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Introduction

Recent Advances in Open Set Recognition: A
Survey

Chuanxing Geng, Sheng-Jun Huang and Songcan Chen

Abstract—In real-world recognition/classification tasks, limited
by various ohjective factors, it is usually difficult to collect
training samples to exhaust all classes when training a recognizer
or classifier. A more realistic scenario is open set recognition
(O5R), where incomplete knowledge of the world exists at
training time, and unknown classes can be submitted to an
algorithm during testing, requiring the classifiers to not only
accurately classify the seen classes, but also effectively deal
with the unseen ones. This paper provides a comprehensive
survey of existing open set recognition techniques covering var-
ious aspects ranging from related definitions, representations of
models, datasets, evaluation criteria, and algorithm comparisons,
Furthermore, we briefly analyze the relationships between OSR
and its related tasks including zero-shot, one-shot (few-shot)
recognition/learning techniques, classification with reject option,
and so forth. Additionally, we also overview the open world
recognition which can be seen as a natural extension of OSR.
Importantly, we highlight the limitations of existing approaches
and point out some promising subsequent research directions in
this field.

Index Terms—Open set recognition/classification, open world
recognition, zero-short learning, one-shot learning.
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Fig. 1. An example of visualizing KKCs, KUCs, and UUCs from the real
data distribution wsing t-SNE. Here, "1")3°4""5°"0" are randomly selected
from PENDIGITS as KKCs, while the remaining classes in it as UUCs.
U1 QU are randomly selected from LETTER as KUCs.

as negative samples for other KKCs), and even have the
corresponding  side-information hike semantic/attribute
information, etc.;

2) known unknown classes (KUCs).
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» Kind of Class

—>
High

Knowledge of Domain
(Understanding)

<«
Low

Knowns Knowns
(KKC)

Data B
Label B

Knowns Unknowns
(KUC)

Data B
Label

Unknowns Knowns
(UKC)

Data #
Label B

Unknowns Unknowns
(UUC)

Data
Label B

Knowledge of State

High

(Data available)
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% Example : Scuba-diving in Ocean
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% Example : Scuba-diving in Ocean
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% Various Open Set Recognition Methods

Setting - )
Task Training Testing Goal
Traditional classification KKC KKC Classifying KKC
e . Classifying KKC &
\(/:vliﬁslgg:f;ltog) tion KKC KKC rejecting samples of
) P low confidence
One-class Classification KKC & few or none outliers KKC &

(Anomaly Detection)

from KUCs

few or none outliers

Detecting outliers

One-shot Learning

KKC & a limited number of

(Few-shot Learning) UKCs’ samples UKC Identifying UKC
. KKC & e .
Zero-shot Learning . . KKC & UKC Identifying KKC & UKC
semantic-information
Open Set Recognition KKC KKC & UKC Identifying KKC &
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% Example
Setting
Task / eZl
Pi= Sk 7
Traditional classification J=1
Label index = argmax[p;, D2y eees Dic]
Probability
Sample Class
Dog Cat
1 ¢0.97 3 0.03 Dog
2 0.01 | ¢ 099 3 cat
3 023 077> cat
4 037 | 063 > Ccat

s

————————
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% Example

Setting
Task

Classification
with Reject Option

reject, if Softmax(x;) < 6

Class = { argmax|,, if Softmax(x;) = 6
6 = Threshold
Sample Probability .
Dog Cat
1 O.§7 0.03 > Dog
2 0.01 0.99 —+— Cat
3 0.23 0.77 —+— Cat
4 0.37 ::(:):6:32::) Unknown
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Setting
Task

odel-agnostic meta-leaming for fast

adaptation of deep networks

219.07. 19
Data Mining 3: Quality Anabytics Lab.

ssd

) Model-agnostic meta-learning for fast ad

YR A} e. D
One-shot Learning <.
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% Example
w |
JEB [ Why Zero Shot ? ]
1) Al M A|CH & Data & 42| A|LCH
(5 B2 Class/7 2R)
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3) A= 7| & Classification2| & 42}
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w i |
Task [ Why Zero Shot ? ]

1) Al M A|CH & Data & 42| A|LCH
(HF B2 Class7t 22)

2) Y= ClassO| L3t Label2 M E7+2H0| 7t

Zero-shot Learning
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% Wafer Bin MAP (WBM) Classification

> Center / Edge / Loc etc 7|E2| Pattern= & &5 SFAH!

But!! Al2-2 PatternO| L2 LCHH?

