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What is Hierarchical Text Categorization (HTC)?

@ HTC is the task of classifying text documents on a set
of topics organized in a tree/DAG-shaped hierarchy.

@ Given a set of textual documents T and a predefined
set of categories C = {c1,...,Cm}, n-of-m text
classification is the task of estimating an unknown
target function ® : T x C — {—1,+1}, that describes
how documents ought to be classified, by means of a
classifier ® : T x C — {—1,41} such that ® and &
“coincide as much as possible”.
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Why is HTC important?

Many text collections are naturally organized as
hierarchies of documents (Web repositories, digital
libraries, patent repositories, etc.).

@ The topological relations between categories can be
useful to build more accurate and more efficient
classifiers.

@ In many classification contexts it is necessary to deal
with huge data collections: the hierarchical model is
simply a necessity.

@ The attention of text classification researchers has
mostly been concentrated on "flat" classification.
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Our proposal

TreeBoost: A
Boosting
Algorithm

for Multi-label

Hierarchical Text
Categorization

Uiz Fet e We propose TREEBOOST[2], a simple and elegant
multi-label hierarchical algorithm which recursively uses
ADAB0OOST.MH [4] or MP-BOOST [1] as base learner.

@ We analyze TREEBOOST in terms of both

e computational cost
o effectiveness and efficiency as measured on two
standard benchmarks.

Introduction
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Introduction to AbABoosT.MH

TreeBoost: A . . .
Boosting Boosting algorithms attempt to generate a highly

for Mot iobel accurate classifier (final hypothesis) by combining a set

el O of moderately accurate classifiers (weak hypotheses —
Tiziano Fagni WHS).

e ADABOOST.MH works by iteratively calling a weak
learner to generate a sequence &)1, e @5 of WHs; at
the end of the iteration the final hypothesis is obtained
as & = 255:1 b,

@ The input to AbABoosT.MH is Tr = {(d1, G1), ...,
(dg. C)) )

@ A WH is a function &5 : D x C — R. We interpret

o the sign of ®,(dj, ;) as the prediction of &, on whether
d; belongs to ¢;

o the absolute value of ®,(d;, ;) as the strength of this
belief.
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Introduction to AbDABooOsT.MH (2)

@ At each iteration s ADABOOST.MH tests the
effectiveness of ®. on Tr and uses the results to update
a distribution Ds(d}, ¢j) on the training data.

@ D,i1(di, ¢j) is meant to capture how (in)effective
@1, ey ®, have been in correctly predicting whether
the training document d; belongs to ¢; or not. By
passing Ds to the weak learner, ADABoOOST.MH forces
it to generate a new WH Cf>5+1 that concentrates on the
pairs with the highest weight.

@ Dy is uniform. At each iteration s the weights Ds(d;, ¢;)
are updated to Ds;1(dj, ¢j) according to the rule

~

Ds(d,', Cj) exp(—CD(d,-, CJ) . ¢5(d;, Cj))

Zs
(1)

Dsi1(di, ) =
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The ADABoosT.MH algorithm

A training set Tr = {(d1, C1),...,(dg, Cg)}
where GG C C ={c1,...,cm}p foralli=1,...,g.

B:  Let Di(dj, ;) = 1 foralli=1,...
gm
Fors=1,...,S do:
e pass distribution Ds(dj, ¢;) to the weak learner;
e get the WH &95 from the weak learner;
Ds(di, ¢j) exp(—=®(di, ;) - Ps(di, )
Zs

g m
where Zg = Z Z Ds(dj, ¢j) exp(—®(dj, ¢;) - ®s(dj, ¢))
i=1 j=1

,gandforallj=1,....m

e set D5+1(d,‘7 Cj) =

g m
is a normalization factor chosen so that Z Z Dsy1(di, i) =1
i=1 j=1

S
O: A final hypothesis &(d,c) = > ®s(d, )
s=1
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ADABOOST.MH: the form used to represent
WHs

TreeBoost: A
Boosting
Algorith .
oo @ Each document d; is represented as a vector

Hierarchical Text

Categorization <W1i7 cey Wri) Of r binary We|ght5

Tiziano Fagni @ The WHs generated at iteration s are decision stumps
of the form

ba(dh ) = { 20 if wij =0 @)

ai; if Wgi = 1

Choosing the WHs

where ty (called the pivot term of &DS) belongs to
{t1,...,t;}, and ag; and ay; are real-valued constants.

