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SYSTEM OF LINEAR EQUATIONS WITH NON-NEGATIVE 
SOLUTION
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Original system (I)

Alternative system (II)

Farkas’ Theorem
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How to Make the Problem Easier

• Reduce the dimension:
• Remove the constraints:
• Extract a unique solution:

• => replace it by the dual
• => penalize it
• => regularize it
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Proposition 1. The unique solution of the Problem (Pr) is 
expressed via the solution of the dual problem (Dp) as

Projection of onto the set of nonnegative solutions of 
linear equation system
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The Dual for the Regularized & Penalized Problem
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m×n d it ||Ax-b||∞ t, sec it ||Ax-b||∞ t, sec
250×104 1 6 2,8×10-11 2,8 6 2,6×10-11 2,7
500×104 1 6 5,6×10-11 8,7 6 3,7×10-11 8,9

1000×104 1 7 6,0×10-11 35,5 7 4,1×10-11 35,1

2000×104 1 8 4,4×10-11 166,3 8 3,7×10-11 156,1

3000×104 1 9 6,2×10-11 446,1 9 6,5×10-11 451,6
4000×104 1 10 7,4×10-11 822,1 10 7,0×10-11 825,1

1000×105 0,5 6 1,8×10-10 167,6 6 1,4×10-10 164,9

2000×105 0,5 6 5,8×10-10 671,7 6 5,0×10-10 658,9

3000×105 0,5 6 4,5×10-10 1479,0 6 5,3×10-10 1414,0

4000×105 0,5 6 5,2×10-10 2508,5 6 5,9×10-10 2470,3

500×106 0,1 6 1,5×10-10 57,4 6 2,2×10-10 59,3

1000×106 0,1 6 1,5×10-09 180,5 6 1,6×10-09 180,1

2000×106 0,1 6 1,2×10-09 685,8 6 1,1×10-09 687,6
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Newton  Method 2
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name      m         n         d

Afiro 27 51 0.07   634.029569 1.184900 44.95628

Addlittle 56 138 0.05   430.764399 1.000000 10654.00

agg3 516 758 0.01 765883.022 1.000000 179783.8

25fv47 821 1876 0.007 3310.45652 0.000000 88184.03

pds_02 2953 7716 0.00007 60697.180 1.000000 91.00000

cre_ a 3516 7248 0.00007 1162.32987 0.000000 27476.84

80bau3b 2262 12061 0.0008   4129.96530 1.000000 321739.6

ken_13 28362 42659 0.00008 25363.3224 1.000000 170.0000

maros r7 3136 9408 0.005 141313.207 3.051759 3.371325

cre_b 9648 77137 0.003     624.270129 0.000000 27476.84

osa_14 2337 54797 0.002   119582.321 18.00000 845289.9

min ( )i iiAAΤ max ( )i iiAAΤ*|| ||x

Свойства матриц A для 11 задач 
из библиотеки NetLib



name solver time(sec) NewtIter

afiro GNewtEGK 0.001 8.63E-11 17
–”– cqpMOSEK 0.31 1.13E-13 –

addlittle GNewtEGK 0.003 6.45E-10 22
–”– cqpMOSEK 0.35 7.18E-11 –

agg3 GNewtEGK 0.14 3.93E-07 116
–”– cqpMOSEK 0.40 2.32E-10 –

25fv47 GNewtEGK 0.54 7.15E-10 114 
–”– cqpMOSEK 1.36 1.91E-11 –

pds 02 GNewtEGK 0.32 1.55E-08 75
–”– cqpMOSEK 0.51 8.20E-06 –

| || |Ax b ∞−



name solver time(sec) NewtIter

cre_a GNewtEGK 3.36 2.64E-09 219 
–”– cqpMOSEK 0.61 2.15E-10 –

80bau3b GNewtEGK 0.27 3.33E-09 79
–”– cqpMOSEK 0.80 2.90E-07 –

ken_13 GNewtEGK 1.41 2.70E-08 55
–”– cqpMOSEK 2.09 1.71E-09 –

maros_r7 GNewtEGK 0.10 1.18E-09 27 
–”– cqpMOSEK 55.20 3.27E-11 –

cre_b GNewtEGK 9.25 6.66E-10 75 
–”– cqpMOSEK 2.31 1.61E-06 –

osa_4 GNewtEGK 42.59 8.25E-08 767 
–”– cqpMOSEK 4.40 7.82E-05 –

| || |Ax b ∞−



Euclidean Distance Between Two Convex Polyhedrons 
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Convex Piecewise Quadratic Formulation
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Newton Method
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