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If you need to reduce us to one label



Example applications

a lot!

vehicle routing container logistics course timetabling

production planning materials stacking patient scheduling



Our main machinery

schedule course c at period t in room r, or not

min
∑
c,t,r

prio(c, t) · xc,t,r

s.t.
∑

t∈T (c),r∈R(c)

xc,t,r = n(c) courses c

∑
c∈R−1(r)

xc,t,r ≤ 1 periods t, rooms r

∑
r∈R(c1)

xc1,t1,r +
∑

r∈R(c2)

xc2,t2,r ≤ 1 conflicts

xc,t,r ∈ {0, 1}

a näıve integer program, a.k.a. “three-indexed”



Integer programming: Progress on algorithms

I very effective algorithm: branch-and-cut

I industry strength implementations available (“solvers”)

I development since 1991
I computer speedup: factor 2 000
I algorithmic speedup: factor 500 000

⇒ easily solve problems with 106 variables and 105 constraints



The bin packing problem

min
∑
bins j

yj∑
bins j

xij = 1 items i

∑
items i

aixij ≤ b bins j

xij ≤ yj i, j

xij , yj ∈ {0, 1} i, j

xij ∼

j

i



Performance of the first model

... ...

4485 2808 45.2933 138 47.0000 45.2933 256083 3.63%

4558 2865 46.0000 53 47.0000 45.2933 260817 3.63%

4618 2911 46.0000 56 47.0000 45.2933 265554 3.63%

4679 2946 45.3133 100 47.0000 45.2933 270877 3.63%

4759 3026 45.3133 54 47.0000 45.2933 274429 3.63%

4859 3126 45.3667 46 47.0000 45.2933 278978 3.63%

4957 3224 45.3667 55 47.0000 45.2933 284217 3.63%

5067 3304 45.9800 30 47.0000 45.2933 289414 3.63%

5160 3383 45.3133 68 47.0000 45.2933 292707 3.63%

5317 3526 45.2933 147 47.0000 45.2933 297019 3.63%

Elapsed real time = 74.99 sec. (tree size = 61.35 MB, solutions = 7)

5418 3625 46.0000 67 47.0000 45.2933 301117 3.63%

5476 3662 45.3133 115 47.0000 45.2933 306847 3.63%

5550 3726 45.2933 153 47.0000 45.2933 312240 3.63%

5639 3809 46.0000 42 47.0000 45.2933 316751 3.63%

5745 3900 46.0000 51 47.0000 45.2933 319540 3.63%

5801 3948 46.0000 39 47.0000 45.2933 324910 3.63%

5884 4013 45.3133 62 47.0000 45.2933 329653 3.63%

... ...

4 model symmetry is a problem here



Bin packing: A model with “more meaningful” variables

I Pj ∼ all possible patterns to fill bin j

min
∑
bins j

∑
p∈Pj

λpj∑
bins j

∑
p∈Pj :i∈p

λpj = 1 items i

∑
p∈Pj

λpj ≤ 1 bins j

λpj ∈ {0, 1} j = 1, . . . , n, p ∈ Pj

λpj ∼

j



Performance of the second model

time | node | left |LP iter|frac |vars |cons |cols |strbr| dualbound | primalbound | gap

t 0.0s| 1 | 0 | 125 | 0 | 121 | 120 | 121 | 0 | -- | 1.200000e+02 | Inf

r 0.0s| 1 | 0 | 125 | - | 121 | 120 | 121 | 0 | -- | 1.150000e+02 | Inf

r 0.0s| 1 | 0 | 131 | - | 122 | 120 | 122 | 0 | -- | 1.110000e+02 | Inf

...

0.4s| 1 | 0 | 5977 | 100 | 410 | 120 | 273 | 0 | -- | 9.700000e+01 | Inf

0.4s| 1 | 0 | 6793 | 104 | 460 | 120 | 310 | 0 | 4.529333e+01 | 9.700000e+01 | 114.16%

b 0.4s| 1 | 0 | 6793 | 104 | 460 | 120 | 310 | 0 | 4.529333e+01 | 5.800000e+01 | 28.05%

E 0.5s| 1 | 0 | 7575 | 104 | 460 | 120 | 310 | 0 | 4.529333e+01 | 4.800000e+01 | 5.98%

0.5s| 1 | 0 | 7575 | 104 | 460 | 120 | 310 | 0 | 4.529333e+01 | 4.800000e+01 | 5.98%

0.7s| 1 | 2 | 7575 | 104 | 460 | 120 | 310 | 42 | 4.529333e+01 | 4.800000e+01 | 5.98%

R 3.6s| 24 | 23 | 16461 | 5 | 895 | 120 | 767 | 447 | 4.529333e+01 | 4.700000e+01 | 3.77%

b 3.6s| 25 | 0 | 16461 | - | 895 | 120 | 767 | 452 | 4.550000e+01 | 4.600000e+01 | 1.10%

SCIP Status : problem is solved [optimal solution found]

Solving Time (sec) : 3.64

Solving Nodes : 25

Primal Bound : +4.60000000000000e+01 (383 solutions)

Dual Bound : +4.60000000000000e+01

Gap : 0.00 %



If nothing else, take away this message

. in integer programming, a “good” model is crucial



Revisiting. . .



Detecting structure in matrices

I key to model strengthening “by decomposition”

10teams

10teams

4 this is graph partitioning/clustering
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Detecting structure in matrices



Business perspectives



Business perspectives



Twitter is full of. . .



Twitter is full of. . .



1614 node ‘Polar Eskimo Genealogy’



Training of SVMs



Evaluation of classification algorithms



Perspectives

I What do we really know about our integer programs?

I What do we really know about our data?

I . . .

I . . .

I Optimization → Data Science

I Optimization ← Data Science

I Optimization ↔ Data Science

I . . .


