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Motivation
P

Supervised learning Labeled

* Classification data

* Regression Semi-

supervised
+ - learning

Unsupervised learning (SSL)

° Clustering Unlabeled

* Dimensionality reduction data
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Labeled

- Labeling is expensive and laborious emi-
(especially for structured outputs) ervised
- Unlabeled data are cheap and abundant. irning

SSL)

SSL for SOP has high practical utility!
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1 L]
= SSL for classification tasks
I
Descriptive space Target space
Example 1 1 .~ TRUE | 049  0.69 Yes

Example2 | 2 FALSE 008 007 | ?
Example3 | 1 FALSE 008 007 | ?
Exampled | 2 TRUE | 049 069 | Yes
Example5 | 3 TRUE 049 069 [ | No
_Bemple6 | 4 | FASE 008 007 | 7

07.9.2016 MAESTRA - Learning from Massive, Incompletely annotated, and Structured Data 5



-=--I
mm SSL for regression tasks
i
Descriptive space Target space
Examplel| 1 TRUE 049 069 | 084
Example2 | 2 FALSE 0.08 = 0.07 | P
Example3 | 1 = FALSE 0.08 = 0.07 | 011
Exampled | 2 TRUE = 045 = 063 | P
Examples | 3 TRUE = 045 = 065 | P
Example6 | 4 FALSE 0.08 = 0.07 | | 0.78
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N
= SSL for multi-label classification
I
Descriptive space Target space

Examplel | 1~ TRUE 049  0.69 I
(Bample2 | 2 FAISE 008 007 | O 1 1
""" Example3 | 1 FALSE 008 007 | ? 2 2
(Bample4 | 2 TRUE 049 06 | 1 0 1
""" Example5 | 3 TRUE 049 = 069 | ? 2 2
(Bample6 | 4 | FASE 008 007 | 1 0 0
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1Ll
-=- SSL for multi-target regression
I
Descriptive space Target space

Examplel| 1 = TRUE 049 = 0.69 > 2 ?
Bample2| 2 FALSE 008 007 | 056 099 759
Example3| 1 FALSE 008 007 | ? 2 2
Bampled| 2 TRUE 049 069 | 008 077 886
Example5| 3 TRUE 049 069 | 2 P P
Bample6| 4 | FALSE 008 | 007 | 043 210 809
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Global models Local models

Model 1 Model 2 Model 3

* Can catch dependencies among the target variables
e Can “smooth” prediction function

* Avoiding large discontinuities of the prediction function
(Torgo, 1999; Quinlan, 1992)

 Better predictive performance, computationally more
efficient, produce simpler models and overfit less

Global
models
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Unlabeled data is a complementary way to “smooth” the prediction function

Semi-supervised smoothness assumption

»If two points x; and x; in a high density region are close, then also
their outputs y; and y; should be close”

X e * Unlabeled data

X . ')g* . « Labeled data
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-=- Existing approaches

Semi-supervised learning
e Majority of work is dealing with classical (unstructured) classification tasks

e SSL for SOP largely unexplored

Kernel based approaches (semi-supervised support vector machines):
* (Xu and Schuurmans, 2005; Altun et al., 2006; Zien et al., 2007, Brefeld et al., 2008)

Graph based SSL methods for SOP:
* (Zha et al., 2009; Subramanya et al., 2010)

Other approaches: Hidden Markov Models with Latent Dirichlet Allocation (Li and McCallum, 2005),

Conditional Random Fields (Jiao et al., 2006, Wang et al., 2009), Hybrid generative/discriminative approach for
sequence labeling (Dhillon et al., 2011), Weight space based graph regularization (Dhillon et al., 2012)

07.9.2016 MAESTRA - Learning from Massive, Incompletely annotated, and Structured Data 11



HE N
-=-IExisting approaches: [ssues

1) High computational complexity
* Not applicable to large datasets and problems with large-size outputs

2) Un-interpretable models
* Majority are kernel based methods

3) Focus only on a specific type of structured output
* e.g., sequence learning

4) Methods are applied and evaluated only on specific domains
e Text-mining and related domains
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-=- MAESTRA: Extend PCT framework towards SSL
|

Predictive Clustering framework

* Efficiently solving various SOP tasks: multi-target prediction, hierarchical multi-label
classification, and time-series prediction

» Several possibilities for extension towards semi-supervised learning

Goals:

1) Develop SSL methods within the PC framework efficient in terms of predictive power
and computational complexity

2) Retain current interpretability of models in the PC framework
3) Develop SSL methods that can handle various types of SOP tasks

4) Evaluate methods in various domains (eco. modeling, comp. sys. Biology,
chemoinformatics, etc.)
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Target space

@e ¢

@e 9

|
Predictive clustering
_

Descriptive space

Predictive modelling

Target space

Descriptive space

Clustering

Target space

Descriptive space

Predictive Clustering
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Predictive clustering trees

Implemented in the CLUS system (KU Leuven & JSI)

The tree is a hierarchy of clusters

Heuristic score: minimize intra-cluster variance

Instantiation of the variance for different tasks

procedure PCT(E) returns tree

1:
2:
3:

