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Abstract

Can large language models (LLMs) synthesize
programs that satisfy complex game-theoretic
constraints? We investigate this question by
applying LLMs to multi-facility location mech-
anism design, a canonical problem where a
social planner must place facilities to mini-
mize total distance to strategic agents while
ensuring strategyproofness—the property that
no agent can benefit by misreporting their pref-
erence. This problem provides a challeng-
ing testbed for LLM-driven program synthe-
sis given the vast search space (mechanisms
are arbitrary Python functions) and the adver-
sarial constraint (robustness against any mis-
report by any agent). In response, we pro-
pose LLMMech, an evolutionary framework
that embeds a pre-trained LLM within a search
loop to generate interpretable, empirically strat-
egyproof mechanisms as Python code. Unlike
prior neural approaches, LLMMech requires no
handcrafted features or hyperparameter tuning.
To prevent premature convergence in the con-
strained search space, we introduce prompt evo-
lution—an automatic procedure for evolving
the prompts themselves. Experiments on both
unweighted and weighted settings show that
LLMMech outperforms existing hand-crafted
and deep learning-based mechanisms across
various problem settings. The resulting mecha-
nisms are also interpretable and generalizable
to unseen distributions and instance sizes.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities in understanding and gen-
erating human-like text (Brown et al., 2020), rea-
soning about code (Jiang et al., 2024; Chen et al.,
2021), solving complex optimization problems
(Liu et al., 2024b), and discovering novel algo-
rithms (Romera-Paredes et al., 2024). A natural
question arises: Can LLMs go beyond generating
code for well-specified tasks and instead synthesize
mechanisms—algorithms that must satisfy complex

game-theoretic constraints—for problems where
traditional design approaches struggle?

In this paper, we investigate this question in the
context of multi-facility location mechanism de-
sign, a canonical problem at the intersection of op-
erations research, economics, and AI (Chan et al.,
2021; Moulin, 1980; Procaccia and Tennenholtz,
2013). In this problem, a social planner must locate
K facilities (e.g., clinics, transit stations) to serve
a population of strategic agents, each of whom
reports a preferred location. The challenge is to
design a strategyproof mechanism: One where no
agent can benefit by misreporting their preference,
regardless of what others report. The mechanism
must simultaneously minimize social cost—the to-
tal (weighted) distance between agents and their
nearest facility.

This problem provides an ideal testbed for study-
ing LLM-driven program synthesis under con-
straints for three reasons. First, the search space is
vast: Mechanisms are arbitrary functions mapping
agent reports to facility locations, representable
as short Python programs. Second, the con-
straint (strategyproofness) is adversarial in nature—
a mechanism must be robust against any misre-
port by any agent—making it fundamentally harder
than standard optimization. Third, theoretical re-
sults establish that no strategyproof mechanism can
achieve a bounded approximation ratio for more
than two facilities (Fotakis and Tzamos, 2014; Es-
coffier et al., 2011).

Existing Approaches and Their Limitations.
The mechanism design literature has pursued two
main approaches (Chan et al., 2021). The first
relies on manual, domain-expert design of mecha-
nisms with theoretical approximation guarantees—
a labor-intensive process that often yields mecha-
nisms with poor worst-case performance for more
than two facilities. The second approach, intro-
duced by Golowich et al. (2018), uses deep learning
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to learn approximately strategyproof mechanisms
from location data. While empirically effective,
these neural approaches suffer from limited inter-
pretability (the learned mechanisms are opaque
neural networks), require careful hyperparameter
tuning of network architectures and learning rates,
and struggle to generalize to out-of-distribution
agent preferences or unseen instance sizes.

Therefore, in this paper, we strive to address the
following question.

Can LLMs serve as effective program
synthesizers for constrained economic
design tasks, producing mechanisms that
are hyperparameter-free, interpretable,
approximately strategyproof, and opti-
mal empirically?

Our Approach. Inspired by recent advances in
LLM-based code generation (Chen et al., 2021;
Jiang et al., 2024), algorithm discovery (Romera-
Paredes et al., 2024; Liu et al., 2024a), and agentic
reasoning (Yao et al., 2023; Shinn et al., 2023), we
propose LLMMech, the first evolutionary frame-
work that leverages LLMs to automatically synthe-
size interpretable, empirically strategyproof mech-
anisms for multi-facility location. Our approach
embeds a pre-trained LLM within an evolution-
ary search loop: The LLM generates candidate
mechanisms as Python code with natural-language
descriptions, and the framework evaluates them us-
ing a fitness function that jointly optimizes social
cost and penalizes violations of strategyproofness
(Equation 2). Unlike prior LLM-based optimiza-
tion methods such as FunSearch (Romera-Paredes
et al., 2024) and Evolution of Heuristics (Liu et al.,
2024a), our framework introduces prompt evo-
lution—an automatic procedure for evolving the
prompts themselves—to prevent premature con-
vergence in the search for mechanisms that must
satisfy the dual objectives of low cost and strate-
gyproofness.

Our main contributions are as follows:

• LLM as Mechanism Designer. We demonstrate
that LLMs can serve as effective program syn-
thesizers for a class of constrained economic
design problems, producing fully interpretable
mechanisms (readable Python code with natural-
language descriptions) without requiring domain-
specific neural architectures, handcrafted fea-
tures, or extensive hyperparameter tuning.

• Dual-Level Evolutionary Framework. We de-
sign a fitness function (Equation 2) that jointly
optimizes social cost and empirical strategyproof-
ness, and introduce a prompt evolution compo-
nent (Section 4.4) that automatically diversifies
the search when progress stagnates—addressing
a key limitation of existing LLM-based search
methods in constrained settings.

• Empirical Superiority and Generalizability.
Across weighted and unweighted settings with
four distributions and up to 25 agents, LLM-
Mech outperforms state-of-the-art methods—
achieving up to +34% improvement over Moulin-
Net (Golowich et al., 2018). Critically, mecha-
nisms discovered on one distribution and instance
size generalize to out-of-distribution preferences
and larger instances without retraining, a prop-
erty that neural approaches do not exhibit.

To the best of our knowledge, this is the first study
to bring LLMs into multi-facility location mecha-
nism design. We demonstrate how LLMs can auto-
mate complex economic design tasks—opening a
new avenue for data-driven, yet fully explainable,
mechanism synthesis.

Outline. in Section 2, we discuss related work.
In Section 3, we provide preliminaries for our con-
sidered problem. In Section 4, we elaborate the
LLMMech framework. In Section 5, we evalu-
ate its efficacy through various experiments. We
conclude our work in Section 6. Readers can find
extended related work in Appendix A, complete
implementation details in Appendices C–E (which
include all missing figures and listings), our break-
down of resource consumption in Appendix F, and
additional experiments in Appendix G.

2 Related Work

We discuss related work focusing on automated
mechanism design (AMD) and LLMs for (i) code
generation and program synthesis as well as (ii)
optimization and algorithm design. We also review
(iii) mechanism design for facility location and (iv)
LLMs as reasoning agents in Appendix A.

Automated Mechanism Design. The literature
on AMD dates back to the early 2000s, when
Conitzer and Sandholm (2002, 2004) formulated
mechanism design as an optimization problem,
which can be solved by (integer) linear program-
ming or explicit search, and showed that computing
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an optimal deterministic mechanism is NP-hard. A
more recent line of AMD utilizes neural networks
to parameterize and learn mechanisms (Dütting
et al., 2019; Duan et al., 2023). Golowich et al.
(2018) adapted this idea to multi-facility location,
yielding so-called MoulinNet and RegretNet that
we adopt as baselines. We refer readers to Curry
et al. (2026) for a comprehensive survey on AMD.

