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DynSep
Background: How Cuts Are Born in MILP Solver

e Cutting planes (cuts) are essential for solving mixed-integer linear programming (MILP) problems, as they
tighten the feasible solution space and accelerate the solving process.

® Separators: cutting plane algorithms built in MILP solver (e.g., Gomory cuts, Clique cuts).

® Separator configuration: Determine which separators to activate and how aggressively to activate. The
configuration of separators determines the quality of candidate cuts and thus the solver’s convergence behavior.

e Multiple Separation Rounds in MILP Solver:
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Motivation: The Optimal Separators Choice Keep Changing

Cut passes induce the evolving MILPs...

MILP added Cuts from MILP added Cuts from

Original MILP 1st Separation Round 2nd Separation Round

Decision: Select Activated Separators at Each Round
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Flow Cover Separator

Evolving MILPs Require Round-Aware Separator Reconfiguration
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Motivation: Eolving Graph & Redundant Re-Embedding

MILP added Cuts from MILP added Cuts from

Original MILP 1st Separation Round 2nd Separation Round
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Insight: Computing the Incremental Graph at each decision

Original MILP ; 15t Round Cuts 3 2nd Round Cuts
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Method-Step 1: Triplet Graph Modeling
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» Autoregressive decision model with blocked PE;
» captures inter-block order and retains permutation
equivariance inside each block
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i Blocked positional encoding i

Token sequence: < zy,Zq1,Zy, ... >
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Method-Step 3: Decision Modeling
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Method: Overall RL Formulation
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Experiments: Main Evaluation

Table 1: Comparative evaluation on easy, medium, and hard datasets. Best performance is in bold,
with the greatest improvement (Improv.) both bolded and underlined. Sizes of nine benchmarks are in
parentheses, with # and m representing the average numbers of variables and constraints, respectively.

» 64% time speed-up on easy/medium
datasets

» 16% PD-integral reduction on hard
datasets

The values report the mean (standard deviation) of time and PD integral metrics.

Easy: Set Covenng (r = 1000, m = 500)  Easy: Max Independent Set (i = 500, m = 1953)

Easy: Multiple Knapsack (n = 720, m =72)

ot lmprov. T ) ‘ Improv. T ; Improv, T o

Method Timeis) | (time, *%) PD integral | Timeds) | (time. ) PD integral | Timeis) | (time. %) PD integral |
NoCuts TA5(3.87) NA 101.86 (55.59)  15.32(5.82) NA 1464 (56.99) 13.84 (28.79) NA 25.21 (26.6)
Default 5.24(1.79) 29.66 95.56 (36.86)  30.4(8.02) 9843 289.51 (103.81) 2.01(1.82) 8548 18.6 (10.49)
Search(50) 1.71044) ERAL 36.77 (83.48) 442(3.89) 7115 23.28(19.02) 4.12(5.52) 70.23 13.38 (7.36)
Prupe TA5(5.14) 0.00 66.83(4597)  S503(3.18) 67.17 3093 (22.39) (.64 (0.48) 95.38 9.89 (3.82)
L2SepiR1) 6.56 (4.35) 11.95 62.12¢39.08) 542(3.86) 6462 3421 (25.97) TA45(12.07) 46,17 12,99 (8.66)
L2Sep(R2) 7.35(4.88) 1.34 70.00 (43.57)  5.36(3.76) 65.01 3394 (25.33) 914 (12.89) 33,96 1440 (8.72)
LEMASepasel 1173 (12,00} 57.45 10739014y S13(4.19) 66.51 27082017 48(551) 68,32 17.79 (R.9)

