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—— Abstract

Domain-Independent Dynamic Programming (DIDP) is a general framework for solving combinatorial
optimization problems using Dynamic Programming (DP), where search is separated from the problem
specification. However, modelling directly in DIDP requires defining state variables, transitions,
and dominance relations, which can be complex and error-prone. We introduce GRID, a modelling
interface that enables high-level DP-oriented specifications. Users describe entities, relations, and
resource attributes over a graph-based structure, from which GRID automatically compiles a DIDP
model by deriving the components required by a DIDP solver. Common modelling elements are
supported with built-in semantics, while additional constraints can be specified through user-defined
variables and expressions. We use vehicle routing problems as a case study to present GRID and
evaluate it on three variants: CVRP, PDPTW, and ECVRP. Results show that compilation overhead
from GRID to DIDP is small and that generated models remain competitive with manually designed
DIDP models while outperforming state-of-the-art CP and mixed-integer programming approaches.
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1 Introduction

Domain-Independent Dynamic Programming (DIDP) [10, 12] solves combinatorial optimiz-
ation problems via Dynamic Programming (DP) by decoupling the problem specification
from the search procedure, so that a generic solver can be reused across domains. Modelling
directly in DIDP is difficult: users must manually design state representations, transitions,
and dominance relations. The CP community offers high-level languages [7, 15], libraries
[8, 13], and problem-specific features such as sequence variables for VRPs [4, 3], but compar-
able DP tools are lacking. To bridge this gap, we introduce GRID, a graph-based modelling
interface that automatically compiles intuitive, DP-oriented specifications into executable
DIDP models.
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GRID: Graph-based Modelling Interface for DIDP

2 GRID: A Graph-based Modelling Interface

GRID allows high-level, DP-oriented specifications of combinatorial optimization problems
over a directed graph G = (N, &), on which users describe entities, relations, and resource
attributes. From this description, GRID derives the DIDP model automatically.

Because a route is a sequence on a graph, GRID is well suited to VRPs [1] and related
sequencing problems such as job scheduling [2], but not to general graph optimization
problems like vertex cover, facility location, or graph coloring. In this initial version, we focus
on VRPs as a natural and representative use case. Implemented as a Python library, the VRP
interface revolves around four classes: RoutingModel (managing the graph and entities),
Node and Edge (locations and directed connections), and VehicleType (homogeneous fleets).

Native features, predefined constructs with built-in semantics, let users express common
VRP variants via object attributes (e.g., demand, capacity) or built-in objectives. Custom
features handle non-standard variants through user-defined variables at the VehicleType
scope and expressions attached to nodes and edges. For instance, Electric CVRP [14] needs
custom rules for load-dependent battery consumption, which neither native features nor
most VRP-specific solvers nor sequence-variable constraints can express, since these assume
edge-wise updates by a constant.

3 Compilation to DIDP

A GRID model is compiled into DyPDL [10, 12], the DP modelling language of DIDP, via a
single-route representation that concatenates per-vehicle routes. The compiler derives the
core state variables, lifts user-defined variables into DyPDL state variables, and generates
three transition types ( Visit, Change Vehicle, Finish) with their feasibility conditions, cost
updates, resource-based dominance, and a default dual bound.

4 Experimental Evaluation and Conclusions

We evaluate GRID on CVRP, PDPTW [6], and ECVRP [14]. We compare GRID against
manually designed DIDP models, Gurobi [9] (MIP), OR-Tools CP-SAT [16] (CP) and MaxiCP
[17] (CP with sequence variables), OR-Tools VRSolver [5] and PyVRP [18] (VRP-specific),
with a 5 minutes time limit and 8 GB memory, on instances of up to a thousand nodes.

Compilation from GRID to DIDP is small and well below the model-building times of
MIP and CP-SAT. For quality, we report the primal gap |y — v*|/ max{y,v*}, where v is
the best objective found by a solver and «* the best-known value for the instance. GRID and
manually designed DIDP models yield nearly indistinguishable primal-gap distributions on all
variants, confirming that the high-level abstractions do not penalize the solver. On PDPTW,
VRSolver is strongest, while GRID/DIDP closely follow and outperform MIP, and both CP
models. On ECVRP, MIP and CP-SAT run out of memory and tested VRP-specific solvers
and the CP sequence variables approach cannot express load-dependent battery consumption;
a refined GRID model with extra user-defined variables outperforms a simpler one. On
CVRP, PyVRP is strongest, while GRID slightly improves over the previously published
manual DIDP formulation [11, 12].

No approach dominates: VRP-specific solvers excel on classical variants but lack flexibility,
while MIP and CP scale poorly. GRID matches manually designed DIDP and outperforms
MIP and CP through a flexible, declarative interface. Future work will focus on extending
GRID beyond VRPs, designing generic solving algorithms (e.g., LNS), and compiling GRID
models to non-DP back-ends (CP, MIP, VRP solvers).
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