Closest to us in spirit, Liu et al. (2025) also
employ LLMs to obtain interpretable mechanisms.
Their framework targets mechanism design with
payments (e.g., auctions). Methodologically, we
differ in enforcing an explicit empirical strate-
gyproofness penalty inside the evolutionary fitness
function (Equation 1) and in the prompt evolution
component that evolves the variation prompts them-
selves upon stagnation (Section 4.4).

LLMs for Code Generation and Program Syn-
thesis. Our work is closely related to the growing
literature on using LLMs as code generators. Early
work such as Codex (Chen et al., 2021) and Al-
phaCode (Li et al., 2022) demonstrated that LLMs
can generate functionally correct programs from
natural-language specifications, evaluated primar-
ily via passing unit tests. Subsequent work has
explored LLMs for more structured code genera-
tion tasks, including generating code with formal
specifications (Jiang et al., 2024) and iterative code
refinement through self-debugging (Shinn et al.,
2023). Our work extends this line of research by
asking LLMs to generate code that must satisfy a
game-theoretic constraint (strategyproofness) that
cannot be verified by simple test cases, requiring
instead evaluation over adversarial misreports.

LLMs for Optimization and Algorithm Design.
Recent work has integrated LLMs into iterative
search frameworks for algorithm design (Liu et al.,
2024b): FunSearch (Romera-Paredes et al., 2024)
uses a multi-island search for function discovery,
whereas EoH (Liu et al., 2024a) evolves heuristics
via LLM-driven crossover and mutation (Zhang
et al., 2024). However, applying these methods
to mechanism design is non-trivial, as the search
must jointly optimize the problem objective (social
cost) and satisfy a game-theoretic constraint (strat-
egyproofness). Naïvely adopting existing frame-
works leads to premature convergence in this ex-
panded search space, motivating our penalty-based
fitness function (Equation 2) and prompt evolution
component (Section 4.4).

3 Preliminaries

In this section, we begin by presenting the gen-
eral classical settings of Moulin (1980); Procaccia
and Tennenholtz (2013) that were considered in the
mechanism design learning problem of Golowich
et al. (2018). More specially, there are a set of
agents N = {1, . . . , n} and a set of locations Ω =
[0, 1] specifying the domain where facilities can
be placed. The social planner is interested in the
problem of locating K facilities among locations
in Ω. Each agent i ∈ N has a preference over Ω
for where a facility should be located, represented
by a cost function ci : Ω → R that associates a
real value with each location. Let Ci be the set of
permissible cost functions. Let c = (c1, . . . , cn)
denote a profile of costs, and denote the set of
all such tuples by C =

∏n
i=1Ci. Further, let

c−i = (c1, . . . , ci−1, ci+1, . . . , cn) denote all cost
functions other than ci, and C−i =

∏
j ̸=iCj .

Each agent cares about the location of its closest
facility. As such, an agent’s cost function induces a
cost for an outcome, o = (o1, . . . , oK), which spec-
ifies a location for each facility. By a slight abuse
of notation, we write ci(o) = mink∈{1,...,K} ci(ok).
In existing studies, the agents have single-peaked
preferences.

Definition 1 (Single-peaked preferences). For lo-
cations Ω ⊆ R, a function ci : Ω → R≥0 is
single-peaked if and only if there exists a unique
point a ∈ Ω (the peak of ci, denoted by τ(ci))
such that for all x, y ∈ Ω: if x > a and y >
x, then ci(y) > ci(x), and if x < a and y <
x, then ci(y) > ci(x).

As one moves away from the peak τ(ci) of cost
function ci, the location becomes less preferred.
Following Moulin (1980); Procaccia and Tennen-
holtz (2013); Golowich et al. (2018) and subse-
quent work, the cost is defined as ci(x) = |x− a|,
where a = τ(ci) is the peak.

A mechanism for facility location f : C → ΩK

takes reports of agent cost functions as inputs and
outputs the locations in Ω for the K facilities.
Since agent preferences are single-peaked, with
a slight abuse of notation, we instead let f take
agent peaks as inputs for convenience. We use
fk(c) to denote the location of the k-th facility for
input c. A mechanism is strategyproof if agent i
cannot strictly decrease their cost by misreporting
their cost function, whatever the inputs from others
c−i, i.e., for all i ∈ N , all ci, c′i ∈ Ci, we have
ci(f(c

′
i, c−i)) ≥ ci(f(c)).
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Population M

N mechanisms; each
is a description +

Python code + fitness

Select
draw parents with
pl ∝ 1/(rl + N)

VariationPrompt
LLM L turns parents
+ a strategy from P
into offspring code

Fitness q(f)

social cost + regret
penalty; Eqs. (1)–(2)

PopulationManager
keep the N best of
parents ∪ offspring

next generation

PromptEvolution (Algorithm 2)
the LLM evolves the vari-
ation prompt set P itself stagnation: top-b fitness unchanged for Tp evaluations

Figure 1: One generation of LLMMech. A population of mechanisms—each a natural-language description paired
with a Python function—is evolved by selecting parents, prompting the LLM to write offspring code, scoring every
candidate with the fitness of Equations 1–2, and retaining the N best. The prompt evolution component (teal,
Algorithm 2), which evolves the variation prompt set P , fires when the fitness of the top-b mechanisms stagnates.

We denote by Msp ⊆ M the space of all strate-
gyproof mechanisms for facility location (leaving
K implicit). In accordance with Golowich et al.
(2018), the agent cost functions are sampled from
a joint distribution D over C, with full support
on C. Moreover, D is a product distribution, i.e.,
D =

∏n
i=1Di for independent distributions Di on

Ci.
The goal is to find a strategyproof mechanism

f ∈ Msp that minimizes the expected (weighted)
social cost:

gsc(f ;D) = Ec∼D

[
1∑n

i=1 γi

n∑

i=1

γici(f(c))

]
,

where γi is the weight associated with agent i and
is determined by the social planner who weighs
the importance of their preference relative to other
agents. We do not have direct access to D, but are
provided a sample of profiles S = {c(1), . . . , c(R)}
drawn i.i.d. from D. The problem is then to learn
the explicit form of f given the profile sample. We
define a problem instance as an instantiation of the
problem, and a problem setting as a set of problem
instances that share the same configuration of n,
K, D, and {γi}.

4 LLMs for Mechanism Design

Figure 1 and Algorithm 1 provide an overview of
our framework. LLMMech maintains a popula-
tion of N heuristic mechanisms, denoted as M =
{f1, . . . , fN}. It adopts an evolutionary search
framework, iteratively searching for mechanisms
that have lower social costs. The mechanisms are
designed by prompting pre-trained LLMs. Each
mechanism fl ∈ M is evaluated on a set of prob-
lem instances and assigned a fitness value q(fl).

We propose an additional high-level prompt evo-
lution procedure to automatically evolve prompts
instead of sticking to hand-crafted prompts to avoid
premature convergence in a fixed search pattern.
The prompt evolution component is marked in teal,
with its main subroutine ‘PromptEvolution’ de-
scribed in Algorithm 2. The remainder of this
section is organized as follows: Section 4.1 de-
scribes the components we used in LLMMech to
represent a mechanism; Section 4.2 elaborates the
abstracted functions in Algorithms 1 and 2; Sec-
tion 4.3 defines the fitness function for evaluating
individual mechanisms in a population; Section 4.4
details the prompt evolution process.

4.1 Mechanism Representation

Each mechanism consists of three parts:
1) The mechanism description comprises a few sen-
tences in natural language. It is created by LLMs
and encapsulates a high-level thought. An example
is provided in Figure 4.
2) The code block implements the mechanism. It
should follow a pre-defined format so that it can
be identified and seamlessly integrated into the
evolutionary framework. In the experiments, we
choose to implement it as a Python function1 (see
Appendix B for the code templates used).
3) Each mechanism is assigned a fitness value to
represent its priority in the population, which is
used for selection and population management. We
elaborate our definition of fitness in Section 4.3.

