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We show how to minimise a quadratic function on a set of orthonormal
matrices using an efficient semidefinite programming solver with
application to dense non-rigid structure from motion. Thanks to the
proposed technique, a new form of the convex relaxation for the Metric
Projections (MP) algorithm is obtained. The modification results in an
efficient single-core CPU implementation enabling dense factorisations of
long image sequences with tens of thousands of points into camera pose
and non-rigid shape in seconds, i.e., at least two orders of magnitude faster
than the runtimes reported in the literature so far. The proposed
implementation can be useful for interactive or real-time robotic and other
applications, where monocular non-rigid reconstruction is required...

# points # frames environment runtime, sec

T&K ~82000 60 C++ 1

AMP (ours) ~9100 45 C++ 1

MP [2] 37 74 matlab 30
Vicente&Agapito [7] 540 50 720

VA [3] ~82000 60 C++/CUDA C 100

Dense NRSfM [8] ~78000 90 600

AMP (ours) ~50700 202 C++ 30

Contributions:

- we show how to formulate a quadratic optimization problem as
a Semi-Definite Progralnming (SDP) problem and solve it with an
efficient SDP solver (such as CSDP)

- the methodology is applied to dense non-rigid surface
factorisation - on example of Metric Projections [2]; it enables a
speedup which makes our implementation - Accelerated MP -
one of the fastest NRSfM methods.
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Method overview
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the unified form

Semi-Definite Program

Coefficient
splitting
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* coefficient splitting holds for symmetric matrices

example:
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subject to {A(U) =a; U = O},

where

Proposition about
a block-PSD matrix

A(U) = [tl‘(AlU) tI‘(AQU)

te(An0)] T Constraints

on traces and elements

*the matrices C', A1, A2, ..., Am as well as the vector a

are known, and the operator A maps the unknown
PSD matrix U to a vector.

Uy
0 U, has a block

structure, then U is PSD if both Uy and Uy are PSD. Con-
versely, if U is PSD, then the principal submatrices U, and
Uy are PSD.

Proposition 1 If a matrix U =

* a principal submatrix is a square submatrix obtained by removing k
rows and columns with the same indexes (whenever i-th row is
removed from U , the i-th column is also removed)
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projection of M onto the motion manifold:

M = [ R Lk R ||
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projection onto the motion manifold
(augmented Lee group) [2]
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Interior Point Methods converge to
an optimal solution through interior
of the solution space [5]
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Accelerated
Metric Projections

Accelerated Metric Projections

Input: measurement matrix W
Output: non-rigid shapes S, camera poses R (factorisation of W)
1: Initialisation: S;, R; and M from rank 3 rigid factorisation of W
2: while not converges do
3: project M framewise onto the motion manifold (a Newton-like algorithm;
4 the first frame is projected by the proposed convex relaxation)
5 S — M®OTw
G M+ — ws®t
7: end while

* projection of M is performed according to <Method Overview>

Semi-Definite Programmming

- is a field of convex optimisation

- optimised is a linear objective functon

- a special case of cone programming

- constraints are provided by linear matrix inequalities
and linear equalities

- an SDP can be solved by interior point methods

CSDP library

- is build upon lapack

- provides an efficient implementation of Primal-Dual
Interior Point algorithm [5]

- enables SDP programs to be solved in polynomial time
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Experimental evaluation
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AMP runtime measurements for different subsampling factors
compared to T&K [1] and VA [3] on Intel Xeon E5-1650
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