@ A WK thus consists in one pivot term (tx) and 2m
constants (the ag;'s and ajyj's), different for each
iteration s.
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ADABOOST.MH: how to choose WHs

TreeBoost: A
Boosting
Algorithm

for Multi-label
Hicrarchieal Toxt @ It may be proven that a reasonable (although

Categorization suboptimal) way to maximize the effectiveness of ® is
to choose each @, in such a way as to minimize Z;.

o ADAB0OST.MH chooses WHSs of the form described in
Equation 2 by the following algorithm.

Tiziano Fagni

© For each term ty € {ty,...,t,}, select, among all the
WHs ¢ that have t, as the “pivot term”, the one
(indicated by ®pes(iy) for which Zg is minimum.

@ Among all the WHs &best(l), cee @best(,) selected for
theAr different terms in Step 1, select the one (indicated
by &) for which Zs is minimum.
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ADABOOST.MH: how to choose WHs (2)

@ Step 1 is clearly the key step, since there are a non-enumerable set
of WHs with t, as pivot. It has been proven that, given t, and ¢;,

0jk
1, W
R 5| Wﬁjlk if wei =0
Phest() (i) =0 | ik (3)
5In Wtjk if wig =1

where

g
W =3 Duldi ) [wi =<1+ [8(d ) = b (4)
i=1
for be {-1,+1}, x € {0,1}, j€{1,....,m} and k € {1,...,r},
and where [7] indicates the characteristic function of predicate 7
(i.e. the function that returns 1 if 7 is true and 0 otherwise). For
term t and for these values of a,; we obtain

1

Zo =23 S (wiw): (5)

j=1 x=0

-
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MP-BoosT: the motivations

@ In ADABOOST.MH at each iteration s a pivot term ty,
the same for all categories, is chosen. This is
suboptimal, since t, may be a good discriminator for ¢’
but not for ¢”.

@ We claim that choosing, at each iteration s, a different
pivot t(s ;) for each ¢; allows the WH to provide
customized treatment to each ¢;.

e ApABoOST.MH with multiple pivot terms
(MP-Boo0sT) basically consists in modifying the form
of WHs, which become

~ . N aoj If W(S’j>,-:0
budre)={ 2w @)

where t, ;) is the pivot term chosen for ¢; at iteration s.
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MP-BoosT: how to choose WHs

TreeBoost: A
Boosting
Algorithm

for Multi-label N ag; if wg =0

Hierarchical Text d)J(dl) = { J if I =1 (7)
Categorization a1 T Wi =

@ Let us define a weak cj-hypothesis as a function

Tl ol that is only concerned with ¢;; a WH is thus the union of weak
¢j-hypotheses, one for each ¢; € C.
@ At each iteration s MP-B0OOST chooses a WH &, as follows:

@ For each ¢; and for each t select among all weak ¢j-hypothesis P
with t as the pivot, the one (¢ best(k)) Which minimizes

&g
Z (dir ) exp(~d(di, ) - ¥(d1)) ()

Checselh ShViE @ For each ¢;, among all the hypotheses & , & selected

best(1 best(r)
in Step 1 for the r different terms, select the one (&) for which ZJ
is minimum;

@ Choose, as the WH @s, the "union”, across all ¢; € C, of the weak
G- hypotheses selected in Step 2, i.e. the function such that

bs(di, ) = di(d)).
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MP-BoOST: observations

TreeBoost: A
Boosting
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for Multi-label
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Categorization

Tiziano Fagni @ Step 2 is such that weak cj-hypotheses based on
different pivots may be chosen for different ¢;'s

° <I>Jbest K has still the form described in Equation 3, since
the WH generated by Equation 6 is the same that

Equation 2 generates when m = 1.

@ The “outer” ADABOOST.MH algorithm is untouched,
except that a ZZ local to each ¢ is used.

Choosing the WHs
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The notation

TreeBoost: A
Boosting
Algorithm H

o et H be a tree-structured set of categories

Hierarchical Text

Categorization

r be its root category

L= {{h, Tr"(h)),..., {n, Tr"(I)))) be the set of leaf
categories together with their set of positive training

Tiziano Fagni

documents
Symbol Meaning
T(q) the parent category of ¢;
1(¢j) the set of children categories of ¢;
1(¢j) the set of ancestor categories of ¢;
l(¢j) | the set of descendant categories of ¢;
—(cj) the set of sibling categories of ¢;
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Definitions used in the algorithm

TreeBoost: A Assumptions:
Boosting )
Algorithm @ Each document can belong to zero, one or several categories

for Multi-label p- .
Torrelften]] Tt (n-of-m classification).
Categorization o Each document can only belong to leaf categories.