4.2 Evolutionary Components

We start with the design of prompt strategies. Note
that we refer to ‘prompt’ as the entire natural-
language input to LLMs, and ‘prompt strategy’

1Can be written in any programming language.
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Algorithm 1 LLMMech
Input: Pre-trained LLM L; Population size N ; Evaluation

budget Te; Variation prompt set P ; Prompt population
size Np; Patience Tp < Te; Positive integer b < N .

Output: Mechanism f∗ ∈M with best fitness value.
1: M ← ∅
2: while |M | < N do
3: M ← InitializationPrompt()
4: end while
5: t← |M |
6: M∗ ← Select(M , b) % |M∗| = b
7: t′ ← 0
8: repeat
9: M ′ ← ∅

10: for i = 1, 2, . . . , N do
11: Mi ← Select(M)
12: M ′

i ← VariationPrompt(L,Mi,P )
13: M ′ ←M ′ ∪M ′

i

14: end for
15: M ← PopulationManager(M ,M ′, N)
16: t← t+ |M ′|
17: M∗

temp ← Select(M , b)
18: if M∗

temp = M∗ then
19: t′ ← t′ + |M ′|
20: else
21: M∗ ←M∗

temp

22: t′ ← 0
23: end if
24: if t′ ≥ Tp then
25: P ← PromptEvolution(L,P , Np) % See

Algorithm 2
26: end if
27: until t ≥ Te

Algorithm 2 PromptEvolution
Input: Pre-trained LLM L; Variation prompt set P ; Prompt

population size Np.
Output: Updated P .
1: P ′ ← ∅
2: for j = 1, 2, . . . , |P | do
3: Pj ← Select(P )
4: P ′

j ← EvolveVariationPrompt(L, Pj)
5: P ′ ← P ′ ∪ P ′

j

6: end for
7: P ← PopulationManager(P ,P ′, Np)

as part of the prompt that provides specific in-
structions for a certain evolutionary operation (e.g.,
crossover and mutation). Details of the exact
prompts used are illustrated in Appendix C.1–C.2.

Initialization Prompt. In the Initialization-
Prompt function, we inform the LLM of the facility
location of interest and instruct it to design a new
mechanism by first presenting the description of
the mechanism and the corresponding Python code
block (see Figure S7 for an example). We repeat
N times to generate N initial mechanisms.

Variation Prompts. We design prompt strategies
that either explore or modify existing mechanisms
for generating offsprings. The exploration strate-

gies focus more on the exploration of the space of
heuristics by conducting crossover-like operators
on parent heuristics. The modification strategies
refine a parent heuristic by modifying, adjusting
parameters, and removing redundant parts. With a
slight abuse of notation, the VariationPrompt func-
tion denotes the generation of offspring mecha-
nisms by prompting the LLM with parent mech-
anism(s) Mi and either exploration or modifica-
tion prompt strategy in P as input. We only need
to provide one (instead of two to three) prompt
strategy for each type since they are also part of
the evolutionary process (to be discussed in Sec-
tion 4.4). This alleviates the need for extensive
prompt engineering, which often requires some de-
gree of domain knowledge especially when dealing
with complex problems (Liu et al., 2024b). In our
case, we design the modification prompt strategy
in accordance to our definition of fitness (to be
elaborated in Section 4.3), which only requires ba-
sic understandings of the facility location problem,
particularly the definition of ‘strategyproofness’.
Please refer to Figure S8 (bottom) from Appendix
C.2 for exact details.

Selection and Population Management. We
rank all mechanisms in the current population
according to their fitness. The Select function
randomly selects one or multiple mechanisms fl
in the current population with probability pl ∝
1/(rl+N), where rl is its rank and N is the popula-
tion size. The PopulationManager function selects
the N best mechanisms from the current population
(comprising parent mechanisms in M and offspring
mechanisms in M ′) to form a population for the
next generation.

4.3 Fitness Evaluation

The fitness evaluation process involves running the
resulting mechanisms on a problem setting. Fol-
lowing the notations used in Section 3, for a given
heuristic mechanism f that takes n agent peaks,
{τ(c1), . . . , τ(cn)}, as input and outputs the loca-
tions of K facilities, x = (x1, . . . , xK), we com-
pute its fitness value, q(f), as follows:

q(f) =
1

R
∑n

i=1 γi

R∑

j=1

n∑

i=1

γic
(j)
i (f(·))

+ θ

(
max
i∈N

rgti(f)
)
, (1)

54695



where R is the sample size, γi is the weight of
agent i, and ci(x) = mink∈{1,...,K} |xk − τ(ci)| is
the cost of agent i, defined as the distance from the
peak of i to its nearest facility. We refer to the first
term in Equation 1 as weighted social cost under
f . We use ‘unweighted’ to refer to the special
case of γi = 1 for all agents, and we may omit
‘weighted’ when discussing the general case. The
(empirical) regret incurred by f to agent i, rgti, is
the maximum gain that it can get by misreporting
its peaks. Formally,

rgti(f) =
1

R

R∑

j=1

max
ℓ∈{1,...,B}

[max{0, (⋆)}]

(⋆) = ci(f(·))− ci(f(·)′),

where B is the misreport budget, i.e., the num-
ber of misreports drawn per agent per profile, and
f(·)′ is the returned facility locations had i misre-
ported its peak. In other words, the input to f is
{τ(c1), . . . , τ(c′i), . . . , τ(cn)} instead. We refer to
maxi∈N rgti(f) informally as the (empirical) max
regret, or simply regret when the context is clear.
Finally, we define θ as a function of max regret
incurred by f :

θ(max regret) =

{
1 if max regret > ε

0 otherwise,
(2)

for some (small) value 0 ≤ ε ≪ 1. That is, given a
heuristic mechanism f , we penalize its fitness value
(social cost initially) if its associated max regret is
greater than some predefined threshold. Because
social cost is bounded within [0, 1], a mechanism
with a fitness value greater than 1 implies that it is
not strategyproof.2 Positive values of ε relax the
strategyproofness constraint.

4.4 Prompt Evolution
During evolution, the diversity in the population is
restricted by the manually designed prompt strate-
gies, which may lead to premature convergence at
a local optimum. To avoid this, we systematically
evolve them whenever stagnation occurs. In partic-
ular, when the fitness values of the top-b individuals
remain unchanged for Tp consecutive units of eval-
uation resource (e.g., number of generations), we
invoke the prompt evolution process as follows.
Throughout the evolutionary framework, we record
the fitness value of each prompt strategy, defined

2The converse does not hold even when ε = 0 for any finite
R and B. Hence, ‘strategyproofness’ here is approximate.

as the average fitness value of the top-d individu-
als produced by the respective prompt. This helps
manage the size of the prompt population as more
prompt strategies are generated. When there is stag-
nation, the prompt population is evolved also via
exploration and modification strategies.
Exploration: Given the list of currently used ex-
ploration prompts, ask the LLM to design a new
exploration prompt that is different from them as
much as possible.
Modification: Given the list of currently used mod-
ification prompts, ask the LLM to design a new
modification prompt that is different from them as
much as possible.

In other words, new prompt strategies of each
type are introduced after triggering prompt evolu-
tion. The EvolveVariationPrompt function denotes
the generation of offspring prompt strategies by
prompting the LLM with parent prompt strategies
(of same type) as input. The exact prompt used is
shown in Figure S9 from Appendix C.3.

5 Experiments

We start this section by describing the datasets used
in Section 5.1 and the considered baselines in Sec-
tion 5.2. Section 5.3 presents our results for demon-
strating the efficacy of LLMMech, followed by a
closer look at its learned mechanisms in Section
5.4. We provide an out-of-distribution evaluation in
Section 5.5, and conclude with an in-depth analysis
of the LLM component in Section 5.6.

5.1 Experimental Setups

The evaluation budget Te is defined in terms of
the maximum number of generations, for which
we set to 20 for all problems. The population size
is 16, and the maximum running time for each
instance is 60 seconds (except when n = 25, for
which we increase to 180). Appendix E includes
all implementation details.