4:
5:
0:
T

(t*, h*,P*) = BestTest(E)
if t* # none then
for each E; € P* do
tree; = PCT(E;)
return node(t*, | J;{tree;})
else
return leaf(Prototype(E))

procedure BestTest(E)

1: (t*, h*,P*) = (none,0,0)

2: for each possible test t do

3: P = partition induced by t on E

E;
4 h=Var(E) - Cgep g Var(E)
b: if (h > h*) A Acceptable(t,P) then
6: (t*, h*, P*) = (t, h,P)

7: return (t*, h* P*)
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Predictive clustering trees
|

* Implemented in the CLUS system (KU Leuven & JSI)
* The tree is a hierarchy of clusters
 Heuristic score: minimize intra-cluster variance

e |nstantiation of the variance for different tasks

procedure PCT(E) returns tree procedure BestTest(E)

1: (t*, h*,P*) = BestTest(E) L. (t*, h*,P*) = (none, 0, )

2: if t* # none then 2: for each possible test t do

3: for each E; € P* do 3: - e

4: tree; = PCT(E,') 4-

5 return node(t*, | J.{tree; 5: a N0
6f else 6: (t*, h*,P*) = (t, h,P)
7 return leaf(Prototype(E)) 7: return (t*, h*, P*)

17



PCTs Instantiations

* Multi-target regression
* Prototype: Average

;
* Variance: Var(E) = > Var(Y;)
=1

* Multi-target classification/Multi-label classification
* Prototype: Probability distribution 7«:-jnd Majority vote

| T
* Variance: Var(E) = ) Gini(E, Y;) or Var(E) = ) Entropy(E,Y))
i=1 =1

* Hierarchical multi-label classification
* Prototype: Average with a threshold for class membership

* Hierarchy type: tree or DAG B
e Variance: Var(E) = ﬁ : ZE;EE d(L;, L),

d(Ls, L) = /S w(er) - (Luy — La)?, wier) = wo - w(par(c:))
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07.9.2016

]
Supervised PCTs
_

yes

| Temperature > 19.3°C |

COCE 19.7
CSCU 11.2
NSROT 5.2
NPRE 4.2
NROT 3.7
CJUR 2.2
DMAU 2.1

no

no

no
R ®
COCE 3.45 COCE 12.0
CSCU 1.24 CPLA 9.5
DMAU 0.72 NPRE 9.5

yes

COCE 36.09
CSCU 10.09
DMAU 6.0
CJUR 4.09
NSROT 3.36
NROT 3.0
NPRE 1.91
APED 1.45
STPNN 0.27
CPLA 0.0

Temperature > 15.5°C
I |

COCE 27.8
CSCU 11.84

NSROT 4.61
CJUR 4.2
NROT 3.72
APED 3.38
DMAU 1.98
NPRE 1.98
STPNN 1.69
CPLA 0.99

yes

no

yes

//
CPLA 16.0
APED 3.89
NSROT 2.11
COCE 1.44
STPNN 1.11
CJUR 0.56
CSCU 0.56

no

Y
COCE 35.63
CJUR 9.49
CSCU 7.89
NSROT 3.18
APED 2.35
STPNN 2.28
DMAU 1.93
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|
Supervised PCTs
_

Maximize

variance
reduction

07.9.2016

yes

| Temperature > 19.3°C |

COCE 19.7
CSCU 11.2
NSROT 5.2
NPRE 4.2
NROT 3.7
CJUR 2.2
DMAU 2.1

Variance of a parent node

h=Var(E) = > g cp

yes

yes
no

no
Total P > 9.485
yes no
e R ®
COCE 3.45 COCE 12.0
CSCU 1.24 CPLA 9.5
DMAU 0.72 NPRE 9.5

|

COCE 36.09
CSCU 10.09
DMAU 6.0
CJUR 4.09
NSROT 3.36
NROT 3.0
NPRE 1.91
APED 1.45
STPNN 0.27
CPLA 0.0

Temperature > 15.5°C
I |

COCE 27.8
CSCU 11.84

NSROT 4.61
CJUR 4.2
NROT 3.72
APED 3.38
DMAU 1.98
NPRE 1.98
STPNN 1.69
CPLA 0.99

yes

no

yes

/
CPLA 16.0
APED 3.89
NSROT 2.11
COCE 1.44
STPNN 1.11
CJUR 0.56
CSCU 0.56

no

Y
COCE 35.63
CJUR 9.49
CSCU 7.89
NSROT 3.18
APED 2.35
STPNN 2.28
DMAU 1.93

Sum of variances of child nodes

1
|E; |
| E|

|

Var(E;)
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L
- lS pervised PCTs

