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Chapter 1

Rezumat

1.1 Contributiile acestei teze
Principala problema de optimizare considerata in aceasta teza este de urmatoarea forma:

min
x∈Rn

F (x) (= f(x) + Ψ(x)) (1.1)

s.t.: Ax = b,

unde f este o functie neteda (gradient Lipschitz), Ψ este o functie de regularizare simpla (min-
imizarea sumei dintre aceasta functie si una patratica este usoara) si matricea A ∈ Rm×n este
de obicei rara data de structura unui graf asociat problemei. O alta caracteristica a proble-
mei este dimensiunea foarte mare, adica n este de ordinul milioanelor sau miliardelor. Pre-
supunem de asemenea ca variabila de decizie x poate fi descompusa in (blocuri) componente
x = [xT

1 xT
2 . . . xT

N ]
T , unde xi ∈ Rni si

∑
i ni = n. De notat este faptul ca acesta problema de

optimizare este foarte generala si apare in multe aplicatii din inginerie:

• Ψ este functia indicator a unei multimi convexe X care poate fi scrisa de obicei ca un
produs Cartezian X = X1 × X2 × · · · × XN , unde Xi ⊆ Rni . Aceasta problema este
cunoscuta sub numele de problema de optimizare separabila cu restrictii de cuplare liniare
si apare in multe aplicatii din control si estimare distribuita [13,62,65,100,112], optimizare
in retea [9, 22, 82, 98, 110, 121], computer vision [10, 44], etc.

• Ψ este fie functia indicator a unei multimi convexe X = X1 ×X2 × · · · ×XN sau norma
1, notatata ∥x∥1 (pentru a obtine solutie rara) iar matricea A = 0. Aceasta problema apare
in control predictiv distribuit [61, 103], procesare de imagine [14, 21, 47, 105], clasificare
[99, 123, 124], data mining [16, 86, 119], etc.

• Ψ este functia indicator a unei multimi convexe X = X1 × X2 × · · · × XN iar A = aT ,
adica avem o singura restrictie liniara de cuplare. Aceasta problema apare in ierarhizarea
paginilor (problema Google) [59, 76], control [39, 83, 84, 104], invatare [16–18, 109, 111],
truss topology design [42], etc.

Se observa ca (1.1) se incadreaza in clasa de probleme de optimizare de mari dimensiuni cu date
si/sau solutii rare. Abordarea standard pentru rezolvarea problemei de optimizare de dimensiuni
foarte mari (1.1) se bazeaza pe descompunere. Metodele de descompunere reprezinta o unealta
eficienta pentru rezolvarea acestui tip de problema datorita faptului ca acestea permit impartirea
problemei originale de dimensiuni mari in subprobleme mici care sunt apoi coordonate de o
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problema master. Metodele de descompunere se impart in doua clase: descompunere primala si
duala. In metodele de descompunere primala problema originala este tratata direct, in timp ce in
metodele duale restrictiile de cuplare sunt mutate in cost folosind multiplicatorii Lagrange, dupa
care se rezolva problema duala. In activitatea mea de cercetare din ultimii 7 ani am dezvoltat
si analizat algoritmi apartinand ambelor clase de metode de descompunere. Din cunostintele
mele am fost printre primii cercetatori care au folosit tehnicile de netezire in descompunerea
duala pentru a obtine rate de convergenta mai rapide pentru algoritmii duali propusi (vezi
lucrarile [64, 65, 71, 72, 90, 91, 110]). Totusi, in aceasta teza am optat pentru prezentarea celor
mai recente rezultate obtinute de mine pentru metodele de descompunere primala, si anume
metodele de descrestere pe coordonate (vezi lucrarile [59–61, 65, 67, 70, 84]). Principalele
contributii ale acestei teze, pe capitole, sunt urmatoarele:

Capitol 1: In acest capitol dezvoltam metode aleatoare de descrestere pe coordonate pentru
minimizarea problemelor de optimizare convexa de dimensiuni foarte mari supuse la con-
strangeri liniare de cuplare si avand functia obiectiv cu gradient Lipschitz pe coordonate.
Deoarece avem constrangeri de cuplare in problema de optimizare, trebuie sa definim un
algoritm care actualizeaza doua (blocuri) componente pe iteratie. Demonstram ca pentru aceste
metode se obtine o ϵ-aproximativ solutie in valoarea medie a functiei obiectiv in cel mult
O(1