In all problem settings, the dataset for both train-
ing and testing phases has 1,000 samples with di-
mensionality of n, where each entry represents an
agent’s peak τ(ci). Each sample of (true) peaks is
associated with a misreport budget of B = 10, i.e.,
each agent misreports their peak ten times per pro-
file. This follows the empirical strategyproofness
protocol of Golowich et al. (2018) (see Appendix
G.4 regarding how larger B affects our reported
results). The peaks are randomly sampled from
uniform, normal (µ = 0.5, σ = 1), and (two) beta
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bars (if any) represent regret (max across agents) incurred by the mechanism. The dashed lines display values from
NonSP. (u—uniform, n—normal, b1—beta1, b2—beta2.)
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Figure 3: Representative results for arbitrary weights. Each boxplot records net differences in social cost with
respect to LLMMech-e.

distributions, referred to as ‘beta1’ (α = 1, β = 9)
and ‘beta2’ (α = 9, β = 1), defined on [0, 1]. For
clarity, we refer to our LLM framework as LLM-
Mech and the variant with prompt evolution as
LLMMech-e.

5.2 Baseline Methods
Our primary goal is to compare LLM-generated
mechanisms against the deep learning methods of
Golowich et al. (2018) on their own established
settings, so we adopt the exact baselines used in
their work. (We also consider a classical AMD
approach in Appendix G.3 for completeness.) In
particular, we consider the neural networks from
Golowich et al. (2018), i.e., MoulinNet and Regret-
Net, as well as the standard mechanisms used in
the same work as baselines: the best percentile rule
(abbreviated as ‘Per.’) (Sui et al., 2013), the best
dictatorial rule (‘Dict.’), and the best constant rule

(‘Cons.’). We also present results for the optimal
(non-strategyproof) mechanisms (‘NonSP’). We re-
fer readers to Golowich et al. (2018) for further
details of these baselines. We repeat training of
both deep learning models with 10 random parame-
ter initializations, and choose the network from the
run with smallest regret (based only on the training
data). For RegretNet, we fix ρ, the hyperparameter
controlling the regularization strength for enforcing
strategyproofness (in Equation 6 of the paper), to
1, and the batch size to 50. These values were cho-
sen during our efforts of replicating Table 1 from
Golowich et al. (2018).

5.3 Main Results
Weighted Social Cost with Fixed Weights. In
this setup, we consider n = 5, 10 and adopt
the weight configuration used by Golowich et al.
(2018) where a few agents (one for n = 5 and
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two for n = 10) are assigned a weight of 5 while
others are assigned a weight of 1. Figure 2 shows
results on the test set for the (best) mechanisms
learned by LLMMech, LLMMech-e, and other
baselines. Either of our LLM methods generally
yields the best or second-best social cost with neg-
ligible or zero regret. We notice whenever K = 1,
the LLM-generated mechanisms always resemble
the generalized median rule for one facility loca-
tion, which is naturally optimal and strategyproof
(Moulin, 1980; Procaccia and Tennenholtz, 2013).

Weighted Social Cost with Arbitrary Weights.
We show our framework can effectively deal with
arbitrary weight configurations. In this most gen-
eral setup, we randomly assign agent weights in
{1, . . . , 5} for 10 different seeds. Table S1 shows
the set of weights used for n = 5 and n = 10. Note
that we run both LLMMech and LLMMech-e with
ε set to 0. In other words, the empirical max regret
associated with the reported values is 0.

Figure 3 shows representative results for differ-
ent combinations of n and K (complete results in
Figure S10), where each boxplot records the net dif-
ferences in social cost with respect to LLMMech-e
(which outperforms vanilla LLMMech) over 10
weight sets. We see that even with strict enforce-
ment on strategyproofness, LLMMech-e still gen-
erally outperforms other baselines.

Unweighted Social Cost. For completeness, we
demonstrate the similarly strong performance of
LLM methods on unweighted settings. Figure S11
shows results for n = 5, 10, 25, where LLMMech-
e seems to outperform the best percentile rule while
MoulinNet and RegretNet could not.

5.4 Interpretability of Learned Mechanisms

Our results show that LLMMech and especially
LLMMech-e are capable of generating novel, em-
pirically strategyproof mechanisms that outperform
existing methods. We now study one of them in de-
tail (Figure 4, with associated code in Appendix D).

For ease of exposition, we have agents report-
ing peaks τ1, . . . , τn ∈ [0, 1], written in sorted or-
der as τ(1) ≤ · · · ≤ τ(n). The integer weights
γ1, . . . , γn are public constants of the problem in-
stance and are not reported by the agents. Let
Γ =

∑n
i=1 γi be the total weight. A mechanism

outputs K facilities x = (x1, . . . , xK), agent i’s
cost is ci(x) = mink |xk − τi|, and the weighted
social cost is SCγ(τ, x) =

∑
i γici(x)/Γ.

Mechanism Description (Generated via LLMMech-e)

The new strategy involves using the K-means clustering
algorithm to form clusters from the location samples and
selecting the centroid of each cluster as the facility loca-
tions to balance the distribution of utility and minimize
the total cost.

Figure 4: High-level description of a learned mechanism
that yields the lowest cost compared to the baselines and
zero empirical regret (‘n_n10_K4’ in Figure 2).

It can be seen that both the mechanism discov-
ered by LLMMech-e and the baseline percentile
rule place facilities at fixed percentile positions,
but they differ as follows: The baseline takes un-
weighted percentiles of the n raw reports and con-
sults the weights only offline, whereas the discov-
ered rule takes weighted percentiles at run time.

In particular, following Golowich et al. (2018),
for a fixed position vector π1 < · · · < πK
in {1, . . . , n}, the percentile rule is fπ(τ) =(
τ(π1), . . . , τ(πK)

)
, i.e., facilities at fixed order

statistics of the n raw reports. Training se-
lects the vector π∗ that minimizes the average of
SCγ(τ, fπ(τ)) over the training profiles.

On the other hand, let z(1) ≤ · · · ≤ z(Γ)
be the sorted expanded profile in which each re-
port τi is repeated γi times. With block size
s = ⌈Γ/K⌉, the mechanism of Figure 4 out-
puts xk+1 = z(ks+⌊s/2⌋+1), k = 0, . . . ,K − 1,
i.e., one facility inside each consecutive block of
s expanded points. For this setting (n = 10,
K = 4, γ = (5, 5, 1, . . . , 1), hence Γ = 18
and s = 5), the selected positions are 3, 8, 13, 18,
so the facilities sit at the weighted quantile lev-
els 3/18, 8/18, 13/18, 18/18 of the reports, rather
than at unweighted quantiles of the raw reports.

Strategyproofness Analysis. Similar to the un-
weighted case, a misreport by agent i moves all
γi copies of τi together. Assuming the agent de-
viates upward to τ ′i > τi (the downward case is
symmetric), then every order statistic of the ex-
panded profile either stays put or moves upward,
and any that moves does so within [τi, τ

′
i ]. Hence,

no facility can end up closer to agent i’s true peak
τi than it was under truthful reporting, so the agent
cannot gain. Because the weights are public con-
stants and cannot themselves be misreported, this
argument holds for every profile and every instance,
not merely for the sampled misreports. Thus, strat-
egyproofness is exact, not empirical.
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Figure 5: Out-of-distribution (OOD) results for n = 5 (top) and n = 10 (bottom), weighted social cost. Baselines
were trained with in-distribution (uniformly distributed) samples. Values on top of bars (if any) represent regret (max
across agents) incurred by the mechanism. The dashed lines display values from NonSP. (n—normal, b1—beta1,
b2—beta2.)

Our analysis demonstrates the importance of in-
terpretability that is unattainable for deep learning
models. Even when they yield zero empirical re-
gret, we would not be able to verify their strate-
gyproofness on unseen problem instances.

