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W= Talk outline
I

* Predictive Modeling on Data Streams

e Structured Output Prediction
e Multi-target regression
e Multi-label classification

e Structured output prediction with predictive clustering

e SOP on data streams

* MTR on data streams
e MLC on data streams

e Further work



Predictive modeling:
Classification and regression

Descriptive space Target space
Example 1 1 . TRUE 0.49 0.69 Yes
 Bample2 | 2 . fASE . 008 . 007 | ves
 Bample3 | 1  FMsE . o008 | o007 | No
 Bamplea | 2 . TRUE o049 o069 | ves
 Bamples | 3 - tReE | o049 oes | No
_Bmples | a | P [ o008 | 007 | Y
Descriptive space Target space
Example 1 1 TRUE 0.49 0.69 0.84
 Bample2 | 2 . fASE . o008 | o007 | 075
 Bample3 | 1T - Fase | o008 | o007 | 011
 Bampled | 2 . TRUE | 049 | o069 | 052
 Bxamples | 3 . TRUE | o049 | 069 | 035
Berples | 4 . Pmse | o008 . oor | o078




Predictive Modeling on
Data Streams

Predictive modeling from big data
e Large number of columns (high dimensionality)
e Large number of rows (massive data)

e Streaming rows (data streams)
e All of the data are not available for access simultaneously

e Data instances arrive at high velocities, in a specific order and
their number is potentially arbitrarily large

 The underlying concept (distribution) governing the data can
change (concept drift)

* The high velocity demands fast processing

 The large and potentially infinite number of examples
demands economical management of available memory



g Data streams: Regression

Descriptive space

Target space




.=.IStructured-output prediction

Predictive modeling from complex data

* Multi-target prediction
e Classification

* Regression
 Mixed

 Multi-label classification
e Hierarchical multi-label classification

* Predicting (short) time series



HEN
.=.II\/IuIti-target prediction

° CIaSS|f|Cat|On Descriptive space Target space
Example 1 1 L TRUE 1 0.49 L 0.69 Yes J Blue L Rain
Example2 | 2 | FAISE | 008 | 007 | Yes | Greem | Sun
Example3 | 1 FASE | 008 | 007 | Yes | Blue | Cloudy
Exampled | 2 | TRUE | 049 | 0690 | Yes | Green | Sun
Examples | 3 TRUE | o049 | 069 | No | Bue | sun
Bamples | 4 | Pase | 008 | 007 | s | Red  Cloudy
* Regression
Descriptive space Target space
Example 1 1 . TRUE | 049 | 069 068 | 060 | 391
Example2 | 2 | FASE | 008 | 007 | 05 | 099 | 759
Example3 | 1 FASE | 008 | 007 | o1 | 169 | 757
Example4 | 2 | TRUE . 049 | 069 | 008 | 077 | 88
Examples | 3 TRUE | o049 | o069 | o011 | 351 | 250
Bamples | 4| FPase | oos | o007 | o0s3 | 210 | 809




Multi-Label Classification

e Learning models that simultaneously predict several
binary target variables

 Input: A vector of descriptive variables

e Output: A vector of several binary targets

Descriptive variables

Target variables

T 3 =, > =
s.g_ o 3 2 © :1::ﬁ S 2 = 2 S
slelolel|e|els]|8|els]lelel.].
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Q1 2 2Slals|le|les|l2ls|8Sls|Slag|ale] x
2 s | & )1l 8|lz|ls|3als|e|l2]s|leg]lsS]|se
<% = S D o @ ° 2, S @ S = S
el eS| < o Rls|B|&lz|ls|3|&8|ls|&|2|&|5]=
le | 212 |c |8 Slo|o[a[=]°% -
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ID3]3.25| 0.70 | 0.46 | 0.78 | 0.71




S e Hierarchical multi-label classification
.|

Descriptive space Target space

Example 1




.=. SOP on Data Streams: Multi-Target Regression

Descriptive space Target space
ERaomptews| 6  TRUE | 048 | 069 | 068 | 080 | 389
Examplen+t1| 4 | FAISE |« 008 | 007 | o010 | 160 | 757
Bemplens2| 6 fase o008 | o007 | o008 o077 s

Example n+3 8 TRUE 0.00 1.00 0.11 3.51 2.50
‘Examplen+a| 6 | TRUE | 000 | 000 | o043 | 210 | 809




.=.ISOP on Data Streams: The Masterplan

e First, ST regression on data streams
e Regression and model trees with change detection
* Option trees
 Ensembles

* Then, MT extension of ST regression algorithms
e Multi-target regression/model trees
* Option trees
 Ensembles

e Next, (multi-label) classification via MT regression
 Finally, extension to hierarchical MTR (and HMC)



