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Introduction

n

I'he objective of this research is to implement a generalized classifier stacking which is a simple classifier stacking and cascades of classifier ensembles in
Riemannian geometry. To this end we:

e Built a homotopy diagram which shows all data transformation to be accomplished in linear space and on Riemannian manifolds.

e Developed an algorithm that exploits classifier interactions to build new patterns which are at the same time points on the Riemannian manifold.

e Carried out multiple experiments showing advantaged of application of Riemannian geometry for classifier stacking. The experiments have been
done for different data sets, especially for Gesture Recognition dataset.

Algorithm

e f o L o UL o y Assume that we have L classes and we have a vector of prediction probabilities for each classifier that the given probe
! i | " belongs to some of L classes. Those predictions are conditional probabilities p(y = c¢|X ), where ¢y is the ¢th class,
lﬁl l* l* ¢ =1,...,L. Let us assume that we have T classifiers in ensemble. Then we compose a tensor T of size T' X T' X L,

) (1 t_f:J?i‘—l

_ 14 : 14 Coal — .
i s BN = o 5 (n) . where for each class Cyp,¢ = 1,..., L we have a CPPM A*®(z) T x T with elements a;.,{:,5} =1,...,T"

a;;(z) = pi(y = co| X)p; (y = ce|X) = hi(z)hi(z),i # j;a;; = pi(y = co|X) = hj,i=j. (4)

Since a space of SPD matrices is a tangent space the orthonormal coordinates of a tangent vector y in this space at point X
are given by

Homotopy background

veck (y) = vect (A£>, (5)

T ° ° °
where vecy(y) = |:y1’1,\/§y1,2,\/§y1,3, ...y2,2,\/§y2’3, ...yd,d] . If want to take into the consideration the geometry of the R-

manifold we have to compute the orthonormal coordinates in a flattened space by vectorizing the projection matrix decomposed

Homotopy diagram of data transformations using Singular Value Decomposition (SVD):

VecfK (y) = Vecf (Proj(AE)) = Vecf (Ue log(Se)(Ue)T). (6)

Riemannian manifolds
The space of d x d SPD matrices Sym:iL is an

ope€1n Convex CoIe EXpeI‘imeﬂtS

Sym; = ‘ | {P € Sym®:x"Px >0} (1) Classification accuracy as a function of the number of cascades of RFs (first row) and
rE R ETs (second row) plotted for three experiments from Gesture Phase Segmentation data
set. Depth of decision trees wn RFs and FETS 1s equal to &5 wn all three experiments.
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Learning  classifier  predictions  using  different  classifier  stacking  techniques: means
and  standard deviations of  prediction accuTracy (shown in %)  for  data sets
d(P,Q) = ||log(Q) — log(P) from  UCI  repository  (left  table) and  Gesture  Phase  data  sets  (right  table).
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Conclusions

Our experiments confirm that application of Riemannian geometry for classifier stacking such as
simple stacking or cascades of classifier ensembles is advantageous. Riemannian geometry is especially
useful for nonlinear problems such as Gesture Phase data set. Riemannian manifolds allow to use
less cascades in case of recursive classifier stacking realized via classifier cascades.




