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[149] C. B. Garćıa and T.-Y. Li. On the number of solutions to polynomial systems of equations.
SIAM J. Numer. Anal., 17(4):540–546, 1980.

[150] R. Garcia and A. Lumsdaine. Multiarray: a c++ library for generic programming with
arrays. Software: Practice and Experience, 35(2):159–188, 2005.

[151] S. Gharibian. Strong np-hardness of the quantum separability problem. Quantum Info.
Comput., 10(3):343–360, Mar. 2010.

[152] J. Gillard and A. Zhigljavsky. Application of structured low-rank approximation methods
for imputing missing values in the time series. Stat. Interface, 8(3):321–330, 2015.

[153] G. H. Golub and C. F. Van Loan. Matrix computations. Johns Hopkins Studies in the
Mathematical Sciences. Johns Hopkins University Press, Baltimore, MD, fourth edition,
2013.

[154] G. H. Golub and C. F. van Van Loan. Matrix Computations (Johns Hopkins Studies in
Mathematical Sciences)(3rd Edition). The Johns Hopkins University Press, 3rd edition,
Oct. 1996.

[155] S. A. Goreinov, I. V. Oseledets, and D. V. Savostyanov. Wedderburn rank reduction and
Krylov subspace method for tensor approximation. Part 1: Tucker case. SIAM J. Sci.
Comput., 34(1):A1–A27, 2012.

[156] L. Grasedyck. Existence and computation of low kronecker-rank approximations for large
linear systems of tensor product structure. Computing, 72:247–265, 2004. 10.1007/s00607-
003-0037-z.

[157] L. Grasedyck. Hierarchical singular value decomposition of tensors. SIAM Journal on
Matrix Analysis and Applications, 31(4):2029–2054, 2010.

[158] L. Grippo and M. Sciandrone. On the convergence of the block nonlinear Gauss-Seidel
method under convex constraints. Oper. Res. Lett., 26(3):127–136, 2000.
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Équations aux Dérivées Partielles (Paris, 1962), pages 87–89. Éditions du Centre National
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ACM Trans. Graph., 24(3):426–433, July 2005.

[410] D. Vlasic, M. Brand, H. Pfister, and J. Popovic. Face transfer with multilinear models. In
ACM SIGGRAPH 2006 Courses, SIGGRAPH ’06, New York, NY, USA, 2006. ACM.

[411] M. D. Vos, A. Vergult, L. D. Lathauwer, W. D. Clercq, S. V. Huffel, P. Dupont, A. Palmini,
and W. V. Paesschen. Canonical decomposition of ictal scalp eeg reliably detects the seizure
onset zone. NeuroImage, 37(3):844 – 854, 2007.

[412] V. Vu. Singular vectors under random perturbation. Random Structures Algorithms,
39(4):526–538, 2011.



178 BIBLIOGRAPHY

[413] E. Wakakuwa, A. Soeda, and M. Murao. A coding theorem for bipartite unitaries in dis-
tributed quantum computation. IEEE Trans. Inform. Theory, 63(8):5372–5403, 2017.

[414] H. Wang and N. Ahuja. Facial expression decomposition. In Proceedings of the Ninth
IEEE International Conference on Computer Vision - Volume 2, ICCV ’03, pages 958–,
Washington, DC, USA, 2003. IEEE Computer Society.

[415] H. Wang and N. Ahuja. Compact representation of multidimensional data using tensor rank-
one decomposition. In Proceedings of the Pattern Recognition, 17th International Conference
on (ICPR’04) Volume 1 - Volume 01, ICPR ’04, pages 44–47, Washington, DC, USA, 2004.
IEEE Computer Society.

[416] L. Wang and M. T. Chu. On the global convergence of the alternating least squares method
for rank-one approximation to generic tensors. SIAM J. Matrix Anal. Appl., 35(3):1058–
1072, 2014.

[417] L. Wang, M. T. Chu, and B. Yu. Orthogonal low rank tensor approximation: alternating
least squares method and its global convergence. SIAM J. Matrix Anal. Appl., 36(1):1–19,
2015.

[418] W. C. Waterhouse. Do symmetric problems have symmetric solutions? Amer. Math.
Monthly, 90(6):378–387, 1983.
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