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CUTS-OFF TIME

Cuts-sensitive with improvement x%:

MIPLIB is not enough for ML for MIP problems

Goal: Train models that are helpful for generic MIP solving. (This is different from models that perform well on structured data.)

MIPLIB is expert-selected library meant to give researchers access to the breadth of problems solved in practice.

« Assumption: M/PLIB is a sample from a distribution of real-world instances.
* Problem: MIPLIB Collection only contains 1065 instances with 217 remaining open, while ML models need a lot of data to train.

We do not know how to draw from the MIPLIB distribution.
Is there a set of scalable generators from the same distribution as MIPLIB?

Many scalable generators aim for this task: Ecole!”, G2MILP?], MILPBench!?], ...
Distributional MIPLIB!?! (DMIPLIB) aggregates generators from 13 domains, classified into different hardness levels.

Case study: Does learning about cuts from DMIPLIB generalize?
Task: Predict whether an instance will benefit from disabling cuts (CUTS-ON vs CUTS-OFF).

Experimental setup: Instances from MIPLIB 2017 Collection and DMIPLIB; solve with PySCIPOpt with a time limit of 3h.
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Need: Large CUTS-OFF instances that are sensitive to cut decisions

Goal: Create scalable generators for large, high-impact CUTS-OFF instances

Instances need to be “interesting” for learning.
From preliminary experiments, and by folklore knowledge, certain problem classes favor CUTS-ON (e.g. Set Packing problems) and
CUTS-OFF (e.g. Set Covering problems).

Idea: Can we use a mix of Set Packing and Set Covering problems to enrich the dataset?

Problem formulation: , e Metric:
CUTS—OFF Time — Oracle Time
Set Packing Z T for all §; € M, CUTS-ON Oracle Imp = CUTS—OFF Time
Problem j€S,
, CUTS—ON Time — Oracle Time
Set Covering Z y; 21—z for all S, € My CUTS-OFF Oracle Imp = CUTS—ON Tis
Problem jES;

z,y € {0,1}", z € {0,1) (Oracle Time: The time required if all instances are classified correctly.)

Experimental setup: |N'| = 1000, |M;| + |[M,| = 5000, max(|S;|) = max(]|S,|) = 100, 30 instances generated for each |M,|.

* Results:
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