ϵ
) iteratii. Pe de alta parte, complexitatea numerica a fiecarei iteratii este mult mai mica

decat a metodelor bazate pe intreg gradientul. Ne concentram de asemenea atentia pe alegerea
optima a probabilitatilor pentru a face acesti algoritmi sa convearga rapid si demonstram ca
aceasta conduce la rezolvarea unei probleme SDP rare si de mici dimensiuni. Analiza ratei de
convergenta in probabilitate este de asemenea data in acest capitol. Pentru functii obiectiv tari
convexe aratam ca noii algoritmi converg liniar. Extindem de asemena algoritmul principal, in
care se actualizeaza o singura componenta (bloc), la un algorithm paralel in care se updateaza
mai multe (blocuri de) componente pe iteratie si aratam ca pentru aceasta versiune paralela
rata de convergenta depinde liniar de numarul de (blocuri) componente actualizate. Testele
numerice confirma ca pe probleme de optimizare de largi dimensiuni, pentru care calcularea
unei componente a gradientului este usoara din punct de vedere numeric, noile metode propuse
sunt mult mai eficiente decat metodele bazate pe intreg gradientul. Acest capitol se bazeaza pe
articolele [67, 68].

Capitol 2: In acest capitol dezvoltam metode aleatoare de descrestere pe coordonate pentru
minimizarea problemelor de optimizare convexa multi-agent avand functia obiectiv cu gradient
Lipschitz pe coordonate si cu o singura constrangere de cuplare. Datorita prezentei constrangerii
de cuplare in problema de optimizare, algoritmii prezentati sunt de descrestere pe doua coordo-
nate. Pentru astfel de metode demonstram ca in valoarea medie a functiei obiectiv putem obtine
o ϵ-aproximativ solutie in cel mult O( 1

λ2(Q)ϵ
) iteratii, unde λ2(Q) este cea de-a doua valoare

proprie a unei matrici Q definita in termeni de probabilitatile alese si numarul de blocuri. Pe
de alta parte, complexitatea numerica per iteratie a metodelor noastre este mult mai mica decat
a celor bazate pe intreg gradientul iar fiecare iteratie poate fi calculata intr-un mod distribuit.
Analizam de asemenea posibilitatea alegerii optime a probabilitatilor si aratam ca aceasta
analiza conduce la rezolvarea unei probleme SDP rare. Pentru metodele dezvoltate prezentam si
ratele de convergenta in probabilitate. In cazul functiilor tari convexe aratam ca noii algoritmi au
convergenta liniara. Prezentam de asemenea o versiune paralela a algoritmului principal, unde
actualizam mai multe (blocuri de) componente pe iteratie, pentru care derivam de asemenea
rata de convergenta. Algoritmii dezvoltati au fost implementati in Matlab pentru rezolvarea
problemei Google iar rezultatele din simulari arata superioritatea acestora fata de metodele
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bazate pe informatie de intreg gradient. Acest capitol se bazeaza pe lucrarile [58, 59, 69].

Capitol 3: In acest capitol propunem o varianta a unei metode aleatoare de descrestere pe coor-
donate pentru rezolvarea problemelor de optimizare convexa cu funtia obiectiv de tip composite
(compusa dintr-o functie convexa, cu gradient Lipschitz pe coordonate si o functie convexa, cu
structura simpla, dar posibil nediferentiabila) si constrangeri liniare de cuplare. Daca partea
neteda a functiei obiectiv are gradient Lipschitz pe coordonate, atunci metoda propusa alege
aleator doua (blocuri) componente si obtine o ϵ-aproximativ solutie in valoarea medie a functiei
obiectiv in O(N2/ϵ) iteratii, unde N este numarul de (blocuri) componente. Pentru probleme de
optimizare avand complexitate numerica mica pentru evaluarea unei componente a gradientului,
metoda propusa este mai eficienta decat metodele bazate pe intreg gradientul. Analiza ratei
de convergenta in probabilitate este de asemenea data in acest capitol. Pentru functii obiectiv
tari convexe aratam ca noii algoritmi converg liniar. Algoritmul propus a fost implementat in
cod C si testat pe date reale de SVM si pe problema gasirii centrului Chebyshev corespunzator
unei multimi de puncte. Experimentele numerice confirma ca pe problemele de dimensiuni
mari metoda noastra este mai eficienta decat metodele bazate pe intreg gradientul sau metodele
greedy de descrestere pe coordonate. Acest capitol se bazeaza pe lucrarea [70].

