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Problem Definition

Vehicle Routing Problems (VRP) is a typical combinatorial optimization problem.
* Objective: to minimize the total travelling cost (e.g., the tour length)
* Constraint: each node should be visited once and only once + constraints in other VRP variants
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w Constructive solvers for VRPs

( Feasibility masking )
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Dilemma of feasibility masking — NP-Hard

B Travelling Time
AM Arrival Time (Feasible)

[T Time Window
AM Arrival Time (Infeasible)

— Visited Edge (Feasible)

AM Assumed Arrival Time

— Visited Edge (Infeasible)
© Unvisited Node

--» Assumed Edge (Accessible)
© Visited Node
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Methodology - Lagrangian-assisted constraint awareness

Acquisition of the feasibility masking is also a NP-Hard problem.
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For more complex cases, neural solvers with Lagrangian Relaxation still struggle to navigate the large
search space.



Methodology - Preventative infeasibility Prevention (PIP)

Confine the search space!
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Methodology —PIP-D
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J @ Experiment

Constructive solvers<

~ Autoregressive solvers: POMO, AM

- Non-autoregressive solvers: GFACS

TSPTW TSPDL

1

Travelling Salesman Problem with Time Window Travelling Salesman Problem with Draft Limit




@ Experiments on TSPTW

Easy/ Medium/ Hard

Lagrange can handle easy constraints well,
but fail on more complex constraints with

larger problem scale.
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n =50 n = 100
Infeasible % Infeasible %

Method Sobt lnet., Obil  Gapl Timel | gy lnt, Obil  Gapl  Timel
LKH3 0.00%  000% 731 0.00% 46h | 000%  000% 1021 000%  8.5h
ORTools 0.00%  000% 734  0.96% 7h 0.00%  000% 1041  1.97% 14h
Greedy-L 100.00% 100.00%  / / 13.8s | 100.00% 100.00%  / / 1.3m
Greedy-C 0.00%  0.00% 2608 257.27% 45s | 000%  000% 5214 411.13%  12s
JAMPR # / 0.00% /  249.03% 1.2m / 100.00%  / / 1.6m
OSLA # / 11.80% / 8.15%  15.6s / / / / /
MUSLA # / 8.20% / 732%  13m / 18.60% / 146%  9.8m

. MUSLA adapt # / 0.10% / 563% 7.7m / 0.60% / 1201%  L.1h

& AMm 100.00% 100.00%  / / smo | 100.00% 100.00% [ / 2Im
AM* 346%  022% 802 982% 52m | 7.87% 149% 11.84 1607% 2Im
AM*+PIP 055%  000% 787 7.67% 107m | 045%  000% 11.42 11.86% lh
AM#*+PIP-D 051%  000% 791 819%  1lm | 025%  000% 11.53 13.02% Ih
POMO 00008 100.00% o o L e e L3S ] 00009 L0000% L e e 2 ey
POMO* 1 175%  000% 754  3.08% 13s 211%  000% 1083 6.07% 215 )
POMO* + PIP AT T OO T T TS0 T T Te50r T T Bs T 0SS T OO T IO T T T T TR T
POMO* + PIP-D | 028%  0.00% 749  251% 15s 0.06%  000% 10.66  4.39% 48s
LKH3 0.00%  000% 1302  0.00% 7h 0.00%  000% 1874 0.00%  10.8h
ORTools 1577% 1577% 1302 030% 590 | 052%  052% 1934 323%  13.8h
Greedy-L 100.00% 100.00%  / / 155 | 100.00% 100.00%  / / Im
Greedy-C 4752% 4752% 2533 9643% 42s | 2034% 2034% 51.62 17607% 1l.4s

E AM 100.00% 100.00%  / / Smo | 100.00% 100.00% [ / 2Im

T AM* 2484%  027% 1381  6.11% sm | 50.19%  0.09% 2142 1434%  2Im

S AM*+PIP 762%  035% 1368 506% 1lm | 12.73%  004% 2057 9.82% Ih
AM*+PIP-D 1196%  033% 1365 487% 1lm | 880%  002% 2080 11.03% 1h
POMO 100.00% 100.00%  / / 13s | 100.00% 100.00% [ / 21s
POMO* 1492%  377% 1368 5.23% 13s | 18.77% 0.12% 2078 1093%  2ls
POMO* + PIP 453%  090% 1340 291% 15s 388%  0.19% 1961 4.65% 48s
POMO* + PIP-D | 383%  065% 1345 3.32% 15s 334%  003% 1979 5.64% 48s
LKH3 0.12%  0.12% 2561  0.00% 7h 0.07%  007% 5124  0.00% 1.4d
ORTools 65.72% 6572% 2576 -0.00%  2.4h | 89.07% 89.07% 51.61 0.00%  1.6h
Greedy-L 100.00% 100.00%  / / 21.8s | 100.00% 100.00%  / / 1.3m
Greedy-C 72.55%  72.55% 2639 1.53%  45s | 93.38% 9338% 5295 143%  1lls