NOs > 2.65
yes no
ITempera.ture > 15.5°C|
yes no yes no
| Temperature > 19.3°C | COCE 36.09 COCE 27.8 |NO3 > 2.16)
CSCU 10.09 CSCU 11.84 2
yes no DMAU 6.0 NSROT 4.61 yes no
CJUR 4.09 CJUR 4.2 - i
COCE 19.7 Total P > 9.485 NSROT 3.36 NROT 3.72 CPLA 16.0 COCE 35.63
CSCU 11.2 NROT 3.0 APED 3.38 APED 3.89 CJUR 9.49
- NSROT 5.2 yes no NPRE 1.91 DMAU 1.98 NSROT 2.11 CSCU 7.89
Maximize NPRE 4.2 A o APED 1.45 NPRE 1.98 COCE 1.44 NSROT 3.18
NROT 3.7 el g Oo0n o0 STPNN 0.27 STPNN 1.69 STPNN 1.11 APED 2.35
1 CJUR 2.2 " . CPLA 0.0 CPLA 0.99 CJUR 0.56 STPNN 2.28
variance DMAU 2.1 DMAU 0.72 NPRE 9.5 CSCU 0.56 DMAU 1.93

reduction

Variance of a parent node

|

Sum of variances of child nodes

h=Var(E) = > g cp

07.9.2016 ;
=1

|

L
|_E|| Var(E;)

Average of the variances of
the target variables
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Semi-supervised PCTs
B

Variance function of semi-supervised PCTs:

T D
Var(E) = T—l-% -l we Z VClT(Yl) +(1-w)- Z VCLT(X]')
i=1 j=1

T = #target attributes, D = #descriptive attributes, w = weight parameter

Variance is calculated on both target and descriptive side

07.9.2016 MAESTRA - Learning from Massive, Incompletely annotated, and Structured Data
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HEN
-=- Semi-supervised PCTs: mixed attributes
]
Extended variance function:
Ty Tho
W . -
Var(E) = T ; Var(Y;) + ; gini(Y;)
(1-w) (& S
—w
+ D 1D 2 Var(X;) + z gini(X;)

j=1 j=1

T,,,, = #numerical target attributes, T,,, = #nominal target attributes
D,,,, = #numerical descriptive attributes, D,,, = #nominal descriptive attributes

07.9.2016 MAESTRA - Learning from Massive, Incompletely annotated, and Structured Data
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-=- Semi-supervised PCTs: mixed attributes

Extended variance function:

Thu Tho
w
Var(E) = ———— Z Var(Y,) + 2 gini(Y)
nu T Ino i—1 i=—1 We are (potentially)
— mixing apples and
(1 B W) Dpy Dno oranges
4 - z Var(X;) + z gini(X,)
Dy + Do - g = !

e

T,,,, = #numerical target attributes, T,,, = #nominal target attributes
D,,,, = #numerical descriptive attributes, D,,, = #nominal descriptive attributes

07.9.2016 MAESTRA - Learning from Massive, Incompletely annotated, and Structured Data 25



Semi-supervised PCTs for SOP
]

Extended variance function:

Tnu V (Y ) TnO . . (Y )
ar\y; INL\ 1;
Var(E) = : 4 Z .g —
Tnu + Tno =1 Vartrain (Yl) — JMlirain (Yl)

Dnu DTLO s a
N (1—w) Var(X;) N gini(X;)
Dnu + Dno =1 I/'artrain (Xj) =1 ginitrain (Xj)

T,,,, = #numerical target attributes, T,,, = #nominal target attributes
D,,,, = #numerical descriptive attributes, D,,, = #nominal descriptive attributes
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Target space

L PCTs: Smoothness in the target space

= = Supervised tree
------- Semi-supervised tree
X Labeled examples

e Unlabeled examples
: ]

|
"__] i
: X 1 ' . X
: 1 :
lel J . ><
......... - :
e P
T | :
- SN T
:I M .
; ........ r._ :
e Xi
e X P
wxail X !
L L : ' 1 § L
X X X 2 X | X . X X
- L ] [ X a1 I N ¥ ] E L] -.h E L e N 1 N 1 J
o min f Th
— [11: ] :
Descriptive space
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SL PCTs: Smoothness

= = Supervised tree
------- Semi-supervised tree
X Labeled examples
e Unlabeled examples
: ]

Target space

l

X ' X
T [
oo : |
:1 L .
:. -------- ro: :
HX X I
Gax i :
TR X : l
wxail o X !

L L : l L : L

X X X E X | X X X

- L ] L 1 a1 X _ _ N N} E L] ..h. E L e N 1 N 1 J
o Mo e b o HT
— [11: ] :
Descriptive space

07.9.2016

In the target space

Supervised prediction function

« s+« s Semi-supervised prediction function

% Labeled examples
e Unlabeled examples (with true labels)
Supervised MSE = 0.54
« Semi-supervised MSE = 0.09 R
B [
Q . .
g X r <X
w2 i oo ,'n oPe oo L
N [ ] o0
g)ﬂ g X r X ..
E H X o 0y ¢ 5
p— - -— - ‘ - - -
i x =0 @ “ o0 .....l .‘ ... .0
®
3 x Xo °
X X X X X X X
o [ ] o0 'GDeN 8e @ G0N o © 06 e
= rﬂ—l} 1110 rl_m—\ rrrl'l‘l_l'l