[ Structure ]

Normal
Input WBM / 9 Center
= 90 9
09
..EE=. :E.‘ H s> s P?hbab:it}!d . Edge
f > Thresho ;
20
9 9
e 5 Full fail
. Scratch
Convolution + RelU ¢ Max pooling 2x2 @ Fully Connected
Probability > Threshold -+ Probability < Threshold “q Ring
-46 /72 -
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Success 6 MAX
Fail
—— e N B
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% Wafer Bin MAP (WBM) Classification
> Center / Edge / Loc etc 7|E2| Pattern= & &5 SFAH!

But!! Al2-2 PatternO| L2 LCHH?

B Original Classification _ Proposed Classification (by max) _ Proposed Classification (by stdev)
<] 0 9 0 0 0 o 99 0 4 0 0 31 o 0 0 7 0 0 22
2 2 =
2 2 2
< 5 s W 1 0 0 c 3 N 1 0 o | 16 < 3 2 0 0o | 11
(@] (@] (@]
T @ T @ T o
_§ S 16 4 4 0 0 _§ 5 4 2 6 1 0 33 % S 5 2 60 1 0 28
[T [T [
S« S5 = S
s = 1 1 3 20 1 0 = = 0 1 1 16 0 8 s = 0 1 1 17 0 7
[V [V w
ey ey ey
(] (] (]
® 0 3 2 1 5 0 ® 0 1 0 1 3 6 ® 0 2 0 1 4 4
Q (8] Q
(%] (%] w
®El 0o 2 o | 15 HT ®sl 0 0o o 2 | 36|44 ®:l 0 o o 3 [ 4] 39
Normal Center Edge Full fail Scratch Ring Normal Center Edge Full fail Scratch Ring Normal Center Edge Full fail Scratch Ring
(New) (New) (New)
Predict label Predict label Predict label
O Number of samples found a new pattern The number of samples that require reclassification
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DOC : Deep Open Classification of Text Documents

DOC: Deep Open Classification of Text Documents

Lei Shu, Hu Xu, Bing Liu
Department of Computer Science
University of [llinois at Chicago

{Ishu3, hxu48, liub} @uic.edu

Abstract

Traditional supervised learning makes the
closed-world assumption that the classes
appeared in the test data must have ap-
peared in training. This also applies to text
learning or text classification. As learning
is used increasingly in dynamic open envi-
ronments where some new/test documents
may not belong to any of the training
classes, identifying these novel documents
during classification presents an important
problem. This problem is called open-
world classification or open classification.
This paper proposes a novel deep learning
based approach. It outperforms existing
state-of-the-art techniques dramatically.

not know. This paper proposes a novel technique
to solve this problem.

Problem Definition: Given the training data
D = {(x1,y1), (x2,42), .- ., (Xn,yn) }, Where x;
is the 7-th document, and y; € {l1,la,...,ln} =
YV is x;’s class label, we want to build a model
f(x) that can classify each test instance X to one of
the m training or seen classes in ) or reject it to in-
dicate that it does not belong to any of the m train-
ing or seen classes, i.e., unseen. In other words,
we want to build a (m + 1)-class classifier f(x)
with the classes C = {ly, la, . . ., l;n, rejection}.

There are some prior approaches for open clas-
sification. One-class SVM (Schélkopfetal., 2001;
Tax and Duin, 2004) is the earliest approach.
However, as no negative training data is used, one-
class classifiers work poorly. Fei and Liu (2016)
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» DOC : Structure

A N N N, /
O [ A S W s CAN R
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N | )/
|| |} —
| m
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v

> 2t Class 2 £ SigmoidE | & &zt -2 Z=0
(LT A 2l Multi-task =& 7| = Softmax AF-E)
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% DOC : Example

4+ Normal P
Donut o
A — O
,,,,,,,, - o _.
— i Edge
Location > b
— -O—
Center 2
O

> 2t Class 2 2 SigmoidE X & 2dst et 2 =0
(DA Cl Multi-task = 7| = Softmax AfHE)

> 2t yFE sgg e A
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% DOC : Example

: | E—
> Zb Class E £ SigmoidE %|S 2d2
(™Al Multi-task = F 7| = Softmax AFE)
> 2 HFEE = ES M2 ALt
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% DOC : Training

/// 5

Loss 1: 0

4 Normal et

©° | Loss?2

%
o i il Loss 3.
L 4 Edge 4 b -1
J o [Lloss4 g
Location i B < >
L A a ¢

A

Loss 5; 0

1 Center R

Total loss = Y'7_, Loss i
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% DOC : Training