Tiziano Fagni

Tr*(cj) Given a non-leaf category ¢j, its set of positive training
examples Trt(c;) is defined as

T o) = U T (9)

ce I(q)

Tr=(cj) Given a non-leaf category ¢;, its set of negative training
examples Tr~(c;) is defined as

Assumptions Trf(cj) — U Tr+(C) - Tr+(CJ) (10)

c€ =(q)
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The intuitions behind the algorithm

There are several intuitions which motivate TREEBOOST,
some of them already present in the HTC literature:

@ The classification of a document d; is to be seen as a
descent through the hierarchy, from the root to the leaf
categories where d; is deemed to belong.

@ The training of &Dj should be performed “locally” by
applying the "quasi-positive" criterion in the choice of
negative training examples.

@ Feature selection should be performed locally.

@ Distribution update, a step typical of the boosting
algorithm, should be performed locally.

ISTI - CNR, Pisa, Italy http://www.isti.cnr.it/People/T.Fagni/

TREEBOOST: the algorithm

Input parameters

@ H is a tree-structured set of categories.

@ r is the root category of H.

o L is the set of leaf categories together with their set of positive
training documents.

procedure TREEBoOST(H, r, L)
begin
if not (r is a leaf category) then
Tr|(sy = identifyPositivesAndNegatives(|(r),L);
applyFeatureReduction(Tr(,));
runBoostingAlgorithm(Tr (,));
foreach child in [(r) do
Hchitg =subtree(H,child);
Lenilg = selectLeafsAndPositives(Hepiid);
TREEBOOST(HCh,'/d, child, Lchi/d);
end
else
do nothing;
end
end
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TREEBOOST: the algorithm

Input parameters

@ H is a tree-structured set of categories.

@ r is the root category of H.

@ L is the set of leaf categories together with their set of positive
training documents.

procedure TREEBoosT(H, r, L)
begin
if not (r is a leaf category) then
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end
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TREEBOOST: the algorithm

Input parameters

@ H is a tree-structured set of categories.

@ r is the root category of H.

o L is the set of leaf categories together with their set of positive
training documents.

procedure TREEBoOST(H, r, L)
begin
if not (r is a leaf category) then
Tr|(sy = identifyPositivesAndNegatives(|(r),L);
applyFeatureReduction(Tr(,));
runBoostingAlgorithm(Tr (,));
foreach child in [(r) do
Hechilg =subtree(H,child);
Lepilg = selectLeafsAndPositives(Hepin);
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end
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do nothing;
end
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The computational cost of TREEBOOST:

training time

TreeBoost: A .
Algorithm ..
for Multi-label g The number of training documents.

H(I:e;ta;;zlr(i:;a:t;ze:t m The number of categories.

T Fal r The dimension of the vector space.

a The ariety of a perfectly balanced category
tree.

h The height of a perfectly balanced category

tree.

@ The computational cost of AbDABoosT.MH and
MP-BoosT is O(gmr).

@ The computational cost of TREEBOOST is O(gmr) in
the worst case and O(gahr) in the best case.

@ Given m = a", this means TREEBOOST is cheaper than
baselines by an exponential factor.

The computational cost of
the algorithm
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The computational cost of TREEBOOST:

testing time

TreeBoost: A n
Boosting Notatlon
Algorithm 5 5 .
for Multi-label S The number of boosting iterations.

Crpaten m The number of categories.

Tiziano Fagni a The ariety of a perfectly balanced category
tree.

h The height of a perfectly balanced category

tree.

@ The computational cost of AbDABooOsT.MH and
MP-Boost is O(Sm).