Capitol 4: In acest capitol analizam noi metode aleatoare de descrestere pe coordonate pentru
rezolvarea problemelor de optimizare neconvexe cu funtia obiectiv de tip composite: compusa
dintr-o functie neconvexa dar cu gradient Lipschitz pe coordonate si o functie convexa, cu
structura simpla, dar posibil nediferentiabila. De asemenea abordam ambele cazuri: neconstrans
dar si cu constrangeri liniare de cuplare. Pentru problemele de optimizare cu structura definita
mai sus, propunem metode aleatoare de descrestere pe coordonate si analizam proprietatile
de convergenta ale acestora. In cazul general, demonstram pentru sirurile generate de noii
algoritmi convergenta asimptotica la punctele stationare si rata de convergenta subliniara in
valoarea medie a unei anumite functii masura de optimalitate. In plus, daca functia obiectiv
satisface o anumita conditie de marginire a erorii de optimalitate, derivam convergenta locala
liniara in valoarea medie a functiei obiectiv. Prezentam de asemenea experimente numerice
pentru evaluarea performantelor practice ale algoritmilor propusi pe binecunoscuta problema de
complementaritate a valorii proprii. Din experimentele numerice se observa ca pe problemele de
dimensiuni mari metoda noastra este mai eficienta decat metodele bazate pe intreg gradientul.
Acest capitol se bazeaza pe lucrarile [84, 85].

Capitol 5: In acest capitol propunem o versiune distribuita a unei metode aleatoare de de-
screstere pe coordonate pentru minimizarea unei functii obiectiv de tip composite: compusa
dintr-o functie neteda convexa, partial separabila si una total separabila, convexa, dar posibil
nediferentiabila. Sub ipoteza de gradient Lipschitz a partii netede, aceasta metoda are o rata
de convergenta subliniara. Rata de convergenta liniara se obtine pentru o clasa nou introdusa
de functii obiectiv ce satisface o conditie generalizata de marginire a erorii de optimalitate.
Aratam ca in noua clasa de functii se regasesc functii deja studiate, cum ar fi clasa de functii
tari convexe sau clasa de functii ce satisface conditia de marginire a erorii de optimalitate
clasica. Demonstram de asemenea, ca estimarile teoretice ale ratelor de convergenta depind
liniar de numarul de (blocuri) componente alese aleator si de o masura a separabilitatii functiei
obiectiv. Algoritmul propus a fost implementat in cod C si testat pe problema lasso constransa.
Experimentele numerice confirma ca prin paralelizare se poate accelera substantial rata de
convergenta a metodei clasice de descrestere pe coordonate. Acest capitol se bazeaza pe
lucrarea [60].
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Capitol 6: In acest capitol propunem un algoritm paralel de descrestere pe coordonate pentru
rezolvarea problemelor de optimizare convexa cu restrictii separabile ce pot aparea de exemplu
in controlul predictiv distribuit bazat pe model (MPC) pentru sisteme liniare de tip retea. Al-
goritmul nostru se bazeaza pe actualizarea in paralel pe coordonate si are iteratia foarte simpla.
Demonstram rata de convergenta liniara (subliniara) pentru sirul generat de noul algoritm sub
ipoteze standard pentru functia obiectiv. Mai mult, algoritmul foloseste informatie locala pen-
tru actualizarea componentelor variabilei de decizie si astfel este adecvat pentru implementare
distribuita. Avand, de asemenea complexitatea iteratiei mica, este potrivit pentru controlul de
tip embedded. Propunem o metoda de control de tip MPC bazata pe acest algoritm, pentru care
fiecare subsistem din retea poate calcula intrari fezabile si stabilizatoare folosind calcule ieftine
si distribuite. Metoda de control propusa a fost implementata pe un PLC Siemens in scopul
controlului unei instalatii reale cu patru rezervoare. Acest capitol se bazeaza pe lucrarea [61].



Bibliography

[1] I. Alvarado, D. Limon, D. Munoz de la Pena, J.M. Maestre, M.A. Ridao, H. Scheu,
W. Marquardt, R.R. Negenborn, B. De Schutter, F. Valencia, and J. Espinosa. A compar-
ative analysis of distributed mpc techniques applied to the hd-mpc four-tank benchmark.
Journal of Process Control, 21(5):800 –815, 2011.

[2] A. Auslender. Optimisation Methodes Numeriques. Masson, 1976.

[3] R.O. Barr and E.G. Gilbert. Some effcient algortihms for a class of abstract optimization
problems arising in optimal control. IEEE Transaction on Automatic Control, 14:640–652,
1969.