Descriptive space

MAESTRA - Learning from Massive, Incompletely annotated, and Structured Data
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L
= SSL PCTs extensions
|

* Multi-target regression

* Binary classification
 Multi-class classification
 Multi-label classification

07.9.2016 MAESTRA - Learning from Massive, Incompletely annotated, and Structured Data
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Semi-supervised PCTs for MTR
i

Variances of individual target (Y;) and descriptive (X;) attributes:

N—1 oy 2 1 2
Ki_1° j=1(yij) _N.(Fi. j=1yij)

N

N = number of examples, K; = number of examples with non missing values

Var(Y;) =

07.9.2016 MAESTRA - Learning from Massive, Incompletely annotated, and Structured Data
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HEN
-- m Semi-supervised PCTs for MTR

Variances of individual target (Y;) and descriptive (X;) attributes:
N—1 oy 2 1 oy 2
Ki_1° j=1(yij) — N (K j= 1yl])
Var(Y;) = N

N = number of examples, K; = number of examples with non missing values

Extreme cases (K= 0):
(1) leafs of the decision tree may contain only unlabeled examples

(2) the calculation of variance for attribute which has only missing values

07.9.2016 MAESTRA - Learning from Massive, Incompletely annotated, and Structured Data

31



|
How we handle extreme cases?

estimation of variance with variance of the parent node
Moderate penalization = medium sized trees

estimation of variance with variance on the entire training set
Maximal penalization = small trees

ignoring such attributes
No penalization — large trees

Var(E) =

T D
— | W Var(Y:;) + (1 —w -ZVarX-
— Z () +( ),-_1 X))

T,D = #target/descriptive attributes with K; > 1

07.9.2016 MAESTRA - Learning from Massive, Incompletely annotated, and Structured Data
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= Feature weighted semi-supervised PCTs

Problem: Irrelevant descriptive attributes may hurt performance!

Solution: Weight them by feature ranks

Var(E) = T D 2 Var(Y;) + (1 —w) - z i - Var(X;)

g; = normalized feature importance (e.g.,Random forest feature ranking)
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= Experimental design

* 6 variants of semi-supervised PCTs
e SSL-PCT,, SSL-PCT,, SSL-PCT,
e SSL-PCT-FR,, SSL-PCT-FR;, SSL-PCT-FR

 Comparison to two baselines on 10 MTR datasets
e Standard supervised PCTs (Base-PCT)
e Supervised counterpart of SSL-PCTs (SL-PCT, SL-PCT-FR)

* We explore the influence of the amount of labeled data
e 25,50, 100, 200 labeled examples
* 1%, 5%, 10%, 30% labeled examples

* Transductive evaluation scenario: unlabeled examples = test examples
* 10 runs with different random initialization

07.9.2016 MAESTRA - Learning from Massive, Incompletely annotated, and Structured Data
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|
Results: Statistical analysis

Average ranks diagrams, absolute number of labeled examples

o 5 4 3 2 6 s 4 32
SSL-PCT-FR SSL-PCT, SSL-PCT-FR, SSL-PCT,,
SSL-PCT; SSL-PCT; SSL-PCT-FR, SSL-PCT;
SSL-PCT-FRy SSL-PCT-FR;  SSL-PCT, SSL-PCT-FRy
(a) 25 labeled examples (b) 50 labeled examples
6 5 4 3 2 1 6 > 4 . 2 1|
SSL-PCT; SSL-PCT-FR;  SSL-PCT-FR, SSL-PCT,;
SSL-PCT; SSL-PCT-FR;  SSL-PCT-FRp SSL-PCTp
SSL-PCT-FR, SSL-PCT} SSL-PCT-FR SSL-PCT;
(c) 100 labeled examples (d) 200 labeled examples
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|
Results: Statistical analysis

Average ranks diagrams, absolute number of labeled examples

°c 5 4 3 2 | 6 5 4 3 2 |
SSL-PCT-FR | SSL-PCTp|  SSL-PCT-FR, [ SSL-PCT, |
SSL-PCT; SSL-PCT, SSL-PCT-FR, SSL-PCT;
SSL-PCT-FRp SSL-PCT-FR;  SSL-PCT, SSL-PCT-FRy
(a) 25 labeled examples (b) 50 labeled examples
6 5 4 3 2 I 6 > 4 . 2 !
SSL-PCT; SSL-PCT-FR;  SSL-PCT-FR, SSL-PCT,
SSL-PCTy SSL-PCT-FR;  SSL-PCT-FRp | SSL-PCTy|
SSL-PCT-FR, | SSL-PCT;, | SSL-PCT-FR SSL-PCT;
(c) 100 labeled examples (d) 200 labeled examples
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Average ranks diagrams, relative number of labeled examples

6 » 4+ 3 2 1
SSL-PCT; SSL-PCT-FR,
SSL-PCT, SSL-PCT-FR
SSL-PCT, SSL-PCT-FR,

(e) 1% labeled examples

6 > 4 3 2 |
SSL-PCT; SSL-PCT-FR,
SSL-PCT SSL-PCT-FR,
SSL-PCT; SSL-PCT-FR;