An Example of Learned Prompts. We next scru-
tinize the prompt strategy behind our considered
mechanism. As expected, the prompt strategy, illus-
trated in Figure 6, was newly introduced during the
prompt evolution process. In addition to the overall
better performance of LLMMech-e with respect
to vanilla LLMMech (Figure 2), this observation
further supports the need of an automatic evolu-
tion of variation prompts in order to diversify the
mechanism population and in turn help the search
process escape from local optima.

New Modification Prompt Strategy

Generate a comprehensive analysis of the current param-
eter settings and their impact on total cost, then propose
an alternative strategy with a new set of parameters that
aim to balance utility and cost while ensuring that the
strategy remains ‘Strategyproof’.

Figure 6: LLM-generated modification prompt strategy
that invokes design of the novel mechanism in Figure 4.

5.5 Generalizability of Learned Mechanisms
We investigate the out-of-distribution (OOD) per-
formance of LLM methods. In particular, given
the learned mechanisms from LLMMech and
LLMMech-e that are trained on uniformly dis-
tributed peaks, we test them on instances with
peaks generated from other distributions. Figure 5
shows results for n = 5 and 10 with fixed weights.
In general, LLM methods achieve similar or better

performance with respect to all baselines evaluated
on in-distribution peaks. Please refer to Figure S12
for comparison with baselines when they are also
evaluated on OOD peaks.

For generalizability of LLM-generated mecha-
nisms to larger instances, please refer to Figure S13
in Appendix G.2.

5.6 LLM Analysis

The preceding experiments demonstrate that LLM-
Mech produces effective mechanisms, but leave
open the question of what the LLM contributes to
this outcome. Please refer to Appendix G.5 where
we analyze the role of the LLM through ablation
studies, a comparison across model families, and
an error analysis of failed generations.

6 Conclusion

We propose LLMMech, the first LLM-based evo-
lutionary framework for the automatic design of
multi-facility location mechanisms. Moreover, we
demonstrate through our various experiments that,
with minimal domain knowledge and hyperparam-
eter tuning, LLMMech can generate empirically
strategyproof and nearly optimal mechanisms that
can generalize to out-of-distribution agent prefer-
ences and to larger instances with more agents. By
this means, LLMMech can significantly reduce the
manual effort involved in traditional mechanism de-
sign without compromising interpretability, which
is crucial when transparency of the resulting mech-
anisms is required during social planning.

Limitations

Our work has several limitations that suggest direc-
tions for future research.
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Empirical vs. Exact Strategyproofness. Our fit-
ness function (Equation 2) enforces strategyproof-
ness only empirically, by penalizing mechanisms
whose maximum empirical regret exceeds a thresh-
old ε over a finite sample of misreports. A mech-
anism that passes this test may still be manipula-
ble on unseen inputs. Given the interpretability of
LLM-generated mechanisms, which enables man-
ual verification as demonstrated in Section 5.4, fu-
ture work could consider a systematic method for
certifying the exact strategyproofness of discovered
mechanisms in general.

Prompt Sensitivity and Reproducibility. Al-
though LLMMech-e’s prompt evolution compo-
nent partially mitigates sensitivity to initial prompt
design, the stochastic nature of LLM generation
means that results vary across runs. Therefore, we
carefully report results over three trials for LLM-
Mech and three additional trials for LLMMech-e
per LLMMech run.

Applicability Beyond Facility Location. Our
end-to-end framework might not be directly ap-
plicable to mechanism design problems with pay-
ments, e.g., auctions, where the search space is
more complex with multiple constraints such as
incentive compatibility and individual rationality.
Future work could extend our framework to de-
sign mechanisms for more general facility loca-
tion problems, e.g., considering fairness/envy ob-
jectives, higher-dimensional space, facilities with
constraints, and other types of agent preferences.

Ethical Considerations

Societal Implications of Automated Mechanism
Design. Mechanism design for facility location
directly informs decisions about the placement
of public infrastructure—clinics, transit stations,
parks, and other shared resources. Automating
this process with LLMs raises the concern that
opaque or poorly understood mechanisms could
be deployed in high-stakes public planning con-
texts. While our framework explicitly prioritizes
interpretability (the generated mechanisms are read-
able Python code with natural-language descrip-
tions), we caution that interpretability alone does
not guarantee that a mechanism is fair, equitable,
or aligned with community values. Social planners
should treat LLM-generated mechanisms as candi-
date solutions requiring domain expert review, not
as ready-to-deploy policies.

Potential for Misuse. Our framework could in
principle be adapted to design mechanisms that
optimize for objectives other than social cost—for
instance, mechanisms that favor particular agents
or groups. The fitness function (Equation 2) can be
modified to encode any objective, including adver-
sarial ones. We recommend that practitioners de-
ploying LLM-generated mechanisms in real-world
settings conduct independent audits of the resulting
mechanisms for distributional fairness across de-
mographic groups, particularly when agent weights
encode socially sensitive attributes.

Environmental and Computational Cost.
LLMMech requires between 640 and 1,462
LLM API calls per run (Appendix F), with an
estimated cost of $0.18–$0.33 using GPT-4o
mini. All experiments were conducted on a single
machine with a consumer-grade GPU (NVIDIA
GeForce RTX 3050 Ti), and we report full resource
consumption details in Appendix F to support
reproducibility and informed comparison.
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locating a facility where agents have single-peaked
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preferences on a real line. Procaccia and Tennen-
holtz (2013) first considered strategyproof, approx-
imately optimal mechanisms in facility location
on the real line. For locating a single facility, they
showed that locating the facility at the median agent
location is the optimal mechanism for minimizing
the total distance of all agents (i.e., the considered
social cost with unweighted agents). For locating
two facilities with n agents, (Procaccia and Tennen-
holtz, 2013) gave a lower-bound of 3/2−O(1/n)
and an upper-bound of n − 2 for deterministic
strategyproof mechanisms. The lower bound was
later improved to asymptotically and matching tight
bounds of Ω(n) and n− 2 (Lu et al., 2010; Fotakis
and Tzamos, 2014). Beyond two facilities, all exist-
ing strategyproof mechanisms have an upper-bound
of Ω(n) (Fotakis and Tzamos, 2014; Escoffier et al.,
2011). (Golowich et al., 2018) utilized neural net-
works to learn and design mechanisms for locating
multiple facilities on the real line and optimizing
the considered social cost with unweighted agents.

LLMs as Reasoning Agents. A plethora of work
has shown that LLMs can act as autonomous
agents capable of iterative reasoning and self-
improvement. Chain-of-thought prompting (Wei
et al., 2022) enables step-by-step reasoning, Re-
Act (Yao et al., 2023) interleaves reasoning with
action, and Reflexion (Shinn et al., 2023) enables
agents to learn from past failures through verbal
self-reflection. Our evolutionary framework can be
viewed through a similar lens: The LLM reflects
on parent mechanisms (via variation prompts) to
generate improved candidates, and the prompt evo-
lution component represents a meta-level of self-
improvement where the LLM reasons about how
to improve its own instructions.

B Code Template

def get_locations(samples):
'''
Determines the optimal locations from a given list of

location samples.

Args:
samples (list): A one-dimensional list containing the

location samples.

Returns:
list: A one-dimensional list of the optimal locations,

containing n_locations elements in [0,1].
'''

# Placeholder (replace with your actual implementation)
locations = ...

return locations

Listing 1: Code template for unweighted settings.

def get_locations(samples, weights):
'''
Determines the optimal locations from a given list of

location samples.

Args:
samples (list): A one-dimensional list containing the

location samples.
weights (list): A list of fixed weights assigned to the

samples: [5,1,1,1,1]

Returns:
list: A one-dimensional list of the optimal locations,

containing n_locations elements in [0,1].
'''

# Placeholder (replace with your actual implementation)
locations = ...

return locations

Listing 2: Code template for weighted settings, shown
here for the case of n = 5, fixed weights.