B I Loss1 O
4 Normal {}/ —
- 14 1 Loss 2 0
Donut 0= i T
" 7 — / ¢< Loss 3, 1
— ! Fdee i
| L i > / M O
ocation — (o "
i A Y—L}- Loss >, ¢
I Center foi;/a h '

Total loss = Y'7_, Loss i
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¢ DOC : Threshold (9)

Loss 1: 0

Ll | - Loss2

Loss 3= 1

Loss 4 0
<—>

Loss 5; 0

5 28 0 = . Total loss = Y,>_; Loss i

X
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¢ DOC : Threshold (9)

Loss 1: 0

Loss 2 0

Loss 3= 1

Loss 4 0
<—>

Loss 5; 0

o
[
[
o
[
o

¢ | Totalloss=Y?;_, Loss i

X
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DOC : Deep Open Classification

¢ DOC : Threshold (9)

1. Assume the predicted probabilities p(y =
l;xj,y; = [;) of all training data of each
class 2 follow one half of the Gaussian dis-
tribution (with mean p; = 1), e.g., the three P(y=l;ld;) - S B T
positive points in Fig. 2 projected to the d) 0
y-axis (we don’t need d;). We then artifi- + positive el o
cially create the other half of the Gaussian - hegative -,
distributed points (> 1): for each existing o unseen MP
point p(y = l;|x;,y; = [;). we create a mir-
ror point 1 + (1 — p(y = L;|x;,y; = [;) (not
a probability) mirrored on the mean of 1. 02t

d;

=
4

4'.------

2. Estimate the standard deviation o; using both _._-9-..!~
2 1

the existing points and the created points.
Figure 2: Open space risk of sigmoid function and

desired decision boundary d; = T  and probability
threshold ¢;.

3. In statistics, if a value/point is a certain num-
ber («v) of standard deviations away from the
mean, it is considered an outlier. We thus set
the probability threshold #; = max(0.5,1 —
ao; ). The commonly used number for av is 3,
which also works well in our experiments.
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DOC : Deep Open Classification

1) Class i2| 0|5 =& p(y = L1, y;=1,)0I
XM}
=

7tAl 20| "ot MELCt 71

[ —————————————— -
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DOC : Deep Open Classification

1) Class i2| 0|5 && p(y = ;| x;, y;=1,)0I
X

7tAQt 20| ERS MHECH 7P

2) 71E2 E p(y = Lilxj, y;=1;)0l CHsH
o o o0 & HE Usr
mirrored point = 1+ (1 — p(y = l;|xj, y;=1,))

ex) p(y = ;| x;, y;j=l;)> mirrored point = 1.2

-60/72-

&N

=

+.!

Data Mining 8
Quality Analytics &2

b4 ma



DOC : Deep Open Classification

1) Class i2| 0| % ZE p(y = ;| x;, y;=1;)0I
XM}
=

7tAl 20| "ot MELCt 71

2) 71E2 E p(y = Lilxj, y;=1;)0l CHsH
B2 0 0|2{Y B M U=}
mirrored point = 1+ (1 — p(y = l;|xj, y;=1,))
ex) p(y = ;| x;, y;j=l;)> mirrored point = 1.2
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DOC : Deep Open Classification

1) Class i2| 0| % ZE p(y = ;| x;, y;=1;)0I
XM}
=

7tAl 20| "ot MELCt 71

2) 71E2 E p(y = Lilxj, y;=1;)0l CHsH
B2 0 0|2{Y B M U=}
mirrored point = 1+ (1 — p(y = l;|xj, y;=1,))
ex) p(y = ;| x;, y;j=l;)> mirrored point = 1.2
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DOC : Deep Open Classification

1) Class i2| 0| % ZE p(y = ;| x;, y;=1;)0I
XM}
=

7tAl 20| "ot MELCt 71

2) 71E2 E p(y = Lilxj, y;=1;)0l CHsH
B2 0 0|2{Y B M U=}
mirrored point = 1+ (1 — p(y = l;|xj, y;=1,))
ex) p(y = ;| x;, y;j=l;)> mirrored point = 1.2
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DOC : Deep Open Classification

1) Class i2| 0| % ZE p(y = ;| x;, y;=1;)0I
XM}
=

7tAl 20| "ot MELCt 71

2) 71E2 E p(y = Lilxj, y;=1;)0l CHsH
B2 0 0|2{Y B M U=}
mirrored point = 1+ (1 — p(y = l;|xj, y;=1,))
ex) p(y = ;| x;, y;j=l;)> mirrored point = 1.2
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DOC : Deep Open Classification

