EvoFormat: Discovering Effective Graph-to-Text Formats
via Rule-Based Evolutionary Search

Kazuya Kakizaki, Taiki Miyagawa, Hideyuki Oiso, Ryo Furukawa
NEC Corporation
{kazuyal1210, miyagawataik, oiso-hideyuki, rfurukawa}@nec.com

Abstract

Encoding graphs as text prompts enables LLM-
based graph reasoning. However, effective
graph-to-text encodings depend on the down-
stream task, graph structure, and target LLM,
making manual format design time-consuming
and brittle. We propose EVOFORMAT, a black-
box evolutionary search framework that au-
tomatically discovers interpretable graph-to-
text formats represented as human-readable
formatting rules over node naming, relation
expression, and global arrangement. Using
only task-level feedback from LLM outputs,
EVOFORMAT iteratively mutates and selects
rules without gradients or internal model access.
Across synthetic GraphQA and IMDB-MULTI-
derived structural QA tasks over unattributed
graphs, EVOFORMAT outperforms strong hand-
crafted encodings in most settings.

1 Introduction

Large language models (LLMs) have demonstrated
strong capabilities across a wide range of reasoning
and generation tasks, motivating their extension be-
yond unstructured text to structured data. Among
such data, graphs are fundamental in many domains
(e.g., knowledge graphs, molecular structures, and
social networks) and have attracted growing in-
terest in LLM-based graph reasoning (Ren et al.,
2024). While adapting LLMs to graphs via instruc-
tion tuning and preference alignment can improve
performance (Chen et al., 2024a; Wang et al., 2024;
Ye et al., 2024), such adaptation typically involves
data curation, computational resources for training,
and engineering effort, which may introduce non-
trivial practical overhead. These constraints have
spurred an alternative line of work that keeps the
LLM frozen and represents graphs as text embed-
ded in prompts, enabling graph tasks without mod-
ifying the underlying LLM (Fatemi et al., 2024;
Guo et al., 2023; Zhao et al., 2023).

However, the effectiveness of this paradigm crit-
ically depends on how graphs are represented as
text. In practice, even for the same graph, LLM
performance can vary substantially with seemingly
minor choices, such as node identifiers, edge se-
rialization, and the ordering of edges in the text
encoding (Fatemi et al., 2024; Xypolopoulos et al.,
2024). Moreover, what constitutes an effective en-
coding often depends on the downstream task and
graph structure, and can also vary with the target
LLM configuration (e.g., model capacity). Conse-
quently, manually designing effective graph-to-text
formats is time-consuming and often brittle.

To address this challenge, prior work has pro-
posed training-based methods that adapt how
graphs are provided to the target LLM. A represen-
tative direction learns continuous graph represen-
tations and injects them into the LL.M input space
(Perozzi et al., 2024; Kim et al., 2025; He et al.,
2024; Tian et al., 2024; Chen et al., 2024b). While
effective, such continuous encodings are often less
interpretable than explicit textual formats, offering
limited transparency into how graph information
is represented. Moreover, they typically require
white-box access to the target LLM (i.e., access to
internal computations for gradient-based optimiza-
tion), and thus do not directly apply when the target
LLM is available only through black-box interfaces
(e.g., an API). This motivates automated methods
for discovering effective, interpretable graph-to-
text formats using only black-box feedback from
the target LLM.

To overcome these limitations, we propose Evo-
Format, a black-box evolutionary search frame-
work that automatically discovers effective and in-
terpretable graph-to-text formats for LLM prompt-
ing. EVOFORMAT represents each format as a for-
matting rule for unattributed graphs, composed of
three components: how nodes are named, how re-
lations are expressed, and how the entire graph
description is arranged (structured and ordered) as
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a single input text. Given a candidate rule, the in-
duced encoder deterministically converts any input
graph into text, which is then evaluated by down-
stream task performance of the target LLM. EvO-
FORMAT searches over the space of formatting
rules by iteratively mutating rule components and
selecting improved variants, using an LL.M to pro-
pose rule candidates. Because this search relies
only on task-level feedback from LLM outputs,
EVOFORMAT requires neither gradients nor access
to internal model states, making it applicable under
API-only, black-box access to the target LLM.