[4] H. Bauschke and J.M. Borwein. On projection algorithms for solving convex feasibility
problems. SIAM Review, 38(3):367–426, 1996.

[5] A. Beck. The 2-coordinate descent method for solving double-sided simplex constrained
minimization problems. Technical report, Israel Institute of Technology, Haifa, Israel, dec
2012.

[6] A. Beck and L. Tetruashvili. On the convergence of block coordinate descent type meth-
ods. SIAM Journal on Optimization, 23(4):2037–2060, 2013.

[7] P. Berman, N. Kovoor, and P. M. Pardalos. Algorithms for least distance problem, Com-
plexity in Numerical Optimization. World Scientific, 1993.

[8] D. P. Bertsekas. Nonlinear Programming, 2nd edition. Athena Scientific, Belmont, MA,
1999.

[9] D.P. Bertsekas and J. Tsitsiklis. Paralel and Distributed Computation: Numerical Meth-
ods. Prentice Hall, 1989.

[10] C.M. Bishop. Pattern Recognition and Machine Learning. Springer-Verlag, New York,
2006.

[11] S. Bonettini. Inexact block coordinate descent methods with application to nonnegative
matrix factorization. Journal of Numerical Analysis, 22:1431–1452, 2011.

[12] P.H. Calamai and J.J. More. Projected gradient methods for linearly constrained problems.
Mathematical Programming, 39:93–116, 1987.

[13] E. Camponogara and H.F. Scherer. Distributed optimization for model predictive control
of linear dynamic networks with control-input and output constraints. IEEE Transactions
on Automation Science and Engineering, 8(1):233–242, 2011.

9



Bibliography 10

[14] E. Candes, J. Romberg, and T. Tao. Robust uncertainty principles: Exact signal recon-
struction from highly incomplete frequency information. IEEE Transactions on Informa-
tion Theory, 52:489–509, 2006.

[15] A. Canutescu and R.L. Dunbrack. Cyclic coordinate descent: A robotics algorithm for
protein loop closure. Protein Science, 12:963–972, 2003.

[16] C. C. Chang and C. J. Lin. Libsvm: a library for support vector machines. ACM Transac-
tions on Intelligent Systems and Technology, 27:1–27, 2011.

[17] K.W. Chang, C.J. Hsieh, and C.J. Lin. Coordinate descent method for large-scale l2-loss
linear support vector machines. Journal of Machine Learning Research, 9:1369–1398,
2008.

[18] O. Chapelle, V. Sindhwani, and S. Keerthi. Optimization techniques for semi-supervised
support vector machines. Journal of Machine Learning Research, 2:203–233, 2008.

[19] S. Chen, D. Donoho, and M. Saunders. Atomic decomposition by basis pursuit. SIAM
Review, 43:129–159, 2001.

[20] X. Chen, M. K. Ng, and C. Zhang. Non-lipschitz ℓp -regularization and box constrained
model for image restoration. IEEE Transactions on Image Processing, 21(12):4709–4721,
2012.

[21] P. L. Combettes. The convex feasibility problem in image recovery. In P. Hawkes, editor,
Advances in Imaging and Electron Physics, pages 155–270. Academic Press, 1996.

[22] A.J. Connejo, R. Minguez, E. Castillo, and R. Garcia-Bertrand. Decomposition Tech-
niques in Mathematical Programming: Engineering and Science Applications. Springer-
Verlag, 2006.

[23] J.R. Correa, A.S. Schulz, and N.E. Stier Moses. Selfish routing in capacitated networks.
Mathematics of Operations Research, pages 961–976, 2004.

[24] F. Deutsch and H. Hundal. The rate of convergence for the cyclic projections algorithm i:
Angles between convex sets. Journal of Approximation Theory, 142:36–55, 2006.

[25] F. Deutsch and H. Hundal. The rate of convergence for the cyclic projections algorithm ii:
Regularity of convex sets. Journal of Approximation Theory, 155:155–184, 2008.

[26] L. Fainshil and M. Margaliot. A maximum principle for positive bilinear control sys-
tems with applications to positive linear switched systems. SIAM Journal of Control and
Optimization, 50:2193–2215, 2012.

[27] M. Farina and R. Scattolini. Distributed predictive control: a non-cooperative algorithm
with neighbor-to-neighbor communication for linear systems. Automatica, 2012.

[28] C. Godsil and G. Royle. Algebraic graph theory. Springer, 2001.