DynSep (Ours)  L51(0.27) 79.73 3388 (9.34) 0.53 (0.20) 96.54 9.66 (2.40) 0.52(0.24) 96.24 9.71(5.39)
Medium: Corlat (n = 466, m = 456) Medium: MIK (1 = 413, m = 346) Hard: Anonymous (r = 37881, m = 49603)
" Impeov. 1 - o Imgrow. T o - PO e Impeoy. T
Method Time(s) | (time. %) PD iniegral | Tmeds) | (timie. %) PD integral | Timedsy | PD imtegral | (PD 1oL, %)
NoCuts T466(122.25) NA 268768 (6209.48)  190.28(111.97) NA SR7.85(859.76)  259.77 (7571 2011702923401 NA
Defsult 111,55 (132.19) 4941 1057314 (13070.46) 16,65 (18.06) 91,25 R2.80 (56.24) 2U98.92 (4.09) 27064958 (4892.8) -28.19
Searchis0) 35.74(97.19) 25.34 2910.77 (6S5KS.5) 24.99 (20.56) 86,87 R9.27 (55.85) 270,68 (65.52)  24028.68 (9007857 1379
Prune 89.00 (123.52) -19.33 261571 (5814.74) 30001 10.0) SST6T  23728(1023.8)  24L75010061)  1T304.91 (9563.3) 1808
LISep(R1) 91.04(124.12) 22.07 312407 (6914.50) 15.50 (17.640) 91.85 61,09 (44.50) 239.52 (94.82)  16970.35 (1010840 19.64
L2Sep(R2) BY. &4 (124.30) -20.33 311329 (6927.16) LLI3(9.09) W15 44.69 (25.06) 240,58 (93.80) 1685057 (10052.83) 20.20
LLMASepasel 6403 (110.63) 1424 2021.73 (6860.21) 1T (17.76) W57 88,66 (65 34) 28457 (34.79) 2538448 (B100.56) -20.21
DynSep (Ours) 22,96 (38.93) 69235 223342 (3868.43) 1099 (9.44) 94,22 13153420 23189(10075)  15656.7 (8996,14) 2586
Hard: Load Baluncing (7 = 61000, m = 644N Hard: MIPLIB mixed peos (n = 6958, m = 5660) Hurd: MIPLIB mixed supporicase (0 = 19766, m = 19910)
. . : T, T = - 2 {mprov. T — : - lmpeow, 1
Method Timets) | PO integral | (PD L. %) Time(s) | PD integral | (PD InL. %) Timets) | PD integral | (PD Int. %)
NoCues 00.104002) 1509326 (9440,68) NA 27504 (4323) 1861853 (12214.63) NA 18126 (120.25)  12959.99 (10506.47) NA
Default 0014 4002)  I5I87.19(936.38) -0.62 28298 (29.49) IRSN.S (9386.15) -26.56 2T5C1058) 2156100 (10434 42) -66.37
Searche 3 30004 (0.05) 378152 (448.59) 7493 27423 (44647 1561998 (11969.47) H.85 13336(131.32) 1024117 (10T94.69) 20,98
Prune JOOOT0A2y 1059731 (671,35) m 24957877 14364 45 (12505 52) 103 13863 (141.48)  G827.52(1143%.13) 2417
L2SepR1) 300.02(0.03) 10545 89 (4474.08) RIAYN 24283 (99.02) 1038229 (1IS08.13) 9 16218 (E38.25) 1100855 (11796.53) 12.67
L25¢pR2) JN0X(010) 1086013 (4348 %) 2803 24290 (U590 1S90 (12116.88) 431 1623 (13471) 11489015 (1184913 1135
LLM4Sepasel  J00LIM (0.06) 4769 47 (Y 5) 6840 27634 (4732} 1410936 (13706.18) Ja 256,48 (100.88) 2261821 (10234 21) -74 52
DynSep (Ours)  J00.04 (008} 3720.26 (499.37) 7335 23519 (11226)  KSILSS (124139 4178 13250 (130.32) 921224 (9840.56) 28.92

[1] Mingxuan Ye, Jie Wang*, et.al. Dynamic Configuration for Cutting Plane Separators via Reinforcement Learning on Incremental Graph. NeurlPS 2025.
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Experiments: Ablation Study

Table 2: Ablation study comparing five variants of DynSep on three datasets.

Easy: Multiple Knapsack (n = 720, m = 72)

Medium: Corlat (n = 466, m = 486)

Hard: MIPLIB mixed neos (n = 6958, m = 5660)

;o Improv. T ; ; ; Improv. T 3 ; s Improv. T
Method Time(s) | (time, %) PD integral | Time(s) | (time. %) PD integral | Time(s) | PD integral | (PD Int.. %)
NoCuts 13.84 (28.79) NA 25.21 (26.6) 74.66 (122.23) NA 2687.68 (6209.48)  275.04 (43.23) 14618.53 (12214.63) NA