Our contributions are threefold: (1) We intro-
duce an interpretable formatting rule parameteriza-
tion for unattributed graphs that decomposes graph-
to-text formats into node naming, edge expres-
sion, and global arrangement, enabling systematic
search over a rich format space; (2) Building on this
rule space, we propose EVOFORMAT, a gradient-
free evolutionary framework that searches over
formatting rules using only black-box feedback
from the target LLM; (3) Through experiments
on six synthetic GraphQA tasks and TUDataset-
derived IMDB-MULTI structural QA tasks over
real unattributed graphs across multiple LLMs, we
show that the proposed rule space and LLM-based
initialization already produce strong candidates,
while evolutionary variation provides additional,
setting-dependent refinement when task headroom
remains. Overall, EVOFORMAT achieves a higher
reported mean accuracy than the best hand-crafted
format in all GraphQA settings and provides a com-
petitive automatic alternative to manual format se-
lection on IMDB-MULTL

2 Related Work

Automated Prompt Optimization (APO). APO
aims to improve the downstream performance of
an LLM f by optimizing an auxiliary prompt p
(e.g., instructions, demonstrations, or templates)
while treating the task input z as fixed, typically
under black-box access to the target LLM (Ram-
nath et al., 2025; Li et al., 2025). Recent black-box
approaches can be broadly grouped into feedback-
driven LLM-in-the-loop search (Pryzant et al.,
2023; Yang et al., 2024b), evolutionary prompt
optimization (Fernando et al., 2024; Guo et al.,
2024; Xu et al., 2022), and reinforcement-learning-
based optimization of discrete prompts (Deng et al.,
2022; Kwon et al., 2024), following the optimiza-
tion perspective of Li et al. (2025). While effective,

most APO methods optimize p rather than the in-
put representation x, and therefore do not directly
optimize how an input graph is encoded as text.

Some studies go beyond optimizing p and in-
stead improve performance by rewriting the task
input z. For example, they rewrite natural-language
questions for Text-to-SQL using database content
to reduce ambiguity (Mao et al., 2024), or rewrite
source sentences to improve machine translation
(Ki and Carpuat, 2025). However, these methods
typically assume unconstrained natural-language
inputs. In contrast, graph-to-text encodings must
satisfy strict structural validity constraints, includ-
ing consistent node references and edge realiza-
tions, making it non-trivial to apply generic rewrit-
ing methods. This motivates dedicated search meth-
ods for structured, human-interpretable formatting
rules tailored to graph encodings.

Graph Reasoning with Fixed LLMs. A grow-
ing line of work enables graph reasoning with
frozen LLMs by encoding graphs as explicit text
prompts. Fatemi et al. (2024) propose nine human-
designed formats and show large performance vari-
ations across formats and task settings. Zhao
et al. (2023) further argue for reasoning in the
text space and propose constructing a graph-syntax
tree and serializing it into a structured text se-
quence for LLM prompting, while Xypolopoulos
et al. (2024) study graph linearization into token
sequences using centrality- and degeneracy-based
orderings combined with node relabeling. Simi-
lar sensitivity to input representation has also been
observed beyond graphs; for instance, a Text-to-
SQL study shows that different prompt represen-
tations of database schemas affect LLM perfor-
mance (Gao et al., 2024). In LLM-based node
classification, Wu et al. (2025) show that the use-
fulness of structural context can depend on the
task setting, graph properties, model choice, and
prompt design. Overall, these studies highlight
that effective use of graph information by LLMs is
highly representation-dependent, yet graph-to-text
formats are typically specified manually, without
automatic search or learning.

Training-based methods instead learn continu-
ous interfaces for injecting graph information into
LLMs. For example, Perozzi et al. (2024) train
graph encoders that map the given input graph into
a continuous prompt representation for a frozen
LLM, while Chen et al. (2024b) reorganize graph
nodes into structure-aware embedding sequences
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Figure 1: Overview of EVOFORMAT evolutionary search. (A) An initial population of formatting rules is generated
by an LLM, and iteratively updated through (B) selection, (C) mutation, (D) evaluation, and (E) replacement.

and learn a projector into the LLM token space.
Other methods make prompting query-dependent,
e.g., by learning query-aware graph prompt em-
beddings (Kim et al., 2025; Tian et al., 2024) or
by retrieving query-relevant graph evidence and
using it to augment generation (He et al., 2024).
Related graph foundation model approaches fur-
ther learn language-based graph vocabularies for
text-attributed graphs (Zhu et al., 2025). While ef-
fective, these learned approaches typically require
white-box access for gradient-based optimization
and are often less interpretable than explicit tex-
tual formats, motivating black-box methods that
automatically discover interpretable graph-to-text
formatting rules.