[29] D. Goldfarb and S. Ma. Fast multiple splitting algorithms for convex optimization. Tech-
nical report, Department of IEOR, Columbia University, 2010.



Bibliography 11

[30] L.G. Gubin, B.T. Polyak, and E.V. Raik. The method of projections for finding the
common point of convex sets. Computational Mathematics and Mathematical Physics,
7(6):1211–1228, 1967.

[31] G.M. Heal. Planning without prices. Review of Economic Studies, 36:347–362, 1969.

[32] Y.C. Ho, L.D. Servi, and R. Suri. A class of center-free resource allocation algorithms.
Large Scale Systems, 1:51–62, 1980.

[33] B. Hu and A. Linnemann. Toward infinite-horizon optimality in nonlinear model predic-
tive control. IEEE Transactions on Automatic Control, 47(4):679–682, 2002.

[34] L. Hurwicz. The design of mechanisms for resource allocation. American Economic
Review, 63:1–30, 1973.

[35] D. Hush, P. Kelly, C. Scovel, and I. Steinwart. Qp algorithms with guaranteed accuracy
and run time for support vector machines. Journal of Machine Learning Research, 7:733–
769, 2006.

[36] G.M. James, C. Paulson, and P. Rusmevichientong. The constrained lasso. Technical
report, University of Southern California, 2013.

[37] J.L. Jerez, K.V. Ling, G.A. Constantinides, and E.C. Kerrigan. Model predictive con-
trol for deeply pipelined field-programmable gate array implementation: algorithms and
circuitry. IET Control Theory and Applications, 6(8):1029–1041, 2012.

[38] A. Jokic and M. Lazar. On decentralized stabilization of discrete-time nonlinear systems.
In Proceedings of American Control Conference, pages 5777–5782, 2009.

[39] J. Judice, M. Raydan, S. Rosa, and S. Santos. On the solution of the symmetric eigen-
value complementarity problem by the spectral projected gradient algorithm. Numerical
Algorithms, 47:391–407, 2008.

[40] K. C. Kiwiel. On linear-time algorithms for the continuous quadratic knapsack problem.
Journal of Optimization Theory and Applications, 134:549–554, 2007.

[41] D. Knuth. The art of computer programming. Addison-Wesley, Boston, USA, 1981.

[42] M. Kocvara and J. Outrata. Effective reformulations of the truss topology design problem.
Optimization and Engineering, 2006.

[43] P. Komarek and A. Moore. Fast robust logistic regression for large sparse datasets with
binary outputs. In Artificial Intelligence and Statistics, 2003.

[44] N. Komodakis, N. Paragios, and G. Tziritas. Mrf energy minimization & beyond via
dual decomposition. IEEE Transactions on Pattern Analysis and Machine Intelligence,
33(3):531–552, 2011.

[45] J. Kurose and R. Simha. Microeconomic approach to optimal resource allocation in dis-
tributed computer systems. IEEE Transactions on Computers, 38:705–717, 1989.

[46] D. Leventhal and A.S. Lewis. Randomized methods for linear constraints: Con-
vergence rates and conditioning. Technical report, Cornell University, 2008.
http://arxiv.org/abs/0806.3015.



Bibliography 12

[47] Y. Li and S. Osher. Coordinate descent optimization for l1 minimization with application
to compressed sensing; a greedy algorithm. Inverse Problems and Imaging, 3:487–503,
2009.

[48] D. Limon, T. Alamo, and E.F. Camacho. Stable constrained mpc without terminal con-
straint. In Proceedings of American Control Conference, pages 4893–4898, 2003.

[49] C. J. Lin, S. Lucidi, L. Palagi, A. Risi, and M. Sciandrone. A decomposition algorithm
model for singly linearly constrained problems subject to lower and upper bounds. Journal
of Optimization Theory and Applications, 141:107–126, 2009.

[50] N. List and H. U. Simon. General polynomial time decomposition algorithms. Lecture
Notes in Computer Science, 3559:308–322, 2005.

[51] Z.Q. Luo and P. Tseng. Error bounds and convergence analysis of feasible descent meth-
ods: A general approach. Annals of Operations Research, 46–47(1):157–178, 1993.

[52] Z.Q. Luo and P. Tseng. On the convergence rate of dual ascent methods for linearly
constrained convex minimization. Mathematics of Operations Research, 18(2):846–867,
1993.

[53] Z.Q. Luo and P. Tseng. A coordinate gradient descent method for nonsmooth separable
minimization. Journal of Optimization Theory and Applications, 72(1), 2002.