(g) 10% labeled examples

07.9.2016

MAESTRA - Learning from Massive, Incompletely annotated, and Structured Data

Results: Statistical analysis

6 » ¢+ 3 2 1
SSL-PCT-FR, SSL-PCT-FR,
SSL-PCT-FR SSL-PCT;
SSL-PCT; SSL-PCT}

(f) 5% labeled examples

6 > 4+ 3 2 1
SSL-PCT; SSL-PCT-FR;
SSL-PCT, SSL-PCT-FR,
SSL-PCT, SSL-PCT-FR;

(h) 30% labeled examples
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Average ranks diagrams, relative number of labeled examples

6 5

4

Results: Statistical analysis

3 2 1 6 5 2!

3

2

SSL-PCT,

SSL-PCT,,

SSL-PCT,

SSL-PCT-FR,  SSL-PCT-FR,
SSL-PCT-FR;  SSL-PCT-FR;

1

ISSL—PCT—FRI I

SSL-PCT

! SSL—PCT—FRI| SSL-PCT;

SSL-PCTp

(e) 1% labeled examples

6 5

4

3 2 1 6 5 -+

] | ] |

3

2

(f) 5% labeled examples

1

SSL-PCT;

SSL-PCT}

I SSL-PCT-FR; I SSL-PCTy

SSL-PCT-FRp  SSL-PCT;

SSL-PCT-FRp

[SSL-PCT-FR, |

SSL-PCT;

SSL-PCT-FRy  SSL-PCTp

SSL-PCT-FRy

(g) 10% labeled examples

07.9.2016
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(h) 30% labeled examples
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sults: Per-dataset *|

1.1

0.8(

0.7

0.6

=

—e— Bage-PCT té)
~A~ SL-PCT ~ L0

N —>— SSL-PCTp =
~- SSL-PCT-FR; 0.9

11 n 7 k
. I —— Base-PCT
—A— SL-PCT
SCM20D %~ SSL-PCTp
Lo ~— SSL-PCT-FR;

0.5

10° 10°
Number of labeled examples (log scale)

102 103

07.9.2016 Number of labeled examples (log scale)

RF1

—e— Bage-PCT
—— SL-PCT

—%— SSL-PCTp
~—— SSL-PCT-FR;

1.15

1.1

1.05

0.8

1) SSL

iImproves
a lot

Vegetation
clustering

—e— Bage-PCT
—A— SL-PCT

—>— SSL-PCTp
~—— SSL-PCT-FRy

10?2
Number of labeled

10°
examples (log scale)



2) SSL

, |
sults: Per-dataset improves
moderately
1.1 1.5 T 1.3 T
—e— Base-PCT —eo— Base-PCT —o— Base-PCT
1.05 —A— ST-PCT & —A— ST-PCT —A— ST-PCT
A —>% SSL-PCTp 1.4 —<— SSL-PCTp —<— SSL-PCTp
Lo ——— SSL-PCT-FR; ——— SSL-PCT-FR; ——— SSL-PCT-FR;
0.95
533 0.9
=
o
E 0.85

0.75

0.7

0.65

103

0.8

102

102 103 10t

0.6

Number of labeled examples (log scale)

Number of labeled examples (log scale) Number of labeled examples (log scale)

Forestry LIDAR LandSat Soil quality Forestry Kras
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3) SSL improves a bit only for

the smallest amount of
labeled data (25 labeled ex.)

' 0.85 . 1.6
i\ —e— Base-PCT I —o— Base-PCT —e— Base-PCT
0.8 —A— SL-PCT o —A— SL-PCT —A- SL-PCT
—— SSL-PCTp ' —% SSL-PCTp 1.5( —<— SSL-PCTp
\ ~— SSL-PCT-FR; 0.75( ~©— SSL-PCT-FR; ~— SSL-PCT-FR;
14 F
0.7
M 065 BT
= =
ot ~
= 0.6 =12t
0.55
11
0.5
1.0 b
0.45
'2 0.4 0.9 .
10 102 10 10?
Number of labeled examples (log scale) Number of labeled examples (log scale) Number of labeled examples (log scale)
Forestry LIDAR IRS Forestry LIDAR Spot Water quality
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-=- Results: Influence of the w parameter

e controls the amount of ,supervision”
* w = 0 = unsupervised learning
* w = 1 = supervised learning

Var(E) = 7 + D Z Var(Y, —w) - Z Var(X

* w provides a safety mechanism to SSL-PCTs
* w is optimized via 3-fold cross-validation on labeled part

07.9.2016 MAESTRA - Learning from Massive, Incompletely annotated, and Structured Data
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sults: Influence of the w parameter

Weight parameter (w)
1 9 8 7 6 5 4 3 2 10109 8 7 6 5 4 3 2 10109 8 7 6 5 .4

o

2 101 9 8 7 6 5 4 3 2 1 0

— Base-PCT
—A— SL-PCT
A  selected by xval
2 —— SSL-PCTp
= ® sclected by xval
ot
=

