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Automated Heuristic Discovery
with VRPAgent



Background: Routing Problems

Vehicle Routing Problem (VRP)

Visit n customers with m vehicles such that
« each customer is visited exactly once
« the total travel costis minimized.
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Background: Routing Problems

Vehicle Routing Problem (VRP)

Visit n customers with m vehicles such that
« each customer is visited exactly once
« the total travel costis minimized.

And its variants:

- Capacitated VRP (CVRP)
« VRP with Time Windows (VRPTW)
« Prize-Collecting VRP (PCVRP)
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Large Neighborhood Search (LNS)

The core idea of the LNS algorithm (Shaw, 1998) is to “destroy and repair”.
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Figure adapted from (Hottung et al., 2025a)
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VRPAgent: Automated Heuristic Discovery by LLMs
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VRPAgent pipelme OVErview. Figure adapted from (Hottung et al., 2025a)
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VRPAgent: Automated Heuristic Discovery by LLMs
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VRPAgent pipeline overview. Figure adapted from (Hottung et al., 2025a)

. Initial heuristics generation 2 Evaluation via LNS ] Genetic Algorithm
. Improve each elite via mutation

« Crossover of elites and non-elites
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VRPAgent: Automated Heuristic Discovery by LLMs
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Heuristics Discovered by LLMs

// Customer selection function generated by LLM
std::vector<int> select by llm 1(const
Solution& sol) {

const int MIN CUSTOMERS TO REMOVE

15;

- Fine-tune
const int MAX CUSTOMERS TO REMOVE = 25; Heuristics Heuristicg
//... Configurations definitions ... /::___f_‘\ Declaration

eclaration & }Q Overwrite
std::unordered set<int> selectedCustomers; </> Algorithm </>
int numCustomersToRemove = Configuration
getRandomNumber (MIN CUSTOMERS TO REMOVE, Function body Function body
MAX_CUSTOMERS TO REMOVE); </> Feedback | . Evaluate </>
//... Main code block logic ... P

return
std::vector<int>(selectedCustomers.begin(),
selectedCustomers.end());

}
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Algorithm Configuration

Algorithm A and

Instances I its Configura-
l tion Space C
_________________________ Lo

[ Select ¢ € C ]—>

Assess A(c) on : Returns Best
some [' C I | Configuration c*

Return Performance

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Workflow of Algorithm Configuration

Figure adapted from AutoML.org.
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Examples of Parameters in Heuristics

- Float parameters

Example: prob_tour neighbor and prob geo neighbor.
 Integer parameters

Example:min customers to remove and max customers to remove.
. “Categorical” parameters (discarded)

Most of them are dependencies, e.g., in the formofy = x + 1.
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Examples of Parameters in Heuristics

The number of parameters increases in early generations and decreases later.
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Configuration Setup

- Configurator: We use the irace package (Lopez-

s~ . P Fine-tuned
Ibanez et al., 2016) with a total budget of 3500 Heunstics Heuristics
experiments on 256 training instances (never Declaration B Dectaration
. - .l =
fully utilized). </> Algorithm </>
Configuration
Function body Function body
</> Feedback Evaluate </>
W%
— —
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Configuration Setup

. Configurator: We use the irace package (Lopez-
Ibafez et al., 2016) with a total budget of 3500

: o . Heuristics Fine-tur_led
experiments on 256 training instances (never Lol
N Declaration
fully utilized). Declaration e Overwrite
« On average, it takes ~11 hours (VRPTW) and ~20 <f> . Mgorithm i
. anrguratian
hours (CVRP and PCVRP) to fine-tune. Function body Function body
</> Feedback Evaluate </>
" Each LNS search takes 20 seconds and irace can Y
use 16 cores. —_— —
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Configuration Setup

. Configurator: We use the irace package (Lopez-

Heuristics Fine-tuned

Ibafez et al., 2016) with a total budget of 3500 N Heuristicz
experiments on 256 training instances (never peceration ok Overvrte
fully utilized). </> ngmﬂn] </>

« On average, it takes ~11 hours (VRPTW) and ~20 Funetion bocy T Funetion Body
hours (CVRP and PCVRP) to fine-tune. bk L ' </>

« Finally, we evaluate on 64 training + 64 testing ) | -

instances (500 customers).
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Can LLM-generated heuristics be fine-tuned?
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Can LLM-generated heuristics be fine-tuned?
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Can the best discovered LLM-generated heuristics be fine-
tuned?

Yes.



Fine-tuning Best Heuristics

"“Best™ Evaluated on 64 instances, see (Hottung et al., 2025a).
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Fine-tuning Best Heuristics

*NDS: Neural Deconstruction Search baseline (Hottung et al., 2025b).
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Fine-tuning Best Heuristics

"Train and Test: Fine-tuned parameters + best discovered heuristic function on training &
testing instances
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Fine-tuning Best Heuristics

« The gaps are very small.

- However, even with fine-tuned parameters, the best discovered heuristic only approaches,
but does not beat the NDS baseline.
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Can early generations be tuned to beat later generations?



Can early generations be tuned to beat later generations?

Well, it depends...