.=..' Top-Down Induction of

..I Decision Trees

To construct a tree T from a training set S:

e If all the examples belong to the same class C, construct
a leaf labeled C

e Otherwise:

e Select the best attribute A with values v1, ..., vn, which
most reduces the impurity (variance) of the target

e Partition S into S1, ..., Sn according to A
e Recursively construct subtrees T1 to Tn for S1 to Sn
e Result: a tree with root A and subtrees T1, ..., Tn



.=III
..I Learning regression trees on DS

Key difference to batch learning:

Data points arrive continuously and are sorted to tree
leaves, where they accumulate until a split is possible

(we have enough evidence that one split is better
than all the others)

* We rate potential splits on their variance reduction
* For each leaf we find the two best splits

* We monitor their relative quality until examples
accumulate in a leaf and we can be confident that the
best test is indeed better than the second best one



HEE
.=.|Sp|itting a leaf

e A potential split over attribute A with threshold t
separates a sample S accumulated in a leaf into two
subsamples S; and Sy, suchthat§; = {s € §; s4 < t}
andSy, = {s€S; s, > t}=S5-5,.

* We rate potential splits based on their variance
reduction (VR).
VR(A,t) =Var(S) —Var(S,) — Var(Sy,),

Var is the variance of the target variable in the sample.

 The higher the variance reduction, the higher the purity
of the subsamples and the more desirable the split.



HEE
.=.|Sp|itting a leaf

* For each leaf we find the two best splits .

e \We monitor the ratigRo(f the quri)stic values of the
t
best two splits, i.e., e and use the

est
Hoeffding bound to prob (blllstlcally determine when
the best split in fact outperforms the second best.

* The more examples accumulate in a leaf, the more
certain we are. When a predefined threshold is
passed, a leaf is split.

 Implemented in FIMT-DD




L
... m Regression vs. Model trees
II
* Regression tree: each leaf holds a single value for
the target.

-::054 >054

D &

* Model tree: each leaf contains a model, which
computes the target value from the values of the
input attributes.

<054 ‘:-'054

D D



HEE
== Ensembles of DT: Bagging

. Test set

-DTL —/ — @

-DTL — — ©

— m— —_— vote
Training set DTL —> @
-DTL — — O
n bootstrap n classifiers n predictions

replicates



=& Ensembles on streams

* In the batch case, ensembles are trained on samples
from the original dataset.

* In the streaming setting this is not feasible, since the
dataset is not known in advance.

* There are adaptations of batch ensemble methods,
such as Online Bagging, which consider how the
algorithm would act if the size of the sample would
approach inifinity.

e E.g., in online bagging each base model receives each
data instance X number of times, where X is
distributed according to the Poisson distribution, i.e.,
X ~ Poisson(1).

e P(example is repeated k times) = ﬁ




HER
... Ensembles of DT: Random Forests

. Test set

= DTrnd =/, ——

= DTrnd —_— N\ — @

-©
— m— —_— vote
Training set DTrn d —> @
= DTrnd=— — L
n bootstrap n classifiers n predictions

replicates



.=. ORF for ST regression on DS

* Online version of Random Forests

e Uses a modified base learner —
R-FIMT-DD

 R-FIMT-DD only considers a random
subset of input features for splits in
each new split node

e /m features are selected, where m
is the total number of input features

e Considerably reduces memory use

e Also online bagging w FIMT-DD

R-FIMT-DD algorithm, pseudocode

Input: RootNode, e — training instance, § — confidence
parameter, Ny, — chunk size, (a,4) — parameters used
in the Page-Hinkley test.

Qutput: p - prediction from the current hypothesis.
Leaf < Traverse(RootNode, e)

Counter « SeenAt(Leaf)
if Counter =0 then
q < SelectAttributesAtRandom(Leaf)
InitializePerceptron(Leaf)
end if
Counter« Counter+1
p < GetPrediction(Leaf, e)
UpdateStatistics(Leaf)
UpdateLMS( Leaf)
if Counter mod ny;;;, =0 then
q < SelectAttributesAtRandom(Leaf)
fori=1-qdo
S; = FindBestSplitPerAttribute(i)
Sq<Best(Sy, ..., 5¢)
Sp < SecondBest(Sy, ...,S5q)

if Sp/Sa < 1— /7% _ then

= Counter
MakeSplit(Leaf ,Sq)
end if
end for

end if
t « GetTargetValue(e)
A« ABS(t—p)
BackPropagate(A)

return p



.. m Option trees for regression
I

 Sometimes we cannot reliably determine which of the
splits is the best.

* I[n such a case, an option tree selects multiple best
ranked splits.

 When an option node is processing an example, the
example is cloned and traversed through each of the
splits. When the splits return the prediction, the option
node aggregates them into a single prediction.
e Select best prediction
e Average predictions

e Option trees can be viewed as a compact
representation of an ensemble (esp. in the latter case).