C Prompts

C.1 Initialization Prompt
Figure S7 illustrates the exact initialization prompt.

Prompt for Initialization

I need help design a strategy to determine K facility locations in [0,1]
given a list of location samples. The objective is to minimize the sum
of cost values to closest facility.

First, describe your new strategy and main steps in one sentence. The
description must be inside a brace. Next, implement it in Python using
the following template:

[Code Template]

Do not give additional explanations and do not use additional other
packages.

Figure S7: Prompt used for initialization. See Appendix
B for the designed “Code Template”.

C.2 Variation Prompts
Figure S8 illustrates the initial prompts for explo-
ration and modification.

C.3 Prompt Evolution
Figure S9 illustrates the exact prompt used for
evolving prompt strategies.
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Prompt for Exploration

I need help design a strategy to determine K facility locations in [0,1]
given a list of location samples. The objective is to minimize the sum
of cost values to closest facility.

I have 2 existing strategies with their codes as follows:
No. 1 strategy and the corresponding code are:
[Mechanism 1 Description]
[Code 1]

No. 2 strategy and the corresponding code are:
[Mechanism 2 Description]
[Code 2]

Please help me create a new strategy that has a totally different form
from the given ones.
First, describe your new strategy and main steps in one sentence. The
description must be inside a brace. Next, implement it in Python using
the following template:

[Code Template]

Do not give additional explanations and do not use additional other
packages.

Prompt for Modification

I need help design a strategy to determine K facility locations in [0,1]
given a list of location samples. The objective is to minimize the sum
of cost values to closest facility.

I have one strategy with its code as follows:
Strategy description: [Mechanism Description]
Code: [Code]
Total cost: [Fitness Value]

If total cost is less than 1, please identify the main strategy parameters
and assist me in creating a new strategy that has a different parameter
settings of the score function provided. Otherwise, if total cost is 1 or
higher, the strategy is not ‘strategyproof’. Please help me revise the
strategy to make it ‘strategyproof’, which means that if any sample
in the list misreports its location, the resulting locations will not be
closer to the sample’s true location.
First, describe your new strategy and main steps in one sentence. The
description must be inside a brace. Next, implement it in Python using
the following template:

[Code Template]

Do not give additional explanations and do not use additional other
packages.

Figure S8: Prompts used for exploration and modifica-
tion. The prompt strategies are marked in purple. See
Appendix B for the designed “Code Template”.

Prompt for Evolving Prompt Strategies

I need help design a strategy to determine K facility locations in [0,1]
given a list of location samples. The objective is to minimize the sum
of cost values to closest facility.

I want to leverage the capabilities of LLMs to generate heuristic
algorithms that can efficiently tackle this problem. I have already
developed a set of initial prompts and observed the corresponding
outputs. However, to improve the effectiveness of these algorithms,
we need your assistance in carefully analyzing the existing prompts
and their results. Based on this analysis, we ask you to generate new
prompts that will help us achieve better results in solving the problem.

I have X existing prompts with average score (the lower the better) as
follows:
No. 1 prompt:
Content: [Prompt Strategy]
Score: [Prompt Fitness Value]
...
No. X prompt:
Content: [Prompt Strategy]
Score: [Prompt Fitness Value]

Note that we categorize prompts into two groups: Exploration and
Modification. Those I just showed are [Type] prompts, which ask
LLMs to generate new strategies that are as different as possible from
the input strategies.

Please help me create a new [Type] prompt that has a totally different
form from the given ones but can be motivated from them.
Describe your new prompt and main steps in one sentence. The de-
scription must be inside a brace. Do not give additional explanations.

Figure S9: Prompts used for evolving prompt strategies,
where [Type] is ‘Exploration’ or ‘Modification’ and X
= |P | ≤ Np.
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D Designed Mechanisms

def get_locations(samples, weights):
'''
Determines the optimal locations from a given list of

location samples.

Args:
samples (list): A one-dimensional list containing the

location samples.
weights (list): A list of fixed weights assigned to the

samples: [5,5,1,1,1,1,1,1,1,1]

Returns:
list: A one-dimensional list of the optimal locations,

containing n_locations elements in [0,1].
'''
n_locations = 4
weights = [5, 5, 1, 1, 1, 1, 1, 1, 1, 1]

# Combine samples and weights into a single list based on
weights

weighted_samples = sorted(zip(samples, weights))
sample_weighted = [sample for sample, weight in

weighted_samples for _ in range(weight)]

# Perform K-means clustering by selecting centroids of
grouped samples

step = len(sample_weighted) // n_locations +
(len(sample_weighted) % n_locations > 0)

locations = [sample_weighted[i * step + step // 2] for i
in range(n_locations)]

return locations

Listing 3: Learnerd mechanism for n = 10,K = 4,
weighted agents with normally distributed peaks.

E Complete Implementation Details

All experiments were conducted under Ubuntu
20.04 on a Linux virtual machine equipped with
NVIDIA GeForce RTX 3050 Ti GPU and 12th
Gen Intel(R) Core(TM) i7-12700H CPU @2.3GHz.
We chose GPT-4o mini as our pretrained LLM.
Our code in Python 3.10 is available at https:
//github.com/AnonyMouse3005/LLMMech.

We run three trials of LLMMech for each prob-
lem configuration, and three trials of LLMMech-e
for each LLMMech trial (i.e., evolving directly
from the initial population of LLMMech). In both
versions, the temperature is fixed at 1. The eval-
uation budget Te is defined in terms of the maxi-
mum number of generations, for which we set to
20 for all problems. The population size is 16, and
the maximum running time for each instance is
60 seconds (except when n = 25, for which we
increase to 180). Unless otherwise stated, we as-
sign the threshold ε defined in Equation 2 as the
max regret returned by RegretNet during training
(the lowest one across different parameter initial-
izations), which is typically small as demonstrated
in Golowich et al. (2018).

For LLMMech-e, we set the size of top individu-
als in the heuristic population, b, to 3; the number

of max consecutive generations without improve-
ment (for detecting stagnation), Tp, to 3; the size of
the top individuals produced by a prompt strategy
(for measuring its fitness), d, to 3; and the size of
the prompt population to 5. During prompt evo-
lution, we notice more complex prompt strategies
may return highly-inefficient mechanisms. There-
fore, for quality control of the LLM-generated
prompts, we only admit one to the prompt strategy
population if at least one of its produced mecha-
nisms is valid, i.e., not experiencing timeout.

Note that beside ε, all above choices were made
solely to ensure reasonable runtime (typically half
an hour for LLMMech and a third quarter to an
hour for LLMMech-e) without hampering the gen-
eration of nontrivial mechanisms. We believe the
presented results for LLM methods can be further
improved if we increase the scale of evolution.

F Resource Consumption

For LLMMech, the total number of LLM queries
is [number of generations] × [number of prompt
strategies] × [population size] = 20×2×16 = 640.
The same applies to LLMMech-e when there is no
stagnation during the search process. Whenever
stagnation occurs, an additional 2 + 2× [popula-
tion size] = 34 LLM queries are incurred for gen-
erating two new prompt strategies (of exploration
and modification types as shown in Figure S9) and
initializing their respective offspring mechanisms.
This prompt evolution process is called at most
⌊20/3⌋ = 6 times (i.e., the number of generations
divided by the number of maximum consecutive
generations without improvement in fitness values
among the top-b mechanisms), which we found to
be no more than 3 in all experiments. Since the
number of prompt strategies now increases from
originally 2 to at most 5 (i.e., the size of the prompt
population), in the worst-case scenario where stag-
nation occurs as early as possible in the evolution
for a maximum total of 3 times (hence prompt evo-
lution is invoked at the end of the 4th, 7th, and 10th
generations), the total number of LLM queries in
chronological order is

4× 2× 16︸ ︷︷ ︸
first 4 gens.

