep
features for cld classes

*
e, e e e i

classifier

w/ semanticAug

L
~ < old class

wfo semanticAug

= Eft.,new i ﬂﬁt,semanﬂug - 3 ;ﬁﬁt,kd

b CIFAR-100 (5 phases)

number of tasks

Tiny-ImageMet (5 phases)

1 2 3 4 5 (i}

number of tasks

Comparable performance with previous methods which stores samples for old classes.

accuracy (%)

accuracy (%)

CIFAR-100 (10 phases)

m
i

hhhhhhhhh

W o
n
i

1 2 3 4 5 6 7 8 9 10 1
number of tasks

CIFAR-100 (20 phases)

— MAS
— LwF-MC

— Lwi
— MUC
—TIL2A(ours)
=== jCaRL-CMNMN
= =iCaRlL-NME
== EETL
= =LUCTIR

1234567 89101112131415161718192021

number of tasks

Tiny-ImageMet (20 phases)

— MAS
— LwF-MC
MUC
—TL2A{ours)
=== iCaRl -CNN
= = jCaRL-NME
= =FETl.
==lUCIR

1 2 3 4 5 6 7 8 9 10 11
number of tasks

12345678 9I101112131415161718192021
number of tasks
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Future Work

* More problems in open world recognition
— Robustness to adversarial sample
— Exploring new classes
— Non-stationarity (changing distribution)
— Small sample, long-tailed incremental learning
— Multi-modal cooperation

* How to realize human-like learning
— Objective: explainable, robust, small sample, incremental, adaptive
— Generative model, structural
— Low-level feature pre-trained?
— Controlled forgetting and adaptation
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