More recently, Ranaldi et al. (2025) provide
behavioral evidence suggesting that lexical, hi-
erarchical, and topological KG knowledge inter-
nalized during pretraining is reused by LLMs in
downstream Text-to-SPARQL tasks. Their work
thus probes the model’s existing KG knowledge,
whereas EVOFORMAT addresses the complemen-
tary question of how an explicit input graph should
be represented at inference time.

3 Problem Formulation

Consider a graph-to-text encoder g : G — T,
where G denotes the graph space and 7 the text
space. An LLM f takes as input the encoded graph
g9(G) € T, with G € G, together with a query
g € T, and outputs an answer f(g(G),q) € ),

where ) denotes the answer space. Our objective
is to optimize the graph-to-text encoder g so as to
maximize performance on a downstream task (e.g.,
cycle check).

Following (Fatemi et al., 2024), we assume a
supervised setting for selecting the encoder g. The
training dataset D consists of graph—query—answer
triples: D = {(G;,qi,y:) | Gi € G, ¢ €T, y; €
YV}, where i indexes the samples. The optimization
objective is then formally written as

g" = argmax, Score(f(g(Gi),qi), Yis D) (D

for a task-dependent scoring function. Unlike
(Fatemi et al., 2024), we optimize g while keep-
ing the query ¢ fixed.

Importantly, we assume that the LLM f is a
black box, as in commercial API-based models;
i.e., its internal parameters and gradients are in-
accessible, and only input-output pairs can be ob-
served. Under this assumption, directly optimizing
Eq. (1) with gradient-based methods is not avail-
able, which motivates gradient-free optimization
strategies.

4 EvoFormat

We propose EvoFormat, a gradient-free evolu-
tionary framework for optimizing graph-to-text en-
coders under black-box LLM access. Instead of
parameterizing the encoder with model parameters,
EVOFORMAT represents it using a human-readable
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Node Rule:

D,..qe: Represent each node as a fictional city name
Snode : [“Aldoria”, “Brinford”, “Cinderport”, -]

Edge Rule:

D.qg.: direct flight relation

Teqge: A direct flight between <NODE1> and <NODE2>.
Arrangement Rule:

Style: Plain text

Grouping: none

Ordering: lexicographic

(a) Formatting Rule Example

Original Graph:
Nodes: [1, 2, 3]
Edges: {(1,2), (1,3)}

Graph G is an undirected graph encoded as text with the
following rules.

Encoding based on Formatting Rule

[NODE RULE]
Represent each node as a fictional city name.

[EDGE RULE]
direct flight relation

[ARRANGEMENT RULE]

style=plain_text, grouping=none, ordering=Ilexicographic
- Style: <Plain-text style description>

- Grouping: <Global-edge grouping description>

- Ordering: <Lexicographic ordering description>

[Encoded GRAPH]

[NODES]
Aldoria
Brinford
Cinderport

Converted Graph

[EDGES]
A direct flight between Aldoria and Brinford.
A direct flight between Aldoria and Cinderport.

(b) Rule-induced Graph-to-Text Example

Figure 2: Example formatting rule and its induced
graph-to-text encoding.

formatting rule F' € F over unattributed graphs,
where F denotes the space of formatting rules. F'
specifies how a graph is converted into text and
deterministically induces a graph-to-text encoder.
This formulation casts the optimization problem as
a search over formatting rules. To solve it, EvVO-
FORMAT uses an evolutionary search consisting
of five stages: (A) initialization, (B) selection, (C)
variation, (D) evaluation, and (E) replacement of
formatting rules, with all decisions driven solely by
observed task performance (Figure 1). In the fol-
lowing, we first describe the structure of formatting
rules and the rule-induced encoders, and then de-
tail each stage of the evolutionary search procedure
corresponding to steps (A)—(E).