25 50 100 200
Number of labeled examples
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sults: Influence of the w parameter

Weight parameter (w)

1 9 8 7 6 5 4 3 2 10109 8 7 6 5 4 3 2 10109 8 7 6 5 4 3 2 1019 & .7 6 5 4 3 2 1 0
11 T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T
105 | A A A A A AN A A — Base-PCT
[ A A AN A A A A —A— SL-PCT
LOF A  selected by xval
;J) 0.95 —6— SSL-PCTp
= ® selected by xval
o .
- L
Z 085 | D
0.8 F
_ o
0.75 |
0.7 L ' '
25 50 100

Number of labeled examples
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Weight parameter (w)
1 9 8 7 6 5 4 3 2 10109 8 7 6 5 4 3 2 10109 8 7 6 5 4 3 2 1019 8 .7 6 5 4 3 2 .1 0

14 F — Base-PCT
- —A— SL-PCT
1.3} o6 66 A gselected by xval
% A AAA A A A A o= S5L-PCTp
= 19 ® gselected by xval
ot
=
L1 ]
D
L0 F e TR e e p
25 50 100 200

Number of labeled examples
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esults: Variable amount of unlabeled data

25 labeled examples

WRMSE relative to Base-PC'T

Il R T Ty O ..
05| —e— WaterQuality ForestryLIDARIRS —&- ForestryLIDARLandSat —k— SCMI1D -~ VegetationClustering
-5~ SoilQuality ForestryLIDARSpot SCM20D RF1 —~ ForestryKras
0.4
0 100 200 500 1000 2000 5000 10000 20000 All

Number of unlabeled examples
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Example PCTs
_

EADMYT 0H = 183.0

[EADM7 Oh > 173.50]

yes no
/’
CHSI2 +48H 24147 yes no
NASI2 +48H 3.37 e -
EADM7 +48H 23387 A [INAPMT Oh > 83.60] [DLDI4 0h > 52.85]
?E;T;Jriﬂlll :(l}g‘;j CHSI2 +48H  156.37
' i+ - NASI2 +48H 3.25 no 1o

VALI2 +48H 19.26
NAPMT +48H 76.18 SCLMT 4480 59.11

DLDI4 +48H  65.31 . . CHSI2 +48H 14867
CLKMT7 +48H 9275 nigp L g 489

EADMT +48H 163.65 yes e y

\ ves

CHSI2 +48h 237.75  [NAPMT7 Oh > 44.91] [CHSI2 Oh > 111.50]

[CLKM7 Oh > 60.35

VALIZ +48H £.58 P P yes 1o, NASI2 Hh
EADM7 +48H 1386 +48h 3.05
NAPMT +48H 5356 o\ +4,311 P, —~ s ves no, ves no yeé 1o
DLDI4 +48H  $2.10 “(,LP\:\IL“L S CHSI2 +48H  138.33 CHSI2 +48H  85.29 / \ EADMT +48h 226.49 / \ ) \
LEM7 +48H  51.17 NASI2 +48H 347 NASI2 +48H  3.30 7 N SCLM7 4+48h  98.35 e N e Yy
:f:ll;{aqu?l{ 23.27 EADM?7 +48H 13520  EADMT +48H 92.96 _ 'L_‘)
R J;:;‘I ifj:: SCLMT +48H  68.41 SCLMT +48H  47.46 CLKM7 +48h 107.52
+ o= CLEKMT7 +48H  50.00 CLEKMT7 +48H 33.69 VALI2 +48h 18.06
VALI2 +48H  12.92 VALI2 +48H  7.37 )
NAPMT7 +48H  56.75 NAPMT +48H 43.50 NAPM7 +48h  61.84
DLDI4 +48H  33.67 DLDI4 +48H  31.61 DLDI4 +48h 68.62