.. m Option trees for regression
I

Traversing an e
example rd

C Node )( Node )( Node ) Computing a /

prediction P
Option p = Aggregate(p,,p,,Ps)
/ node
A~
P, P, P-

(ose (oo )(Crose )



HERE
W= ® Option tree for regression: Example




“= =& Top-down induction of PCTs
I

To construct a tree T from a training set S:

* |f the examples in S have low variance,
construct a leaf labeled target(prototype(S))

e Otherwise:
e Select the best attribute A with values v1, ..., vn,

which reduces the most the variance (measured
according to a given distance function d)

e Partition S into S1, ..., Sn according to A
e Recursively construct subtrees T1 to Tn for S1 to Sn
e Result: a tree with root A and subtrees T1, ..., Tn

24



HENI
.. D|stances/var|ances for SOP tasks
I

 The algorithm  procedure BestTest(E)
* Variance for (t*, h*, P*) = (none, 0, 0)

MT regression for each possible test t do
Var(E) ZT " P = partition induced by t on E
ar = _, Var(Y;).
i=1 [: ] h = VH."'(E ZEE“T' ||E| Vdﬂ:E

if (h > h*)AAcceptable(t, F) then
(t*, h*,P*) =(t, hP)

7: return (t*, A", P*)

e Variance for MT
classification
Var(E) = Z , Entropy(E, Y;)
. Varlance for HMLC

L]
Var(E) = Zd(t L)? d(Ll,Lz)_JZw(qj-(LuLEJ)E .
=1

E.eE

@ o s L N H




.=.|From ST- to MT-regression on DS

 When addressing the task of (hierarchical) multi-target
regression, we use the corresponding intra-cluster
variance reduction heuristic (ICVR) as in PCTs

ICVR = IVar(S) — IVar(Sy) — IVar(Sy),
where
IVar(S) = % . Var(Y;,S) and Var(Y;,S)
is the variance of the i-th target variable on sample S

* For HMTR, we use weights which are higher at higher
levels of the hierarchy and decrease as we go downwards

d(x.y) = ; \/W(C;) (Xi - y;')zr W(C;) — W[l}eVEI(Q). W{] < 1



HERE
== A MT regression tree learnt on a DS

II
< 0.52 = 0.52 < 2.30 = 2.30

C(k) =-1.02 C(k) = 0.37 C(k) = 1.48
T(k) = 1.09 T(k) =-0.41 T(k) =-1.22
< 0.51 = 0.51
C(k) =0.37
T(k) =-0.40

< 2.32 = 2.32

27



HER
=5 MLC via MTR

Target space Instance
MLC 'y(_IL::{).l,...,)\n} y:{)‘.l,)‘.g,)‘.zl}
) transformation }
) N3
MTR y € R y=(1,0,1,1,...)

From a MLC to a MTR space... and back again.

Target space Instance
MTR y €R™ y = (0.98,0.21,0.59,0.88,...)
‘ thresholding ‘
1 1

MLC yC L y = {A1. A3, \g}



.=. The implementation: iISOUPTrees

* Incremental Structured Output Prediction Trees -
iISOUPTrees

e Started from FIMT-DD implementation of STRTs in VFML

* Implemented in the MOA framework
e |ncreases usability and visibility

 Single-target regression algorithms & (H)MT extensions
e Single-target regression/model trees
* Option trees
 Ensembles

e Support for nominal attributes (not present in FIMT)

e Crucial — especially for MLC, as most MLC datasets consist of
exclusively nominal attributes



| | .
..IEXp Eval.: MTR
* Bagging works best

 Random forests provide best trade-off between
performance and resource consumption

e Results different from ST case, where option trees
performed best

Critical Distance = 2.15667

5 4 3 2 ]
iSOUP-Bag
iSOUP-Tree iISOUP-RF
iSOUP-OT

Local

30



.=.IExp. Fval.: MLC

e Bagging of multi-target trees works best
* Followed closely by bagging of single-target trees
 Clearly better than the competition (Jesse and

AI b e rt ) Critical Distance = 3.07835
6 5 4 3 2 1
L 1 1 ] 1 1
* In terms of ranking-based | gt
HTps | | Bag-RT
M E,HT RT
measures, which are s
(a) Ranking loss
m OSt re | eva nt to M LC I ()C...'.lm D:l-.lm:i_(.wss . ) |
: ca _S\LL\—I.Ii- } s | i 1 1 T i
Bag-MT
|  Bag-RT -
HTg | BagMT - MT
EoHTps Mr  EaHTps | Bag-RT
RT HTpg
(b) Logarithmic loss (c) Average precision

31



L]
.=.IFurther work

e Option trees for SOP in the batch setting: paper at
Discovery Science 2016 in Bari

e Hierarchical MTR: Evaluation (if you have a dataset,
please let us know)

* Change detection in trees for SOP on DS

e Semi-supervised SOP on data streams

32
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