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Abstract

Many machine learning task are involved with the transfénfwrmation from one
representation to a corresponding representation or taskse several different
observations represent the same underlying phenomenotaséiaal algorithm
for feature selection using information from multiple soes or representations is
Canonical Correlation Analysis (CCA). In CCA the objectigdo select features
in each observation space that are maximally correlate¢paosd to dimension-
ality reduction where the objective is to re-represent thedh a more efficient
form. We suggest a dimensionality reduction technique adtls on CCA. By
extending the latent space with two additional spaces, sjetific to a partition
of the data, the model is capable of representing the fuléxae of the data.

In this paper we suggest a generative model for shared dioreaigy reduction
analogous to that of CCA.

1 Non-Consolidating Component Analysis

Dimensionality reduction is the task of unsupervised femgelection where the aim is to find a
lower dimensional representation of an observed varidbl¢his paper we are interested diata-
consolidation. Given multiple sources of information, data consolidai®the task of representing
these multiple sources whit in the same model. Given twodafaterresponding observations =

T T D D .
[yi,...,y~n] andZ = [z1,...,zny] wherey, € R”¥ andz, € R”: we wish to represent
both observations using a single variable. Our algorithbased on a set of assumptions. First we
assume that the two data sets can be generated by a smoathcanigpted function from lower
dimensional latent spaces.

Yni = le (UY) + €ZZ‘7 Zni = le (UZ) + 67{1‘7 (1)

We will assume that the two latent spad@¥ andUZ shares a common non-empty subspéce D

X5 C UZ. We further assume that both the shared subspatand the remaining completing
subspaceXY = UY — X andX? = U? — X can be generated by smooth mappings from the
observations.

Ty, = gz‘y (yn) = gz‘Z (zn) 2
ILE = hf (yn) ) xgi = hzZ (Zn) ) (3)

Embedding: By applying CCA to the observations we recover a set of divastin each observation
spaceW?Y and W# explaining the shared variance betwégnandZ. To recover the partition



specific latent spaces we introduce a novel algorithm caltedConsolidating Component Analysis
(NCCA). The directions given by applying CCA already exptaa part of the variance in the data.
The objective of NCCA is to find further directiormthogonal to the ones given by CCA, explaining
the remaining variance. This can be formulated as the fatigwptimization problem,

vi = argmay, vi Cvy

subject to:vlv; = 1 andvi W = 0, (here we have temporarily dropped the partition subsgript
W are the canonical directions ad is the covariance matrix. The optimea} is found via an
eigenvalue problem,

(C — WWTC) V] = /\1V1. (4)

For successive directions further eigenvalue problemsesfdrm

k—1
(c - (WWT +> vw?) c) Vi = AoV (5)

i=1
need to be solved.

The obvious path to non-linearize the suggested algorithtm apply the kernel-trick to both CCA
and NCCA. However, many popular kernels tend to expand tlag@of the data rather than reduc-
ing it. For a close to full-rank kernel matrix this impliesatithe feature space induced by the kernel
are effectively the same which leads to a trivial solution@&€A. Therefore we have as suggested
in [3] chosen to first re-represent each observation spads dpminant principal direction in each
kernel induced feature space and apply linear CCA and NCQhisrreduced representation.

We follow the approach of [2] and rate the quality of the enmtbiags for a range of different kernels
through the GP likelihood. Intuitively what this means igitthif Eq(2) and Eq(3) have correctly
“unraveled” the manifold then Eq(1) should also hold andefare result in a high likelihood.
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Figure 1:Graphical Model.

2 GP-LVM NCCA

The Gaussian Process Latent Variable Model (GP-LVM) wagssigd by Lawrence [4] as a gener-
ative model for dimensionality reduction. In the GP-LVMrimawork the latent variables are treated
as the parameters of the model and the location that maxarttizedata likelihood is sought.