WRMSE = 0.96 #Nodes = 9 WRMSE = 0.51 #Nodes = 1671

(a) BASE-PCT with 50 labeled examples  (b) BASE-PCT with 9125 labeled examples
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yes no
ves
CHSI2 +48h  213.67 1o, yes ne
NASI2 +48h 326
EADMT +48h 211
SCLMT +48h  147.33 [EADMT —36h > 245.50] CHSI2 0h > 112.50
CLKM7 +48h  52.87
VALI2 +48h  6.78 ves no yes no yes ne
NAPMT +48h 125.67 _ _ B S— — . —= — .
DLDI4 +48h  36.97 CHSI2 +48h 164  CHSI2 +48h  142.33 CHSI2 +48h 7822
1o ves noe NASI2 +48h 3.22 NASI2 +48h 3.26 NASI2 +48h 3.99
yes P ~__ EADM? +48h 171.25 EADMT +48h 150.33 o EADM?T +48h §7.94
CHSI2 +48h  276.14  CHSI2 +48h  221.75 CHSI2 +48h 175 SCLMT +48h — 57.57  SCLMT +48h 6133 SCLMT +48h 4187
_ _ NASI® 148h 341 NASI2 148h 3.5 NASE +48h  3.33 CLKM7 +48h  102.62 CLKM7 +48h  75.17 vek = CLKMT +48h 33.50
SCLMT7 0h > 105.50 EADMT +48h 26543 EADMT +48h 210 EADMT +48h 180 VALIZ +48h 9.47 VALI2 +48h 7.55 VALIZ —24h > 1145 VALI2 +48h 5.72
S ’ . - 4 NAPMT +48h  53.37 NAPM7 +48h  56.60 NAPM7 +48h 43.55
ves no SCLMT +48h  96.60 SCLM7 +48h  101.07 SCLM7 +48h 89 of 0oy ves 1o ,
‘ CLKM7 +48h 14271  CLKM7+48h 8760  CLKMT +48h 98.80 DLDH +48h 9177 DLDH +48h - 6457 - ~~_ DLDM-+ish 3100
CHSI2 +48h 319 CHSI2 +48h 944 VALI2 +48h 2833 VALI2 +48h  17.62 VALI2 +48h 1218 CHSI2 +48h  143.17 CHSI2 +48h  130.12 CHSI2 +48h 129
NASI2 +48h 363 NASI2 +48h 324 NAPM7 +48h 6447 NAPMT +48h  61.02 NAPM7 +48h 57.73 NASI2 +48h 391 NASI2 +48h  3.67 NASI2 +48h  3.29
EADM7 +48h 304 EADM7 +48h 23650  DLDI4 +48h  78.80 DLDI4 +48h  52.05 DLDI4 +48h  80.40 EADMY7 +48h  133.50 EADMT +48h 12825 EADMT +48h 129,60
SCLM7 +48h 125 SCLM7 +48h  75.30 SCLM7 +48h  61.15 SCLM7 +48h  61.39 SCLM7 +48h  76.54
CLKM7 +48h  156.67 CLKM7 +48h 132.25 CLKM7 +48h 16 CLKM7 +48h  50.90 CLKM7 +48h  43.36
VALI2 +48h 3133 VALI2 +48h  26.07 VALI2 +48h  17.68 VALI2 +48h 1451 VALI2 +48h  7.79
NAPMT +48h  66.97 NAPM7 +48h  62.60 NAPM7 +48h  46.08 NAPM7 +48h 49 NAPM7 +48h  69.14
DLDI4 +48h  79.27 DLDI4 +48h  78.45 DLDI4 +48h  32.18 DLDI4 +48h  36.10 DLDI4 +48h  31.08

WRMSE = 0.71 #Nodes = 23

(c) SSL-PCTp with 50 labeled examples and 9075 unlabeled examples
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-=- summary

* Global and interpretable semi-supervised method for the task of
multi-target regression

e Can improve the performance of supervised PCTs by a large degree

* The most effective in scenarios especially relevant for SSL
* When few labeled examples are available

* Very seldom degenerates the performance of supervised PCTs
* Mechanism to control the amount of influence of unlabeled examples

* The performance saturates after considering ~1000 unlabeled
examples
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-- m SSL PCTs for classification tasks
I

* Datasets
* 12 binary classification datasets
* 10 multi-class classification datasets
* 14 multi-label classification datasets

e Evaluation in an ensemble setting

* We explore the influence of the amount of labeled data
» 25, 50, 100, 200, 350 and 500 labeled examples

* Parametar w ranges from O (unsupervised) to 1 (supervised)
* Transductive evaluation scenario: unlabeled examples = test examples
* 10 runs with different random initialization
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]
Binary classification results

0.78 10 10
0.77 0.98 0.99
0.76 0.96 0.98
0.75 0.94 o097
g 0.74 § 0.92 g
<r:§ 0.73 5 09 F .‘g
| —— PCT - 3 —— PCT 0.94 ;: —— PCT
0Ty ~&— SSL-PCT 086 - ¥ ~&— SSL-PCT ‘ ~9 SSL-PCT
—+— RF —+— RF 093 L —— RF
0.7 | SSL-RF 0.84 SSL-RF SSL-RF
- L . " SelfTrainingRF —#— SelfTrainingRF 092 Lt 1 ) ‘ —#— SelfTrainingRF
2550 100 200 350 500 08 e 100 200 350 500 2550 100 200 350 500
Number of labeled examples Number of labeled examples Number of labeled examples
a) Abalone d) Banknote i) Mushroom
Wilcoxon test to assess the statistical significance of different performances
Methods 25 50 100 200 350 500
PCT wvs. SSL-PCT 0.009 (+) 0.388 (+) 0.066 (4+) 0.005 (+) 0.019 (4+) 0.019 (+)
RF vs. SSL-RF 0.529 (4+) 0.192 (+) 0.002 (+) 0.099 (+4) 0.093 (4+) 0.012 (4)
SELFTRAININGRF vs. SSL-RF | 0.015 (4) 0.072 (4+) 0.005 (4+) 0.005 (4+) 0.015 (4+) 0.016 (+4+)
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ulti-class classification results

