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Background

The goal of an VRP is to determine the most 
efficient routes for a fleet of vehicles to service 
a set of locations, while meeting constraints 
like vehicle capacity and time windows.

Vehicle Routing Problem (VRP)

   

    

           

    

          

    

                    

    

           

     

              

     

              

     

                    

                          

VRPs are inherently with different constraints, such
as time windows, backhauls, or route length limits,
reflecting real-world logistical considerations.



LLM for Optimization

Dilemma of current solutions

seen problems

unseen problems

correct

incorrect

LLMs tend to successfully solve simple problems because:

▪ Simple problems are usually contained in the corpus 
during pre-training stage.

▪ It is challenging to reason how to integrate heterogeneous 
constraints within a generated program.

Relying on external knowledge is important!



Framework

Retrieval Augmented Generation

Solver online documentation Open-source code repository

There are various online knowledge sources can be used to enhance the LLM in generation.
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▪ Step 1: An LLM as the is prompted directly by the input (i.e., 
a VRP) to generate a program.

▪ Step 2: The program generated in Step 1 is run by a code 
executor, invoking a solver to solve the VRP. The LLM will be 
provided with execution traceback if the code contains errors.

▪ Step 3: According to the execution traceback, an LLM as a 
router determines the operation in Step 4, either self-
debugging (I) or RAG (II).

▪ Step 4 (I) : An LLM as the self-debugger analyzes the 
execution traceback and attempts to refine the code.

▪ Step 4 (II): The retrieval is decomposed to refer LLM to 
external documentation or example codes for seeking 
relevant documents on separate constraints.
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Example:   VRPPDTW 

Pickup and Delivery (𝐶1)

Time windows (𝐶2 )

decomposition

External knowledge

retrieval
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Doc 1: In the General Pickup and 
Delivery Problem (GPDP) a set of 
routes has to be constructed in order 
to satisfy transportation requests…

Pickup and Delivery ( 𝐶1 )

Doc 2: for request in 
data["pickups_deliveries"]:
pickup_index
=manager.NodeToIndex(request[0]) 
delivery_index = 
manager.NodeToIndex(request[1])

Doc 3: In the Vehicle Routing Problem 
(VRP), the goal is to find optimal 
routes for multiple vehicles…

Doc 1 and Doc 3 are filtered out
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Vehicle capacity

Distance limit

Time windows

Multiple depots

Open route

Prize collecting

Pickups and deliveries

Service time

Resource constraints

Considered constraints

48 VRP variants are
formulated by integrating
different constraints

Baselines

Evaluation metrics

Standard Prompting: Directly prompt the LLM for code generation.

Chain-of-Thought (CoT): Add "Let’s think step by step“ in the prompt.

Progressive-Hint Prompting (PHP): Iteratively guide the LLM.

Self-debug: Use the error information and traceback to teach the LLM.

Vanilla RAG: Directly retrieve relevant context without decomposing.

Self-RAG: A retriever is used to obtain relevant documents, followed by a 
grader to assess whether each document is pertinent to the target VRP.
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▪ Solving VRPs represents a challenging task for the current 
LLMs (only 45.83% problems are accurately solved).

▪ Using RAG does not necessarily improve the performance 
(because of the irrelevant documents are harmful).

▪ Our method leads to the best performance by constraint 
decomposing and retrieving.

▪ The ‘prize callback’ is added to capacity dimension 
because of the hallucination of the LLM.

▪ Our method deal with prize collection by allowing 
to drop nodes during vehicle travelling.

Evaluation on OR-Tools
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▪ DRoC can enhance LLMs in calling 
different optimization solvers.

DRoC as a generic tool

▪ DRoC can enhance different LLMs 
for generating correct programs and 
reducing runtime errors.

▪ Compared to the standard prompting 
approach, DRoC successfully solves 
25% more VRP variants by gpt-4o.

▪ It is very challenging to use Gurobi for 
modelling and programming by LLMs.
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Generalizability to other  OR problems

▪ 𝑝-median: minimizing the total distance from each customer to their nearest facility.

▪ 𝑝-center: minimizing the maximum cost any customer spend to reach the nearest facility.

▪ 𝑝-maxian: maximizing the total weighted travel cost incurred by all customers.

▪ 𝑝-dispersion: maximizing the smallest distance between any pair of facilities.

▪ Facility capacity: the total demand assigned to a facility must not exceed its capacity.

The Facility Location Problem aims
at selecting optimal sites for 𝑝 facilities
to minimize the conveying cost from
facilities to customers. It usually
encompasses different optimization
objectives for different variants.



Thanks for listening
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