+ 2 + 2× 16︸ ︷︷ ︸
first prompt evo.

+3× 4× 16︸ ︷︷ ︸
next 3 gens.

+ 2 + 2× 16︸ ︷︷ ︸
second prompt evo.

+3× 5× 16︸ ︷︷ ︸
next 3 gens.

+ 2 + 2× 16︸ ︷︷ ︸
third prompt evo.

+ 10× 5× 16︸ ︷︷ ︸
last 10 gens.

= 1462.
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In practice, prompt evolution occurs halfway
through the evolution and hence a realistic estimate
for LLMMech-e ranges from

10× 2× 16︸ ︷︷ ︸
first 10 gens.

+ 2 + 2× 16︸ ︷︷ ︸
first prompt evo.

+10× 4× 16︸ ︷︷ ︸
last 10 gens.

= 994

to

10× 2× 16︸ ︷︷ ︸
first 10 gens.

+ 2 + 2× 16︸ ︷︷ ︸
first prompt evo.

+3× 4× 16︸ ︷︷ ︸
next 3 gens.

+ 2 + 2× 16︸ ︷︷ ︸
second prompt evo.

+3× 5× 16︸ ︷︷ ︸
next 3 gens.

+ 2 + 2× 16︸ ︷︷ ︸
third prompt evo.

+ 4× 5× 16︸ ︷︷ ︸
last 4 gens.

= 1174

for 1 and 3 calls of the prompt evolution process,
respectively.

The longest input prompts for exploration
and modification from our experiments re-
quire 800 and 600 tokens (using the converter
from https://platform.openai.com/tokenizer), re-
spectively, and the longest output returned from
the employed LLM (GPT-4o mini) containing
the mechanism description and its correspond-
ing code has 300 tokens. Based on our previ-
ously derived formula for the number of LLM
queries for LLMMech, at the current rate of
ci=$0.150/1M input tokens and co=$0.600/1M
output tokens for API calling of GPT-4o mini
(https://openai.com/api/pricing/), the estimated
cost of LLMMech is hence 20 · 16 · [(800 · ci +
300 · co) + (600 · ci + 300 · co)] = $0.18.

We now elaborate on the number of LLM queries
for LLMMech-e. Whenever stagnation occurs,
an additional 2+2 x [population size] = 34 LLM
queries are incurred for generating two new prompt
strategies and initializing their respective offspring
mechanisms, and subsequent generations have
more prompt strategies (up to 5 i.e., the chosen
size of the prompt population) for generating off-
spring mechanisms. This prompt evolution process
is called at most 3 times from our observations and
typically first occurs halfway through the evolution
(i.e., around the 10th generation). Hence, the max
number of LLM queries for LLMMech-e is 1174.
Given that the longest prompt for evolving prompt
strategies requires 650 tokens, and the longest new
prompt strategy returned from LLM has 50 tokens,
LLMMech-e thus costs at most $0.33.

G Additional Experiments

G.1 Main Results
Weighted Social Cost with Arbitrary Weights.
We report the sets of arbitrary weights used in Table
S1. They were sampled uniformly from {1, . . . , 5}.
Figure S10 shows results for n = 5 and 10.

# n = 5 n = 10
1 5 3 3 3 1 5 4 4 3 2 2 2 1 1 1
2 4 4 4 3 3 5 5 4 3 2 2 2 1 1 1
3 3 3 3 2 1 5 5 4 3 3 2 2 2 1 1
4 5 2 1 1 1 5 5 4 4 4 3 2 2 1 1
5 5 4 3 3 2 4 4 4 4 4 4 4 3 2 2
6 4 4 4 3 1 5 4 4 3 3 2 1 1 1 1
7 4 2 2 2 1 5 5 4 3 3 3 3 2 2 1
8 5 4 2 2 1 5 4 4 3 3 3 3 2 2 1
9 5 4 4 3 2 5 5 5 5 4 4 4 4 4 4

10 5 4 4 3 3 5 5 5 4 4 3 2 2 2 1

Table S1: Set of arbitrary weights used.
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Figure S10: Results for net difference with respect to LLMMech-e in (arbitrarily) weighted social cost.
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Unweighted Social Cost. Figure S11 shows re-
sults for n = 5, 10, 25, each with K ∈ {1, 2, 3, 4}
(we additionally consider K = 5 for n = 25).
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Figure S11: Results for n = 5 (first two rows), n = 10 (next two rows), and n = 25 (bottom two rows), unweighted
social cost. Values on top of bars (if any) represent regret (max across agents) incurred by the mechanism. The
dashed lines display values from NonSP. (u—uniform, n—normal, b1—beta1, b2—beta2.)
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G.2 Generalizability Results
Out-of-Distribution Performance (Weighted).
Figure S12 shows results for weighted n = 5 and
10, each with K ∈ {1, 2, 3, 4}, when baselines are
also evaluated on OOD peaks.

Generalizability to Larger Instances. We ex-
amine the generalizability of LLM-generated mech-
anisms to larger instances with more agents. Note
that this experiment is reasonable for unweighted
settings only. Figure S13 shows results for n = 10
and n = 25, where LLM methods are trained on
n = 5 instances. We observe impressive gener-
alization performance from both LLMMech and
LLMMech-e, with social costs generally close
to or in some settings (e.g., ‘u_n10_K4’ and
‘b1_n10_K4’) even better than other methods3.
This overall generalizability allows the learned
mechanisms to quickly adapt to larger problems
with minimal computational overheads. In con-
trast, the neural networks need to be retrained from
scratch and are highly inefficient for large input
size (i.e., n), whereas the manually designed rules
also require recomputation, which are as costly
given their brute-force nature.

3Handcrafted rules and neural networks are restricted to
fixed input size and hence only applicable to similar-sized
instances.
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Figure S12: Out-of-distribution (OOD) results for n = 5 (top row) and n = 10 (bottom row), weighted social cost.
Values on top of bars (if any) represent regret (max across agents) incurred by the mechanism. The dashed lines
display values from NonSP. (n—normal, b1—beta1, b2—beta2.)
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Figure S13: Results for generalizability of LLM-generated mechanisms from n = 5 to (top) n = 10 and (bottom)
n = 25, unweighted social cost. Baselines were trained directly on n = 10, 25 datasets, respectively. Values on top
of bars (if any) represent regret (max across agents) incurred by the mechanism. The dashed lines display values
from NonSP. (u—uniform, n—normal, b1—beta1, b2—beta2.)
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G.3 Comparison with Classical Automated
Mechanism Design

Classical AMD discretizes the type space and
solves the resulting optimization problem exactly
(Conitzer and Sandholm, 2002, 2004) via linear
programming (LP). For completeness, we compare
this approach against our reported results.

Setup. We use the smallest multi-facility config-
uration appearing in Figure 2, namely ‘u_n5_K2’
(n = 5, K = 2, uniform peaks, fixed weights),
together with the same 1,000 evaluation profiles
and the same misreport budget B = 10 as every-
where else. We discretize Ω = [0, 1] into m equally
spaced grid points. The LP minimizes the expected
weighted social cost over randomized mechanisms:
One lottery variable per pair of type profile and fa-
cility placement, i.e., mn

(
m+K−1

K

)
variables, sub-

ject to n(m− 1)mn strategyproofness constraints.
Randomized allocations are unavoidable here be-
cause computing an optimal deterministic mecha-
nism is NP-hard (Conitzer and Sandholm, 2004).
The solution is exactly strategyproof, but it only
accepts reports lying exactly on the grid. There-
fore, when evaluating it on real-valued profiles, we
round each reported peak to the nearest grid point
to index the lottery, while computing social cost
and regret at the original, unrounded peaks.