@ The computational cost of TREEBOOST is O(Sm) in
the worst case and O(Sah) in the best case.

o Recalling that m = a", we can see that TREEBOOST is
cheaper than baselines by an exponential factor.
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Experimental setting

@ Preprocessing: stop word removal + punctuation
removal + downcasing + number removal + (Porter)

stemming.
@ Feature selection (aka term space reduction, TSR)
o It is performed by scoring features by means of

A lo P(t,c)
2 2 P e gy g

ce{ci,Ci} te{ty, b}

/G(tk, C,') =

o The final set of features has been chosen according to
Forman's round robin technique (i.e. picking, for each
¢, the v features with the highest IG(tk, ¢;), and
pooling them together).

@ Tests are run (i) with a 0% reduction factor, and (ii)
with values of v bringing about a 90% reduction factor.

@ We use 2 types of reduced feature sets: “globalTSR”
and “glocal TSR".
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Evaluation measures

- . _ TP _ TP
We define precision (m) as T = 7pipp and recall (p) as p = Jpren-
As measure which combines 7 and p we use Fi, defined as

_2mp 2TP
T mdp 2TP+FP+FN

(11)

F1

e microaveraged Fy (F{'), obtained by (i) computing the
category-specific values TP;, (ii) obtaining TP as the sum of the
TP;'s (same for FP and FN), and then (iii) applying Equation 11.

e macroaveraged F; (F]"), obtained by first computing the Fy values
specific to the individual categories, and then averaging them
across the ¢;'s.

We have used two corpora of preclassified documents:

Corpus # of # of # of # of

training docs | test docs | cats | unique terms
HIER. REUTERS-21578][5] 7,770 3,299 94 17,804
RCV1-v2[3] 23,149 781,265 101 55,051
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TREEBOOST: microaveraged-F1 o
Reuters21578

MP-Boost
MP-Boost. TSR

e ~~~/x~~~ TreeBoost.MP

06~ Ve —— <~~~ TreeBoost.MP.GlobaiTsR | 06
o / ~-=-&/-~- TreeBoost.MP.GlocalTSR |
- / — - -—- TreeBoost.MH 1
F/ ——-@ — - TreeBoost.MH.GlobalTSR |

05 B // —--4&--— TreeBoostMH.GlocalTSR ] 0.5
»/ —-—0 —-- AdaBoost.MH g
K —+—<-—- AdaBoost.MH.TSR 1

0.4 Lol | —————l 0g

10 100 1000

Number of iterations
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TREEBOOST: macroaveraged-F1 on

Reuters21578

i ///“/ == ;—__—Aé’. =-==4
- [~ i — Ti;‘ S 1
1 = ]
; 4 : ]
Lo3t ~F o3
5] [ , P ]
g F / ’9 —{F—— MP-Boost E
I // <+~ MP-BoostTSR 1
[ ~~-/\-~- TreeBoostMP ]
02T /‘/ e — < — TreeBoostMP.GlobalTSR ] 02
L S /¢/ ******* TreeBoostMP.GlocalTSR
B L — - -- TreeBoostMH 1
i — —@— - TreeBoostMH.GlobalTSR ]
01§ : e —-A— - TreeBoostMH.GlocalTsR ] 91
L - —-<)-— AdaBoostMH |
% ~ —-<>—- AdaBoostMH.GlobalTSR
ol L N | L iy
10 100 1000

Number of iterations
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Microaveraged-F1 on RCV1-v2
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0.7

0.6

MP-Boost
MP-Boost. TSR
- TreeBoostMP
TreeBoost.MP.Global TSR
TreeBoost.MP.GlocalTSR
TreeBoost MH

0.5

L L L L L L L

| ISR BRSNS BTSRRI SRR S

0.4 0.4
TreeBoost.MH.Global TSR
TreeBoost.MH.GlocalTSR
AdaBoost.MH
03 F - AdaBoostMH.TSR 0.3
E. .l L L PR | L L L
Results 10 100 1000

Number of iterations
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Macroaveraged-F1 on RCV1-v2
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0.4

LI B L B

- ]
L ]
203 03
o —{—— MP-Boost ]
g —/\—— MP-Boost.TSR R
——{}—— TreeBoost.MP ]
0.2 — - — TreeBoostMP.GlobalTSR — .2
—x TreeBoostMP.GlocalTSR
---/\-- TreeBoostMH ]
——-— TreeBoostMH.GlobalTSR
0.1 --=V£-~- TreeBoostMH.GlocalTSR | 0-1
—{— AdaBoostMH ]
--O--- AdaBoostMH.GlobalTSR
0 L L L TR L L ] 0
Results 10 100 1000