0.94 1.0
—% 05 F
0.93 - i ' 0.9
0.92
4 0.45 0.8
0o1 b
g g ¢ B 0.7
g 0-9 1 E | §
g S 04 I 8
- 0.89 < .w'; < 0.6
0.88 —— PCT ‘-"‘; —— PCT 0.5 e
& SSL-PCT 035 | ¥ ~&- SSL-PCT o ggLT-PCT
0.87 b —+— RF —+— RF 04 —+— RF
> SSL-RF SSL-RF ' SSL-RF
- . . #— SelfTrainingRF s Lo . . —#— SelfTrainingRF —s— SelfTrainingRF
2550 100 200 350 500 . . - - ’ o 1 L
Number of labeled examples 2550 IOONumberz(())Df labeled exaf;gles s00 03 25 50 100N umber?(z)(; Iabeled exafjgles 50C
a) Baseball . ..
) g) GesturePhase i) Optdigits
Wilcoxon test to assess the statistical significance of different performances
Methods 25 50 100 200 350 500
PCT vs. SSL-PCT 0.444 (+) 0.123 (+) 0.044 (4) 0.019 (+) 0.399 (+) 0.235 (4)
RF vs. SSL-RF 0.918 (+) 0.022 (+4+) 0.019 (+) 0.006 (4+) 0.005 (+) o0.03 (+)

SELFTRAININGRF wvs. SSL-RF

0.012 (4) 0.008 (4+) 0.003 (+)

0.003 (+) 0.011 (4+) 0.05 (4)
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]
Binary classification: SSL PCTs example

Binary classification (Diabetes dataset)

[BMI > 29.85] [BMI > 29.85]
ye g no ves no

|diabetes pedigree > 0.221| 0

‘plasma glucose > 102.0‘ 0

yes no
yes no N
0
age > 29.5 linsulin > 182.0] yed 0
yes no /}’es 1o ‘plasma glucose > 99.5| [pressure > 71.0]
age > 50.5 pressure > 72.0| 1 0 yes 1O yes 1@
jage > 505 | | JTON
yeb 1o yeé o 1 0 0 |plasma glucose > 129.5‘
/ \ yes no
0 1 [BMI > 42.1] |[BMI > 36.7] S
1 [skin thickness > 29.0]
yes 1O yes 1O no
yes
/N N 7N
1 0 0 1 1 0
Accuracy=69%, 17 nodes Accuracy=72%, 15 nodes

(a) PCT, 100 labeled examples (b) SSL-PCT, 100 labeled and 668 unlabeled examples
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|
MC classification: SSL PCTs example

Multi-class classification (Cardiotocogramy3 Dataset)

[MSTV > 0.45] Min > 109.5
yes no
yes no
| Mode > 103.0] b > 321.0
v no\ el no\ SUSP > 0.5 LD > 0.5
/
Pathologic Suspect Pathologic yes/\no yeSAnO

yes 10 / \ / \
N Suspect [FS > 0.5]  Pathologic Normal
> 2.9] Normal

yes 1o
/N /
Normal  Suspect Pathologic Normal
Accuracy=81%, 11 nodes Accuracy=92%, 9 nodes

(c) PCT, 50 labeled examples (d) SSL-PCT, 50 labeled and 2076 unlabeled examples
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Ll
= Binary/multi-class classification summary
I
* Improvement usually doesn‘t saturate with increase in #labeled
examples

* In MTR SSL improved up to 200 labeled examples
 SSL generally does not help for ,,easy” datasets (accuracy > 95%)

* The success of SSL-RF over RF is not directly connected with the
success of its base model, i.e., SSL-PCTs

* Smaller interpretable models with better predictive performance
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-=- SSL PCTs for multi-label classification

I
* Not fully evaluated yet

* A variety of evaluation measures

* Example based measures:Hamming loss, Accuracy, Precision, Recall, F1,
Subset Accuracy

e Label based measures: Macro{Precision, Recall, AUC}, Micro{Precision, Recall,
AUC}

* Ranking based measures: One error, Coverage, Ranking Loss, Average
Precision
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Hamming loss

0.034

0.032

0.03

0.028

0.026

0.024

0.022

0.02

0.018
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—=- SSL-PCT
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0.22

0.2

0.18

0.16

—e— BaseSL
—A— SL-PCT
—=- SSL-PCT

2550

100

200
Number of labeled examples

350 500

0.42

0.41

0.4

0.39

0.38

0.37

0.36
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Water quality
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2550
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| -
mm Conclusions

* Global semi-supervised method for multiple tasks
* Multi-target regression
* Binary, Multi-class and Multi-label classification

e Can improve the performance of supervised PCTs by a large degree
* Especially when few labeled examples are available

* Very seldom degenerates the performance of supervised PCTs
* Mechanism to control the amount of influence of unlabeled examples

* Easily interpretable models
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= Further work

* Consider additional tasks
* Hierarchical multi-label classification, time series prediction

* Unsupervised learning/clustering for datasets with mixed variables

* Learning from partially labeled data
* Two small case studies already performed

* Feature ranking in various settings
* Unsupervised learning
* Semi-supervised learning
 Partially labeled
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