Selecting Heuristics with Early Generations
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Selecting Heuristics with Early Generations

Recall the # parameters of the discovered heuristics.

CVRP VRPTW
40 40
30 \ 30
E .
m ........
|2 20 / \
E -,IIIII/ soese |
8 \ll'l/-..... oo-ooo""".::
* 10 ooo-o"..‘ -'o-ou
O ----------------------------------------------
0 10 20 30 40 0] 10 20 30 40
generation generation

universitat
ien

40

30

10

PCVRP

-----------------------------
lllllllll

0 10 20 30 40

generation

Xiaowei Liu and Kevin Tierney, Configuring LLM-Generated Heuristics via Instance-Specific DRL

type

—e— total

————--

int
float

categorical

10/20



Selecting Heuristics with Early Generations

Similar parameter structure (CVRP 18 vs. 31).
Different parameter structure (VRPTW and PCVRP).
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Fine-tuning Heuristics with Early Generations

We take one run (seed 71) of irace and compare the fine-tuned heuristics against the best
code with default parameters. Wilcoxon test p-values are reported (o = 0.05).

. % Gaps to N
Problem (dataset) | Heuristic -value | Significant?
( ) (best + default) P 5
CVRP (test) gen 18 -0.056 0.126 N
CVRP (test) gen 31 —0.068 0.066 N
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Fine-tuning Heuristics with Early Generations

We take one run (seed 71) of irace and compare the fine-tuned heuristics against the best
code with default parameters. Wilcoxon test p-values are reported (o = 0.05).

.. % Gaps to —
Problem (dataset) | Heuristic -value | Significant?
( ) (best + default) P 5
VRPTW (test) gen 5 —-0.008 : -
VRPTW (test) gen 14 0.063 - -
VRPTW (test) gen 18 0.135 i .
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Fine-tuning Heuristics with Early Generations

We take one run (seed 71) of irace and compare the fine-tuned heuristics against the best
code with default parameters. Wilcoxon test p-values are reported (o = 0.05).

.. % Gaps to —
Problem (dataset) | Heuristic -value | Significant?
( ) (best + default) P 5
PCVRP (test) gen 3 0.254 : -
PCVRP (test) gen 7 -0.045 0.075 N
PCVRP (test) gen 16 0.042 : -
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Sensitivity Analysis of irace Runs

CVRP tuning sensitivity to irace seeds
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Sensitivity Analysis of irace Runs

VRPTW tuning sensitivity to irace seeds

— train test

4

=

9

-

N seed
..g w42
e 59
> s 71
Q.

gEﬂS g en‘\ & g eﬁ‘\ 2 gEﬂS g en‘\ & g eﬁ‘\ 2

heuristic heuristic

WI\éﬁrS'tat Xiaowei Liu and Kevin Tierney, Configuring LLM-Generated Heuristics via Instance-Specific DRL 12/20



Sensitivity Analysis of irace Runs

PCVRP tuning sensitivity to irace seeds
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Future work




Efficient Heuristic Discovery

Local LLM query: GA on instances:
. & . & & &
I S M -

- ¥ & S S WA
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Efficient Heuristic Discovery

Local LLM query: GA on instances: LLM + GA:
-0 -~ ol & B NN "B oo
B * . * R
I & R R R R R RN
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Efficient Heuristic Discovery

Local LLM query:

3 RN

i B NP NP

o_%/%

RL training stage:

°\%>\%>

RN

GA on instances: LLM + GA:

il & B NFLNFIN "D oo
© B NS NN
Yoo Yoo
After convergence:
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- AN
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Instance-specific Algorithm Configuration

Paired per-sample difference - CVRP (seed 42)

gen_18_best_code_36.4193 (train) gen_18_best_code_36.4193 (test)
g 0> 0.5
:: 0.0 0.0
"_E -0.5 05
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% 05 0.5
5 00 0.0
% -0.5 -0.5
i instance index instance index
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Instance-specific Algorithm Configuration

Paired per-sample difference - VRPTW (seed 42)
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Instance-specific Algorithm Configuration

Paired per-sample difference - PCVRP (seed 42)
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Instance-specific Algorithm Configuration

Using reinforcement learning (RL) for instance-specific algorithm configuration, e.g., OPTICAT
(Schede et al., 2025).
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Our research question is:

Can automated algorithm configuration for LLM-driven
heuristic discovery achieve superior performance compared to
the state-of-the-art,



Our research question is:

Can automated algorithm configuration for LLM-driven
heuristic discovery achieve superior performance compared to
the state-of-the-art,

while addressing transferability and generalization of the
parameter space?



1. Motivation: LLM-driven heuristic discovery with GA is powerful
but costly.
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1. Motivation: LLM-driven heuristic discovery with GA is powerful
but costly.

2. Combining GA and AC may achieve better performance.

* Early generations: X
* “Middle” generations: ¥4
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1. Motivation: LLM-driven heuristic discovery with GA is powerful F
but costly. E

2. Combining GA and AC may achieve better performance.
* Early generations: X
* “Middle” generations: ¥4

VRPAgent/2510.07073

3. Instance-specific deep RL may reduce the overall cost.

Special thanks to André Hottung for discussions.

Slides/Personal site
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