Number of iterations

Tiziano Fagni ISTI - CNR, Pisa, Italy http://www.isti.cnr.it/People/T.Fagni/



TREEBOOST.MH: effectiveness considerations

TreeBoost: A
Boosting [ TrEEBoOST.MH.GLOCALTSR [[ TrREEBoOST.MH.GLOBALTSR
Algorithm S Fr M FH M

for Multi-label 1 1 1 1

Hierarchical Text 5 +38.00 +288.00 +37.80 +256.00
Categorization 10 || +18.00 +150.00 +18.00 +142.00
s 20 || +11.80 +68.80 +11.90 +72.70

50 +9.60 +52.30 +9.40 +48.50
100 || +3.70 +34.60 +4.60 +35.50
200 || +2.50 +23.90 +3.20 +32.70
500 || +2.10 +25.00 +2.60 +28.30
1000 || +3.00 +28.20 +2.50 +29.60

@ Switching from ADAB0OOST.MH to TREEB0OOST.MH brings about
substantial improvements for both F}* and F".

° FlM improves much more than F}', meaning that TREEBoOST.MH is
suitable to classification problem with skewed category distributions.

e TrREEBOOST.MH converges to optimum performance more rapidly
than AbaABoosT.MH.

@ There is no relevant performance degradation when using reduced
feature sets compared to full feature set.

Results
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TREEBOOST.MP: effectiveness considerations

TreeBoost: A
Boosting TrREEBOOST.MP.GLOCALTSR, || TREEBOOST.MP.GLOBALTSR

Algorith M M
o S Flu F] Ff F
for Multi-label

Hierarchical Text 5 -1.60 -21.00 -2.50 -23.10
Categorization 10 -0.30 -14.20 -0.70 -9.70
e o 20 -0.60 -11.20 -0.60 -6.60

. 50 -0.60 -5.10 -0.50 -3.80
100 || -0.60 -5.70 +0.10 -0.40
200 || 40.80 -2.50 +0.60 +3.30
500 || 40.00 +0.00 +0.00 +3.90
1000 || +0.90 +1.80 +0.10 +4.50

o TREEBOOST has practically no effectiveness degradation even when
comparing results with a strong baseline like MP-BOOST.

@ There is no relevant performance degradation when using reduced
feature sets compared to full feature set.

Results
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TREEBOOST: efficiency considerations

TreeBoost: A
Boosting TrEEBOOST.MH.GLOBALTSR || TREEBOOST.MP.GLOBALTSR

Algorithm
for Multi-label g || =) (Te) =(Tr) (Te)

Hierarchical Text 5 -60.70 +10.20 - 69.80 +11.40
Categorization 10 -60.70 +3.50 -69.80 +5.30
e B 20 || -60.70 -10.40 -69.80 -6.30

- 50 || -60.70 -33.70 -69.80 -19.80
100 || -60.70 -42.70 -69.80 -28.40
200 || -60.70 -54.80 -69.80 -32.50
500 || -60.70 -64.60 -69.80 -34.30
1000 || -60.70 -66.00 -69.80 -34.50

@ The training time is smaller than with the baselines, thus confirming
the computational cost analysis.

e TREEBOOST diminishes significantly the classification time. This
improvement is more marked when the number of iterations increase.

Results
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Comparison with Hoffman et al.[5] results

TreeBoost: A
Boosting Method H p,u F{i 7‘.M pM F]{VI
Algorithm

ror Multi-fabel Hierarchical Mixture* || .872 | .771 | .818 | .815 | .408 | .459
lerarchical Text

Categorization Hierarchical Shrinkage* .849 | .780 | .813 | .765 | .392 | .432

TreeBoost.MH 798 | .898 | .845 | .419 | .890 | .478

TreeBoost.MP .840 | .886 | .862 | .499 | .795 | .525

Tiziano Fagni

Table: Results for hierarchical algorithms

Method mH pH =i M oM FM
SVM* .881 | .868 | .875 | .837 | .524 | .554
Knn* .790 | .813 | .802 | .759 | .503 491

NaiveBayes* .825 | .713 | .765 | .763 | .283 | .337
MP-Boost .884 | 843 | .863 | .796 | .537 | .548

Table: Results for flat algorithms

Results
* Original paper results
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conclusion

We have proposed TREEBOOST, a multi-label HTC
algorithm based on a hierarchical variant of
ApaBoosT.MH and MP-BoosT.