[54] S. Ma and S. Zhang. An extragradient-based alternating direction method for convex
minimization. Technical report, Chinese University of Hong Kong, January 2013.

[55] O.L. Mangasarian. Computable numerical bounds for lagrange multipliers of stationary
points of non-convex differentiable non-linear programs. Operations Research Letters,
4(2):47–48, 1985.

[56] M. Mongeau and M. Torki. Computing eigenelements of real symmetric matrices via
optimization. Computational Optimization and Applications, 29:263–287, 2004.

[57] M.V. Nayakkankuppam. Solving large-scale semidefinite programs in parallel. Mathe-
matical Programming, 109:477–504, 2007.

[58] I. Necoara. A random coordinate descent method for large-scale resource allocation prob-
lems. In Proceedings of 51th IEEE Conference on Decision and Control, 2012.

[59] I. Necoara. Random coordinate descent algorithms for multi-agent convex optimization
over networks. IEEE Transactions on Automatic Control, 58(8):2001–2012, 2013.

[60] I. Necoara and D. Clipici. Distributed random coordinate descent methods for composite
optimization. SIAM Journal of Optimization, partially accepted:1–41, 2013.

[61] I. Necoara and D. Clipici. Efficient parallel coordinate descent algorithm for convex opti-
mization problems with separable constraints: application to distributed MPC. Journal of
Process Control, 23(3):243–253, 2013.

[62] I. Necoara, D. Doan, and J. A. K. Suykens. Application of the proximal center decompo-
sition method to distributed model predictive control. In Proceedings of the Conference
on Decision and Control, pages 2900–2905, 2008.



Bibliography 13

[63] I. Necoara, L. Ferranti, and T. Keviczky. An adaptive constraint tightening approach to
linear mpc based on approximation algorithms for optimization. Optimal Control Appli-
cations and Methods, in press:1–18, 2014.

[64] I. Necoara and V. Nedelcu. Rate analysis of inexact dual first order meth-
ods: application to dual decomposition. IEEE Trans. Automatic Control, DOI:
10.1109/TAC.2013.2294614:1–12, 2013.

[65] I. Necoara, V. Nedelcu, and I. Dumitrache. Parallel and distributed optimization methods
for estimation and control in networks. Journal of Process Control, 21(5):756–766, 2011.

[66] I. Necoara, V. Nedelcu, T. Keviczky, M. D. Doan, and B. de Schutter. Stability of linear
model predictive control based on tightening and approximate optimal control inputs. In
Proceedings of 52nd Conference on Decision and Control, 2013.

[67] I. Necoara, Y. Nesterov, and F. Glineur. A random coordinate descent method on large
optimization problems with linear constraints. In Int. Conference on Continuous Opti-
mization, 2013.

[68] I. Necoara, Y. Nesterov, and F. Glineur. A random coordinate descent method on large-
scale optimization problems with linear constraints. Technical report, University Po-
litehnica Bucharest, June 2013.

[69] I. Necoara and A. Patrascu. A random coordinate descent algorithm for singly linear
constrained smooth optimization. In Proceedings of 20th Mathematical Theory of Network
and Systems, 2012.

[70] I. Necoara and A. Patrascu. A random coordinate descent algorithm for optimization prob-
lems with composite objective function and linear coupled constraints. Computational
Optimization and Applications, DOI:10.1007/s10589-013-9598-8, 2013.

[71] I. Necoara and J.A.K. Suykens. Application of a smoothing technique to decomposition in
convex optimization. IEEE Transactions on Automatic Control, 53(11):2674–2679, 2008.

[72] I. Necoara and J.A.K. Suykens. An interior-point lagrangian decomposition method for
separable convex optimization. J. Optimization Theory and Applications, 143(3):567–588,
2009.

[73] V. Nedelcu, I. Necoara, and D. Q. Quoc. Computational complexity of inexact gradient
augmented lagrangian methods: application to constrained mpc. SIAM Journal on Control
and Optimization, 52(5):1–26, 2014.

[74] A. Nedic, A. Ozdaglar, and A.P. Parrilo. Constrained consensus and optimization in multi-
agent networks. IEEE Transactions on Automatic Control, 55(4):922–938, 2010.

[75] Y. Nesterov. Introductory Lectures on Convex Optimization: A Basic Course. Kluwer,
Boston, USA, 2004.