T AM 100.00%  100.00%  / / smo [100.00% 100.00% 7/ /  2Im

g AM* 39.87%  18.88% 2608 1.425%  Sm | 100.00% 100.00%  / / 2lm
AM*+PIP 18.07%  198% 2571 038% 1lm | 41.92% 1646% 5149 047% Ih |
AM*+PIP-D 3039%  4.40% 2580 067%  1lm | 53.09% 533% 5155 0.57% lh 1
POMO 100.00% 100.00%  / / 13s 1 100.00% 10000%  / / 21s :
POMO* 3926%  3525% 2622  1.61% 13s 1 10000% 10000% 7/ / 2s
POMO* + PIP 554%  267% 2566  0.18% 155 1 31.49% 1627% 5142  037% 48s
POMO* + PIP-D | 6.76%  3.07% 2569  0.28% 155 | 13.18% _ 648% 5139 031% _ _48s _J




@ Experiments on TSPDL

Medium/ Hard
n = hi) n = 100
Method Infeasible % Infeasible % g

e Sol.| Inst. | Obj.. Gap. Time | Sol.| Inst.| Obj..| Gap| Time|

LKH3 0.00% 0.00% 10.87 0.00% 5.1h 0.00% 0.00% 16.39 0.00% 14h
ORTools 100.00%  100.00% / / 10.9s 100.00%  100.00% / / 56.9s

g Greedy-L 100.00%  100.00% / / 2.4m 100.00%  100.00% / / 95m

% Greedy-C 0.00% 0.00% 26.09 144.24% 9.1s 0.00% 0.00% 52.16 222.71% 27s

s POMO* 17.72% 12.52% 10.98 3.80% 6.9s 49.39% 32.19% 17.11 9.15% 18s

POMO* + PIP 2.21% 0.43% 11.22 341% 8.55 2.88% 0.38% 17.71 8.08% 3ls

POMO* + PIP-D 2.64% 0.37% 11.26 3.78% 845 2.14% 0.23% 17.84 8.80% 3ls
LKH3 0.00% 0.00% 13.30 0.00% 6.8h 0.00% 0.00% 20.70 0.00% 1.2d
ORTools 100.00%  100.00% / / 10.65 100.00%  100.00% / ! J6.8s
Greedy-L 100.00% 100.00% / / 2.4m 100.00%  100.00% / / 9.4m

'E Greedy-C 0.00% 0.00% 2607 99.73% 10.9s 0.00% 0.00% 52.17 156.37% 255
= POMO#* 37.01% 20.25% 13.03 4.11% H.8s : 99 985 99, 55% 20.95 15.87% 185 1
POMO* + PIP 4.53% 2.10% 13.66 3.13% 8.5s |1 28.55% 20.66% 22.30 12.67% 3ls :
POMO* + PIP-D 3.89% 0.82% 13.80 3.95% 8.5s l_l _2._31_19}___ggl@___z_z;s_z;___l_z;s_z_%___ _1_15_ ,'




Experiments on GFACS

~ Autoregressive solvers: POMO; AM

Constructive solvers—

- Non-autoregressive solvers: GFACS

Infeasible %

Method Sol.| Inst.| Gapl Time|
LKH3 0.00% 0.00% 0.00% 26m
Greedy-L 100.00% 100.00% / 3.2m
Greedy-C 100.00%  100.00% / 4.1s
GFACS* 58.20% 57.81% 21.32%  6.4m
GFACS* + PIP 4.72% 1.56% 15.04%  6.5m
GFACS* + PIP-D 0.03% 0.00% 11.95%  6.5m

Results on Medium TSPTW-500



Conclusion

Lagrangian multiplier method+ Preventative infeasibility masking + Auxiliary decoder

Applicability
Complex

Constraints

Efficacy Generality
Feasibility Various

Quality Backbones

Applicability
* Challenges of NCO: Complex constraints and Scalability

* Complex VRPs with various constraints hardness levels

Efficacy
* Significant (up to 93.52%) reduction in infeasible rate

* Improvement in solution quality

Generality
Across various backbone models (i.e., AM, POMO and GFACS)
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Thanks

Feel free to contact us at jiey1001@e.ntu.edu.sg or yiningma@u.nus.edu .