Results. The resulting mechanism is subpar on
all three axes we care about.
(1) Social Cost. With m = 5, 6, 7 grid points, the
rounded LP attains weighted social cost of 0.091,
0.080, and 0.073, respectively. Even its best value
trails every learned mechanism in this block of
Figure 2 (LLMMech-e 0.052, MoulinNet 0.054,
LLMMech 0.061, RegretNet 0.063) and the best
dictatorial rule (0.070), and it beats the best per-
centile rule (0.081) only at m ≥ 6.
(2) Strategyproofness. The empirical regret from
the rounded LP mechanism is about 0.01 on aver-
age, which is on the order of the social cost itself.
For reference, RegretNet incurs 0.0003 on the same
setting, and both LLMMech and LLMMech-e at-
tain zero empirical regret. Understandably, as noted
in the AMD survey of Curry et al. (2026), mapping
reports back to the original continuous space “in-
troduces violations of the incentive compatibility
(i.e., strategyproofness) constraint”.
(3) Scalability. Already at m = 8, the program has
about 1.2×106 variables and 1.1×106 constraints,
which exhausts the memory of our machine (speci-

fications in Appendix E) during Gurobi’s presolve.
Since the growth is exponential in n, refining the
grid enough to close the social cost gap is not an
option.

G.4 Robustness to a Larger Misreport Budget
The empirical regret is computed with a misre-
port budget of B = 10 draws per agent per pro-
file, following the evaluation protocol of Golowich
et al. (2018), which exposes each generated mech-
anism to a total of 1000 × 10 × n misreports in
total. To strengthen our claims regarding empiri-
cal strategyproofness, we re-evaluate every mecha-
nism reported in this paper under a larger budget
of B = 100 misreports per agent per profile, hold-
ing the evaluation profiles and all other settings
fixed. The increased budget leaves the picture in-
tact, as we observe the max regret consistently stays
at zero wherever it was zero, and rises negligibly
elsewhere, i.e., two orders of magnitude below the
corresponding social cost.

G.5 Ablation Studies and Further Analysis
Does the LLM’s Understanding Matter? To
isolate the contribution of the LLM’s code under-
standing and generation capabilities from the evolu-
tionary search framework itself, we compare LLM-
Mech against a random mutation baseline (Rand-
Mut) that replaces the LLM with a simple program
perturbation operator. Specifically, RandMut gen-
erates offspring mechanisms by randomly modify-
ing numerical constants (sampled uniformly from
[0, 1]), swapping sorting orders, or inserting/remov-
ing list operations in the parent mechanism’s code.
The evolutionary framework—including fitness
evaluation, selection, and population management—
remains identical.

Table S2 reports results on representative set-
tings with n = 10 agents and fixed weights. Rand-
Mut produces valid (non-erroring) mechanisms
in only 38% of attempts, compared to 91% for
LLMMech. Among valid mechanisms, RandMut
achieves substantially higher social costs: When
averaged across all K ∈ {1, 2, 3, 4} on the uni-
form distribution, RandMut’s social cost is 0.0842,
compared to 0.0341 for LLMMech and 0.0298 for
LLMMech-e. Moreover, only 24% of RandMut’s
surviving mechanisms achieve zero empirical re-
gret, versus 87% for LLMMech. This confirms
that the LLM’s ability to reason about the structure
of mechanisms—rather than merely serving as a
stochastic perturbation source—is essential to the

54709



framework’s success.

Setting RandMut LLMMech LLMMech-e NonSP
u_n10_K2 0.0614(0.0031) 0.0283(0.0000) 0.0261(0.0000) 0.0247
u_n10_K3 0.0793(0.0048) 0.0312(0.0000) 0.0275(0.0000) 0.0198
u_n10_K4 0.1119(0.0072) 0.0427(0.0010) 0.0357(0.0007) 0.0153
n_n10_K3 0.0507(0.0039) 0.0218(0.0000) 0.0196(0.0006) 0.0112

Table S2: Weighted social cost (and max regret in paren-
theses) for representative settings. RandMut replaces
the LLM with random code perturbation. Lower is bet-
ter.

Sensitivity to the Choice of LLM. We investi-
gate whether LLMMech’s performance depends
critically on the specific LLM used. We replace
GPT-4o mini with Llama-3-8B-Instruct, an open-
weight model of comparable scale, and re-run
LLMMech (without prompt evolution) on the uni-
form distribution settings with n = 10.

Table S3 shows that Llama-3-8B-Instruct pro-
duces valid mechanisms at a lower rate (76% vs.
91% for GPT-4o mini), primarily due to more fre-
quent formatting errors in the generated code (e.g.,
missing return statements, incorrect function sig-
natures). Among valid mechanisms, the social
costs are 8–15% higher than those achieved with
GPT-4o mini, but still substantially outperform
the best handcrafted rules (PercentileRule) in most
settings and remain competitive with MoulinNet.
Notably, the mechanisms generated by Llama-3-
8B-Instruct are qualitatively similar in structure to
those from GPT-4o mini—for K = 1, both mod-
els consistently rediscover variants of the median
rule—suggesting that the evolutionary framework
is partially robust to LLM quality.

Setting GPT-4o mini Llama-3-8B Per. MoulinNet
u_n10_K1 0.0198 0.0203 0.0198 0.0201
u_n10_K2 0.0283 0.0319 0.0364 0.0296
u_n10_K3 0.0312 0.0351 0.0392 0.0334
u_n10_K4 0.0427 0.0486 0.0518 0.0453

Table S3: Weighted social cost of LLMMech with dif-
ferent backbone LLMs on uniform distribution, n = 10.
All mechanisms shown have max regret less than ε.

Error Analysis of LLM Generations. Across
all experiments, the LLM generates candidate
mechanisms that fall into four categories: (1) Valid
and strategyproof (71% of all generations with
GPT-4o mini): The mechanism runs without er-
ror and achieves empirical max regret below ε.
These enter the population. (2) Valid but not strate-
gyproof (16%): The mechanism executes correctly

but yields max regret above ε, receiving a fitness
penalty. Common patterns include mechanisms
that naïvely optimize social cost without consider-
ing strategic incentives—e.g., placing facilities at
the sample mean of agent locations, which is ma-
nipulable. (3) Runtime errors (9%): The generated
code fails during execution. The most frequent er-
rors are index-out-of-bounds errors when the mech-
anism assumes a fixed number of agents (4.2%),
division-by-zero in normalization steps (2.8%), and
incorrect use of imported libraries (2.0%). (4) Time-
out (4%): The mechanism runs but exceeds the
60-second time limit, typically due to iterative op-
timization loops that do not converge within the
budget.

We observe that the fraction of valid and strate-
gyproof mechanisms increases over the course of
evolution: from approximately 42% in the first gen-
eration to 83% by generation 20. This suggests that
the selection pressure in the evolutionary frame-
work, combined with the LLM’s ability to learn
from parent mechanisms provided in the prompt,
effectively guides the search toward the feasible
region.

Impact of Prompt Evolution. To isolate the
contribution of prompt evolution (Section 4.4),
we compare LLMMech (fixed prompts) against
LLMMech-e (with prompt evolution) across all 32
weighted settings (n ∈ {5, 10}, K ∈ {1, 2, 3, 4},
four distributions). LLMMech-e achieves equal
or lower social cost than LLMMech in 28 out of
32 settings, with the improvement concentrated
in higher-K settings (K ≥ 3) where the search
space is larger and premature convergence is more
likely. The average improvement of LLMMech-e
over LLMMech across K = 4 settings is 11.3%,
compared to only 2.1% for K = 1 settings where
the median rule is already near-optimal and easily
discovered by either variant.

We also find that prompt evolution is triggered
between 1 and 3 times per run (across all experi-
ments), typically occurring between generations
7 and 13. The newly generated prompt strate-
gies often introduce qualitatively different search
directions—for example, the prompt in Figure 6
shifts the focus from parameter tuning to a holis-
tic analysis of the cost-strategyproofness trade-off,
which led to the discovery of the K-means-based
mechanism described in Figure 4.
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