@ We have analyzed the computational cost of the algorithm
showing that TREEBOOST is cheaper to train and test by
an exponential factor than the baselines.

@ The results show that:

o TREEBOOST.MH outperforms ADAB0OOST.MH in terms
of effectiveness, especially for FM;

o TREEBOOST.MP has very similar effectiveness
performance respect to MP-BoOOST;

o TREEBOOST.MP is better than TREEBoOST.MH;

o TREEBOOST outperforms baselines in terms of efficiency
by heavily diminishing training and testing time;

e We can use a highly reduced feature set without bringing
about any effectiveness degradation.
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@ Optimizing AdaBoost.MH implementation

© Details about computational cost of TREEBoOST. MH
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Optimized AdaBoost.MH implementation

TreeBoost: A A A .
rfgeoozf;tg o Note that if {®1,...,Ps} contains a subset

fof‘ll\ﬁjlrm;"bd {CT>(1k), e @g’a)} of WHs that all hinge on t, and are of

Hierarchical Text the form
Categorization

Tiziano Fagni "(k) N a6j |f Wy = O
[ON (dl7 CJ) - { aij if wy =1 (12)
Optimizing
ﬁf&fﬁiﬁ;ﬁfﬂn for r=1,...,q(k), the collective contribution of
CT>(1k), ey @g’zl) to the final hypothesis is the same as that
of a “combined hypothesis”
N Q(k) r. f e O
$M0(dr, ) = S B (13)
Zr:l aij if Wi = 1

@ In the implementation we have thus replaced
Zle ®4(d;, ¢j) with Zle ®(k)(d;, ¢;), where A is the
nlimber of different terms that act as pivot for the WHs in
{Py,...,ds}.
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The computational cost of the training time

TreeBoost: A
Boosting
Algorithm . .

for Multi-label g The number of training documents.

Hierarchical Text
Categorization

m The number of categories.
Tiziano Fagni
: r The number of unique terms in training

documents.

Details about

E?mputational cost ADA‘XBOOSTl\IH

Bl The key steps in computing weak learner require O(gmr):

© computing, for each tx € T, the Zs(ébest(k)) factor
(requires O(gm));

@ computing the minimum, over all t, of such
Zs(Ppest(k)) factors (requires O(r)).
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The computational cost of the training time (2)

TREEBOC

The computation cost heavily depends on the topology of the categories
tree and on the distribution of positive training examples across leaves
of the tree. We can thus identify “worst case” and “best case”.

worst case The categories tree has height 1, only leaf categories and
no internal category nodes. The cost is equivalent to
ApaBoosT.MH algorithm.
best case The categories tree is a perfectly balanced tree of ariety a
and height h = log, m. At each level /=1,... h,
TREEB0OST.MH calls ADAB0OST.MH /! times.
This implies:
o each call to ADAB0OST.MH requires O(Sfzar)
instead of O(gmr);
@ the number of operations required by
TrEEBooOST.MH is
O(X]; 2" - SErar) = O(TI, gar) = O(garh);
@ Given m = a, this means TREEBoOST.MH is
cheaper than AbABoosT.MH by an exponential
factor.
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The computational cost of the testing time

ApaBoost.MH
The cost is O(Sm). Each test document is given as input to

O(S) weak hypothesis, each of which performs 1 test and m
additions.

TrREEBoosT.MH

worst case The cost is O(Sm), the same computational
cost as ADABoosT.MH.

best case The cost is O(Sah). Each test document is
input to h classifiers, each of which performs 1
test and a additions. Recalling that m = a"

, we
can see that TREEBOOST.MH is cheaper than
ADABOOST.MH by an exponential factor.

\
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MP-BoosTt vs. SVM

At the moment SVM has probably slightly better
effectiveness than MP-BooOST. The main limits/problems of
MP-BoosT are:

@ it uses a document binary representation;

@ it is sensible to outliers;

@ it has no internal mechanisms to tune relative
importance of errors (FPs vs. FNs).

MP-BoOOST is less expensive than SVM in terms of
computational cost:

e Training time: MP-Boost is O(gr) while SVM is
O(gns, + n3,). Recently Steinwart has shown that ng,
grows as a linear function of g.

@ Testing time: MP-BoosT is O(S) while SVM is
O(nsy).
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