Default 2.01(1.82) 85.48 18.6 (10.49) 111.55(132.19) -49.41 10573.14 282.98 (29.49) 18500.5 (9386.15) -26.56
w/o MaxR 0.67 (0.46) 95.16 10.07 (5.35) 28.28 (53.99) 62.12 2688.01 (5424.21) 263.63 (63.0) 9029.4 (12114.3) 38.23
w/o TF 0.64 (0.53) 95.38 9.82 (5.24) 25.82 (61.58) 65.42 255291 (6146.98) 245.04 (95.2) 0448.22 (11932.01) 35.37
w/o DynG 0.70 (1.23) 94.94 10.03 (5.86) 28.05 (50.97) 62.43 2635.47 (5086.84)  270.66 (50.83)  9233.22(12003.39) 36.84
w/o DynG&TF  0.58 (0.41) 95.81 9.65 (5.28) 110.31 (131.6) -47.75 10396.1 (12887.24) 300.0 (0.0) 17330.56 (9660.1) -18.55
w/o BlockPE 0.93 (1.81) 93.28 11.12 (9.16) 34.4 (65.33) 53.92 2870.01 (5533.02)  242.39(99.79)  8291.49 (12533.67) 43.28
DynSep (Ours)  0.52 (0.24) 96.24 9.71 (5.39) 22.96 (38.93) 69.25 2233.42 (3868.43) 235.19(112.26) 8511.58 (12413.9) 41.78
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Experiments: Generalization

Table 3: Evaluate the generalization ability of DynSep on MIS.

Set Covering (n = 1000, m = 2000, 4x)

Set Covering (n = 1000, m = 1000, 2x)

ot Improv. T s < Improv. T .
Method Time(s) | (time. %) PD integral | Time(s) | (time. %) PD integral |
NoCuts 78.91 (76.53) NA 579.09 (507.14)  282.27 (52.86) NA 310987 (1013.74)
Default 11.54 (3.55) 85.38 255.69 (92.95) 19.74 (8.06) 93.01 606.90 (310.79)
Search(30) 116.95 (92.25) -48.821 912.87 (647.22)  292.54 (35.54) -3.64 3827.701 (1057.08)
Prune 107.86 (90.55) -36.69 826.38 (660.27)  295.01 (29.73) -4.51 4805.02 (1302.02)
L2Sep(R1) 105.48 (92.68) -33.67 803.32 (656.89) 294.85(31.41) -4.46 4728.1 (1325.35)
L2Sep(R2) 116.43 (95.6) -47.55 905.98 (694.71)  293.77 (33.96) -4.07 4481.42 (1377.69)
LLM4Sepasel  149.28 (105.45) -89.18 1115.22 (767.04)  295.4 (29.34) -4.65 3881.22 (1001.51)
DynSep (Ours) 4.03 (0.64) 94.89 104.62 (20.19) 19.05 (26.92) 93.25 629.28 (1106.36)
Max Independent Set (n = 1000, m = 3946, 4x) Max Independent Set (n = 1500, m = 5940, 9x)
. o Improv. T .o oo ko Improv. T e
Method Time(s) | (time. %) PD integral | Time(s) | (time. %) PD integral |
NoCuts 195.53 (95.78) NA 1056.83 (544.51)  300.01 (0.01) NA 2226.72 (370.66)
Default 88.17 (66.05) 54.91 813.36 (512.14) 17719 (91.28) 40.94 1782.96 (887.23)
Search(30) 151.51 (98.42) 22.51 462.18 (339.23) 299.08 (9.17) 0.31 1251.49 (332.08)
Prune 105.83 (86.46) 45.88 396.8 (318.97) 292.94 (26.42) 2.36 1312.04 (343.31)
L2Sep(R1) 144.67 (94.46) 26.01 546.58 (370.45) 299.34 (6.19) 0.22 1504.9 (354.98)
L2Sep(R2) 138.82 (92.89) 29.00 530.09 (367.16) 299.49 (5.2) 0.17 1494.7 (346.61)
LLM4Sepasel  60.68 (42.03) 68.97 22288 (143.29)  264.44 (58.96) 11.86 942.49 (337.13)
DynSep (Ours)  5.47 (19.09) 97.20 36.75(71.49) 26.66 (77.49) 91.11 151.39 (364.6)
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Experiments: Visualization

Knapsack family: Round-wise Activation Status of 22 SCIP Separators
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