1) Class i2| 0| % ZE p(y = ;| x;, y;=1;)0I
XM}
=

7tAl 20| "ot MELCt 71

2) 71E2 E p(y = Lilxj, y;=1;)0l CHsH
B2 0 0|2{Y B M U=}
mirrored point = 1+ (1 — p(y = l;|xj, y;=1,))
ex) p(y = ;| x;, y;j=l;)> mirrored point = 1.2
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DOC : Deep Open Classification

1) Class i2| 0|5 && p(y = ;| x;, y;=1,)0I
=
=

1At 2EO| MHutZ [}ECtD 7}

2) 71E2 E p(y = Lilxj, y;=1;)0l CHsH
g 170 0|23 ¥ HS UEC

mirrored point = 1+ (1 — p(y = li|xj, y;=1,))
ex) p(y = ;| x;, y;j=l;)> mirrored point = 1.2

4) BDOC(ti) = max(O. 5 1—-a- O'l')

a= UHI O 2 32 Al
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DOC : Deep Open Classification

¢ DOC : Threshold (9)

P(y:“dl} lt:: ‘_ - ____,:,- - —

of 9
- negative r 0 :
O unseen 0.6 9 I
] 1
or
; 1
g
-1 1
Q | '

e ® = T — g

Figure 2: Open space risk of sigmoid function and
desired decision boundary d; = T and probability
threshold #;.

v UM 9Ol Sigmoid func.2| A 452 0.50|Ct
v’ Train0| & 7}5HX| %2 Unseen E20f Lot 252 102 44

v DOC= YA 2l Unseen =0 LS =& S 118 ot Z7 4= MEE
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DOC : Deep Open Classification

4

% DOC : Example

~+ Normal fisif
B
.=r;fl \.\ Donut , _ i L
/uan N il
i1 f —>
] | Edge R
j — -
Ry | [yl
- ocation " 1
|| (il
"} Center e
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DOC : Deep Open Classification

» DOC : Test

Data-set 1 Data-set 2
DOCU. News Review
Class 20 50
# of Samples 1000 1000
(in 1 class)
L Train ‘ll Valid ‘l‘ Test ‘l
! 60% ' 10% | 30% !
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DOC : Deep Open Classification

» DOC : Test

Table 1: Macro-F}

scores for 20 newsgroups

Table 2: Macro-F', scores for 50-class reviews

e of seen classes | 25% | 509% | 75% | 100% ¢ of seen classes | 25% | 30% | 75% | 100%
chsSVM 593 | 70.1 | 72.0 | 85.2 chbsSVM 557 | 615 | 586 | 634
OpenMax 357 | 599 [ 76.2 | 91.9 OpenMax 416 | 570 | 642 | 69.2
DOC (t = 0.5) 759 | 84.0 | 87.4 | 926 DOC (t = 10.5) 50.1 | 636 | 66.2 | 69.8
DOC 82.3 | 852 | 86.2 | 92.6 DOC 61.2 | 648 | 666 | 69.8

> Unknown= 0| 7}X| 1
> DOCZ} poc(t = 0.5) ECt 50| =C}

-70/72 -

&N

ol Bl E M X{3}7} ®C}

Data Mining .Q,
Quallity Analytics @ *” r\'a



5. Conclusion

Data Mining .
0’:‘. Quality Analytics h-a



Conclusion

X/

% Conclusion
@ Open set Of CHet 7H'E S Open set2 Z0{LH7| ISt DATAC| BRE &5
Datal| 72 &HE 7ts Open set siZ 7|H0|| CHs|
Multi-class Open set &A|0 Z& 2t DOC 7|'E= Olshiet
7|& Softmax Ci4! Multi-taskE 0|8 7|H#0| SO|2JH2H

2 e AR MR XET 4 S0l 94 US

oh Al 280 CioiA= o2 CHE OtOIL|07t U= =+ US

@@@@@

ot

s oOFS
W ST 7:”

X

rot

==

@ ¥ Z21 WBM 25 A0l DOC & &
@ 7|1E 2 vs 7|E} Multi-tasking 2 &4} H| !
(3 ClassE LI2I0|EHE 2 St= HE F& OfH| Z=fe H[W

-72/72 - Data Mining .e,
..}D Quality Analytics 0’, r\.d



N

Data Mining .
Quality Analytics ®®

thcol