In [6] a GP-LVM model representing two observation spacea bingle latent variable is presented.
The objective is to find the latent locations that maximizessum of the data likelihood for each
observation space. Even though the model has similaritits @CA the generative formulation
of CCA [1], extended to non-linear mappings in [5] is moredived. CCAselects and represents
portions of variance that is correlated between the diffeobservations. Non-correlated variance
is not represented in the CCA model. However, a generativdeimeeed to explain the full variance
of each observation, correlated and non-correlated. Tévera generative formulation of CCA also
need to “explain away” non-correlated variance. In [1] a$sumed that this non-correlated variance
is explained by a Gaussian noise model.
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Figure 2: (a) Input Silhouette, (b) Ground Truth Pose, (c) Pose-figadkelihood, (d) NCCA Prediction, (e)
Regression Predictiofop Row: show a silhouette in a face-on-view, in the pose specifiditiked we can see

a single mode. Traversing the mode we can see that the pes#isjocation with a high likelihood contains
poses with different configurations of the leg&'? Row: show a side-one view, from the silhouette it is not
possible to disambiguate between the legs. This is refldntedlo modes in the pose specific likelihood with
each mode representing a different leg configuration. Exlibgdhe data we were surprised that the algorithm
was able to disambiguate the heading angle for silhouatt#sas the one on the top row. Further examination
of the data showed that a this ambiguity does not exist in &ite &s the left arm consistently hangs further away
from the body compared to the right throughout the sequefeonfirm that we could capture this ambiguity
if present we modified the data to include such silhouettel thie opposite arm configuration. Embedding
this modified data it is clear that the algorithm correctlgqas the information controlling the heading angle in
the pose specific latent space. The last column shows as aacsmpthe results of applying a GP-regression
from the silhouette space directly to the pose space. Thangalge of our method should be clear compared to
a regression based method especially from the output ottiression model for the bottom row.

Constructing a GP-LVM model respecting the subspace streicf the NCCA model is a trivial
task. However, for the general case no closed form soluticghe GP-LVM objective exists and to
proceed the solution is found using gradient based metlidds.implies that a initialization of the
latent location&X in a convex region of the global minima is necessary. TheesddsP-LVM model
is reliant on the existence of a analogous method with a cosmieition. Using the NCCA solution
as initialization the latent locations can be further redibg maximizing the GP-LVM objective.

3 Reaults

We have applied the suggested model to estimate humar¥peggesented as joint locationsih
space from its corresponding silhouette imageThe pose estimation problem from silhouette have
been shown to be very hard to model in an efficient way as asiitte® can be associated with several
different poses which means it cannot be modeled using aatdmegression approach. Due to
the high-dimensionality in the data modeling the condaiatistribution of silhouettes over poses is
very hard. Modeling the data with our model decomposes ttiason in two parts(1). estimating
the shared latent locatiq@). estimating the pose specific latent location. The sharedtapace
represent the variance in both data spaces between whighitha functional relationship, it can
therefore be found by mapping the silhouette throgtjh The remaining pose specific latent space
contains information about pose which are not present isitheuette g.g. the different poses that
cannot be disambiguated by a specific silhouette. This misahat our latent model allows us to
extract as much information as possible from the silhowstteuse this information to constrain the
possible output poses. After determining the shared lddeationx? corresponding to a specific
silhouettey . the remaining subspace of the latent representation nedmsdetermined. This can
be done by finding location over the pose specific latent sffatenaximizes the likelihood in the
pose space,

argmaxz = p(z| {x7,x7}) = p(z| {gy (y.),x7}).
In Figure 1 results are shown of applying NCCA to a benchmarinbin Pose data set.



4 Conclusion

We have presented a dimensionality reduction techniquieetkiznds the latent space found by
Canonical Correlation Analysis with two additional obssien specific subspaces. The additional
spaces make the model capable of explaining the full vagiaheach observation space compared to
the latent space of CCA which only explains the variance twigcshared between the data spaces.
We have presented the model both in terms of a convex algorthd as a analogous GP-LVM
model.
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