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Fig. 1. Comparison of aggregated GPU utilization on the 50-instance competition test
set, measured from the utilization.gpu field of nvidia-smi. The shaded regions show

mean =+ one standard deviation.

Computational Results

Public Benchmark Results

* Evaluated with a 5-minute time limit on the competition test set and MIPLIB 2017 using an NVIDIA V100 GPU, with CPU Local-MIP and multiple cuOpt variants as baselines.

* Experimental results show that cuLocalMIP substantially improves over CPU Local-MIP and achieves performance competitive with cuOpt full, cuOpt heur, and cuOpt FlJ.

Table 1. Results on the MIPcc26 competition test set.

Metric CPU Local-MIP Gurobi-5m cuOptf cuOpthewr cuOptry culocalMIP
#Feas 40.00 44.00 40.67 43.33 39.67 44.00
Avg Gap 0.5223 0.256 0.3667 0.3197 0.6916 0.3414
Avg PT 0.5605 — 0.5001 0.4639 0.7351 0.4132

* Shaowe1 Cai 1s the corresponding author.

Mixed Integer Programming Workshop 2026

Table 2. Results on MIPLIB 2017.

Metric CPU Local-MIP cuOpts cuOpthenr cuOptrs culLocalMIP
#Feas 195.00 216.00 214.00 195.00 212.00
Avg Gap 0.4738 0.1896 0.2270 0.5349 0.3160
Avg PT 0.4967 0.2827 0.3048 0.5561 0.3413
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