[76] Y. Nesterov. Efficiency of coordinate descent methods on huge-scale optimization prob-
lems. SIAM Journal on Optimization, 22(2):341–362, 2012.

[77] Y. Nesterov. Subgradient methods for huge-scale optimization problems. CORE DIscus-
sion Paper, 2012/02, 2012.



Bibliography 14

[78] Y. Nesterov. Gradient methods for minimizing composite objective functions. Mathemat-
ical Programming, 140:125–161, 2013.

[79] Y. Nesterov. Gradient methods for minimizing composite objective functions. Mathemat-
ical Programming, 140(1):125–161, 2013.

[80] Y. Nesterov and S. Shpirko. Primal-dual subgradient method for huge-scale lin-
ear conic problems. Technical report, CORE, UCL, Louvain, Belgium, 2012.
http://www.optimization-online.org/DB_FILE/2012/08/3590.pdf.

[81] F. Niu, B. Recht, C. Re, and S. Wright. Hogwild!: A lock-free approach to parallelizing
stochastic gradient descent. NIPS, 2012.

[82] D.P. Palomar and M. Chiang. A tutorial on decomposition methods for network utility
maximization. IEEE Journal on Selected Areas in Communications, 24(8):1439–1451,
2006.

[83] B.N. Parlett. The Symmetric Eigenvalue Problem. SIAM, 1997.

[84] A. Patrascu and I. Necoara. Efficient random coordinate descent algorithms for
large-scale structured nonconvex optimization. Journal of Global Optimization, DOI:
10.1007/s10898-014-0151-9:1–31, 2013.

[85] A. Patrascu and I. Necoara. A random coordinate descent algorithm for large-scale sparse
nonconvex optimization. In Proceedings of 12th European Control Conferencel, 2013.

[86] J. C. Platt. Fast training of support vector machines using sequential minimal optimization.
Advances in Kernel Methods: Support Vector Learning, MIT Press, 1999.

[87] B.T. Poliak. Introduction to Optimization. Optimization Software, 1987.

[88] M.J.D. Powell. On search directions for minimization algorithms. Mathematical Pro-
gramming, 4:193–201, 1973.

[89] Z. Qin, K. Scheinberg, and D. Goldfarb. Efficient block-coordinate descent algorithms for
the group lasso. Mathematical Programming Computation, 5(2):143–169, 2013.

[90] D.Q. Quoc, I. Necoara, and M. Diehl. Path-following gradient-based decomposition
algorithms for separable convex optimization. Journal of Global Optimization, DOI:
10.1007/s10898-013-0085-7:1–25, 2013.

[91] D.Q. Quoc, I. Necoara, I. Savorgnan, and M. Diehl. An inexact perturbed path-following
method for lagrangian decomposition in large-scale separable convex optimization. SIAM
Journal of Optimization, 23(1):95–125, 2013.

[92] J.B. Rawlings and D.Q. Mayne. Model Predictive Control: Theory and Design. Nob Hill
Publishing, 2009.

[93] P. Richtarik and M. Takac. Iteration complexity of randomized block-coordinate descent
methods for minimizing a composite function. Mathematical Programming, 2012.

[94] P. Richtarik and M. Takac. Parallel coordinate descent methods for big data optimization.
Technical report, University of Edinburgh, Scotland, December 2012.



Bibliography 15

[95] S. M. Robinson. Bounds for error in the solution set of a perturbed linear program. Linear
Algebra and its Applications, 6:69–81, 1973.

[96] R.T. Rockafellar and R.J. Wets. Variational Analysis. Springer-Verlag, New York, 1998.

[97] R.T. Rockafeller. The elementary vectors of a subspace in rn. In Combinatorial Mathe-
matics and its Applications, pages 104–127, Chapel Hill, North Carolina, 1969.

[98] R.T. Rockafeller. Network Flows and Monotropic Optimization. Wiley-Interscience, 1984.

[99] S. Ryali, K. Supekar, D. A. Abrams, and V. Menone. Sparse logistic regression for whole-
brain classication of fmri data. NeuroImage, 51(2):752–764, 2010.

[100] S. Samar, S. Boyd, and D. Gorinevsky. Distributed estimation via dual decomposition. In
Proceedings European Control Conference (ECC), pages 1511–1516, 2007.

[101] H. Schwartz. Uber einen grenzubergang durch alternierendes verfahren. Vierteljahrss-
chrift der Naturforschenden Gesselschaft in Zurich, 15:272–286, 1870.

