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Solving MIPs with Branch and Bound What to Control? Obtaining a Schedule Efficiently
® Mixed Integer Programs (MIPs) are optimization problems with additiona ® heuristic loop iterates over heuristics ( EXECUTE Heumsnc) ~<_, e /IDEA: Builld greedy schedule by successively adding actions (h,7) that
constraints that some of the variables need to be integer until good enough incumbent is found found found \.. maximize the benefit-cost ratio. i.e. number of nodes solved to total cost
incumben Nnothin S |
® commonly solved with the Branch and Bound algorithm: an optimal solution s ® cach heuristic has limits that decide / \t ’ ” o complexity: O( | Dataset|)
found by successively dividing the problem into smaller linear subproblems for how long it will be executec GONTINUE WITH sow,,\@ CHOOSE NEXT HEURBT@ |
GET PR -
e |[DEA: Control order and duration to T T FOWER PRIoRTTY i O o SPEGIFIC SCHEDULE
Objective value of find better solutions faster —  bulld
value best solution so far schedule of heuristics HEURISTIC LOOP /\
heuristic A, has priority 1 ORDER / \ —> —> hy - &
>
/ \
. A | | | hy
Value of P Dual bound: min. val_ue of SCHEDULE teration budget of 4, is 7, (o1oK (.o maxamizing 0 =",
elaxation | LP relaxation at frontier | # new nodes solved i ; . SCHEDULE
oot Learning from Data N TN 8 .
canno can solve o 3 - : :
BRANCH AND BOUND TREE SOLVING PROCESS 2o ””Of/ \Zm . w2 I I I oo
SOLVE TRAINING INSTANCES KEEP TRACK OF NODES AT WHICH GET DATA — 1
| - | - | | HEURISTICS WERE EXECUTED (SCHEDULE IS DONE!J G\DD (h,7) TO SCHEDULE) N N N >
® primal heuristics are crucial for finding good primal solutions — helps to close the | NODES
gap faster and enables more effective decision-making in practise / \ ® ® (N — I, fings solution after 3 iterations
' fas ‘ot ' | N| — h, finds solution after 9 iterations "
® typically, solvers use a lot of different heuristics with a multitude of parameters 7/ \ | Com puta'n()nal Results
) _ ) i Ny = h,, finds no solution y _ ,
The Problem with Managing Heuristics /\ ® ® we consistently leamn schedues wilh 1.0 ehedule
better primal performance than default g B I
® most heuristics can be really costly — important to be strategic about setting their DATA COLLECTION SCHEME Se|tt|ngégpstate—of—the—art acagemic MiP & e
| mit - . . SOIver a Y
working limits o |IDEA: learn from data by constructing schedule that finds solutions for large | | s o
® solvers make such decisions following hard-coded rules derived from broad fraction of nodes while minimizing number of iterations spent by schedule ® tested on challenging problem classes: g Y- L|_
benchmark test sets, but heuristic’'s performance Is highly problem-dependent fgfgg//zed d/ndFepenjeg; St P @b//eﬁ 0.2
. . . P : an Ixed-Charge Multi- —
[ _ - i
PROBLEM: Static settings derived from heterogeneous benchmark sets do not The Heuristic Schedu“ng Problem Commodity Network Flow Froblem 00 b e
vield best performance for specific problem class FCMNF) TIME (IN SECONDS)
number of iterations schedule
BT ronmmie  monmeiion  rhosdwssoue 5 neec 0 sos nods N rodes soved by schedue S R ITRCrL | WETCEWTSETTR | ST s | worease i Mewwess
DECISION-MAKING IN PRACTICE DECISION-MAKING IN PRACTICE GISP 49 % 90 % 57 o 52 04
f N [ 1 4 N ( 7 | FCMNF 14 % 73 % 78 % 129 %
mSm Z I(S,N) s.t. [N(S)| > a|NX)| screouce | N e schedule uses different order ano
N=-_ NeNX) are much shorter — intelligent
- J\Q J \- 7\ / minimum fraction of nodes at DEFAULT . ... . heuristic scheduling increases
WHAT SOLVERS DO WHAT USERS WANT nodes that appear when solving which 5 needs o find a solution o 750 1500 o250  a000 probability of finding solutions
_ | | instances of a training set X MAXIMAL ITERATIONS
® SOLUTION: Use a data-driven framework o leam how 1o control primal | - . e since the learning phase is efficient, effective and scalable, training is much
heuristics perfectly for the problem class of interest e problem is VP-hard since it generalizes the Pipelined Set Cover Problem faster than other ML approaches



mailto:khalil@mie.utoronto.ca
mailto:pokutta@zib.de
mailto:gleixner@zib.de
mailto:andrea.lodi@polymtl.ca