[102] P.O.M. Scokaert, D.Q. Mayne, and J.B. Rawlings. Suboptimal model predictive control
(feasibility implies stability). IEEE Transactions on Automatic Control, 44(3):648–654,
1999.

[103] B. T. Stewart, A.N. Venkat, J.B. Rawlings, S. Wright, and G. Pannocchia. Cooperative
distributed model predictive control. Systems & Control Letters, 59:460–469, 2010.

[104] H.A.L. Thi, M. Moeini, T.P. Dihn, and J. Judice. A dc programming approach for solving
the symmetric eigenvalue complementarity problem. Computational Optimization and
Applications, 51:1097–1117, 2012.

[105] R. Tibshirani and J. Taylor. The solution path of the generalized lasso. Annals of Statistics,
39(3):1335–1371, 2011.

[106] P. Tseng. Approximation accuracy, gradient methods and error bound for structured con-
vex optimization. Mathematical Programming, 125(2):263–295, 2010.

[107] P. Tseng and S. Yun. A block-coordinate gradient descent method for linearly constrained
nonsmooth separable optimization. Journal of Optimization Theory and Applications,
140:513–535, 2009.

[108] P. Tseng and S. Yun. A coordinate gradient descent method for nonsmooth separable
minimization. Mathematical Programming, 117(1–2):387–423, 2009.

[109] P. Tseng and S. Yun. A coordinate gradient descent method for linearly constrained smooth
optimization and support vector machine training. Computational Optimization and Ap-
plications, 47:179–206, 2010.

[110] P. Tsiaflakis, I. Necoara, J. Suykens, and M. Moonen. Improved dual decomposition
based optimization for dsl dynamic spectrum management. IEEE Transactions on Signal
Processing, 58(4):2230–2245, 2010.

[111] V.N. Vapnik. The Nature of Statistical Learning Theory. Springer-Verlag, 1995.



Bibliography 16

[112] A.N Venkat, I.A. Hiskens, J.B Rawlings, and S. Wright. Distributed mpc strategies with
application to power system automatic generation control. IEEE Transactions on Control
Systems Technology, 16(6):1192–1206, 2008.

[113] M. Vose. A linear algorithm for generating random numbers with a given distribution.
IEEE Transactions on Software Engineering, 17(9):972–975, 1991.

[114] M. Wang and D. P. Bertsekas. Incremental constraint projection-proximal methods for
nonsmooth convex optimization. Technical report, MIT, July 2013.

[115] P.W. Wang and C.J. Lin. Iteration complexity of feasible descent methods for convex
optimization. Technical report, National Taiwan University, 2013.

[116] P.W. Wang and C.J. Lin. Iteration complexity of feasible descent methods for convex opti-
mization. Technical report, Department of Computer Science, National Taiwan University,
2013.

[117] E. Wei, A. Ozdaglar, and A. Jadbabaie. A distributed newton method for network utility
maximization. Technical Report 2832, Department of Electrical Engineering and Com-
puter Science, Massachusetts Institute of Technology, 2011.

[118] A. Wills. QPC - Quadratic Programming in C. University of Newcastle, Australia, 2009.

[119] I.H. Witten, E. Frank, and M.A. Hall. Data Mining: Practical Machine Learning Tools
and Techniques. Elsevier, New York, 2011.

[120] S. Wright. Accelerated block coordinate relaxation for regularized optimization. Technical
report, University of Wisconsin, 2010.

[121] L. Xiao and S. Boyd. Optimal scaling of a gradient method for distributed resource allo-
cation. Journal of Optimization Theory and Applications, 129(3), 2006.

[122] S. Xu, M. Freund, and J. Sun. Solution methodologies for the smallest enclosing circle
problem. Computational Optimization and Applications, 25:283–292, 2003.

[123] G.X. Yuan, K.W. Chang, C.J. Hsieh, and C.J. Lin. A comparison of optimization meth-
ods and software for large-scale l1-regularized linear classification. Journal of Machine
Learning Research, 11:3183–3234, 2010.

[124] G.X. Yuan, C.H. Ho, and C.J. Lin. Recent advances of large-scale linear classification.
Technical report, Department of Computer Science, National Taiwan University, 2011.

[125] S. Yun and K.C. Toh. A coordinate gradient descent method for l1-regularized convex
minimization. Computational Optimization and Applications, 48:273–307, 2011.

[126] G. Zhao. A lagrangian dual method with self-concordant barriers for multistage stochastic
convex programming. Mathematical Programming, 102:1–24, 2005.