4.1 Definition of Formatting Rules

A formatting rule F' € F is defined as a structured
textual specification that determines how the ele-
ments of an unattributed graph are represented in
text. In this work, we consider formatting rules
composed of multiple interpretable components,

each responsible for a different aspect of the graph-
to-text conversion. Specifically, a rule F' consists
of (i) a node rule, (ii) an edge rule, and (iii) an
arrangement rule, as illustrated in Figure 2 (a).

Node Rule. The node rule specifies how graph
nodes are encoded and is defined by a textual de-
scription Dpoge and a corresponding node set Shode.
Dyoge determines the semantic or stylistic form of
node expressions and is included in the encoded
prompt to explain the meaning of the node represen-
tations to the downstream LLM. It also serves as a
high-level specification that guides rule updates in
EVOFORMAT (see Section 4.3). Sy04e provides con-
crete textual realizations that serve as node-name
candidates during encoding.

We consider two types of node rules: Natural
Language Rules, which use human-readable but
fictional names following a specified style, and
Symbolic Identifier Rules, which represent nodes
using abstract identifiers such as N_i. These rule
types allow EVOFORMAT to explore node repre-
sentations ranging from semantically expressive to
purely symbolic.

Edge Rule. The edge rule specifies how relations
between nodes are encoded and is defined by a tex-
tual description Degee and an edge template Tegge
containing the placeholders <NODE1> and <NODE2>.
Degge determines the semantic or stylistic form of
edge expressions and is included in the encoded
prompt to explain the meaning of the edge represen-
tations to the downstream LLM. It also serves as
a high-level specification that guides rule updates
in EVOFORMAT. Teqge provides a concrete textual
pattern for instantiating each edge by replacing the
placeholders with encoded node names.

We consider two types of edge rules: Natural
Language Rules, which express relations using de-
scriptive phrases, and Symbolic Identifier Rules,
which encode relations using abstract symbolic pat-
terns. This design enables EVOFORMAT to explore
relational representations ranging from semanti-
cally rich natural language expressions to abstract
symbolic patterns.

Arrangement Rule. The arrangement rule spec-
ifies how encoded nodes and edges are organized
into a textual representation. It is parameterized
by three choices: an output style, a grouping op-
tion, and an ordering strategy. The output style
determines the overall serialization format, chosen
from plain text, Markdown, JSON-like, XML.-like,
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and Python-like representations. The grouping op-
tion determines whether each edge is listed once
in a global edge section or grouped under its in-
cident nodes. The ordering strategy determines
whether nodes and edges are sorted lexicograph-
ically by their encoded node names or by node
degree. Together, these components define a struc-
tured arrangement space for graph information in
text, enabling EVOFORMAT to explore diverse for-
matting variations.

4.2 Rule-Induced Graph-to-Text Encoders

Given a formatting rule /' € F, the induced en-
coder gr deterministically maps a graph G =
(V, E) to text by applying the components of F.
It first assigns each node v € V a unique textual
realization from the node set S;,oqe. If the number
of usable generated node names differs from |V,
the list is deterministically truncated when too long
or extended when too short, either by continuing an
identifiable numbering pattern or by appending de-
terministic suffixes. Each edge (u,v) € E is then
rendered by instantiating the edge template Ttgee
with the corresponding node names. Finally, the ar-
rangement rule serializes the node and edge strings
according to its output style, grouping option, and
ordering strategy.

The resulting encoded graph text consists of an
instruction header describing the formatting rule
and the encoded graph representation produced by
gr. This text is concatenated with the downstream
task query and provided to the LLM. Thus, each for-
matting rule induces a deterministic graph-to-text
encoder gr : G — T, as illustrated in Figure 2(b).

4.3 Evolutionary Search Procedure

Under the restriction to rule-induced encoders gr,
the optimization objective in Eq. (1) can be rewrit-
ten as a search over formatting rules:

F* = arg max Score(f(gF(Gi),qi), Vi D).
FeF (2)

EVOFORMAT optimizes this objective with an evo-
lutionary search over formatting rules (Figure 1).
It initializes a population of candidate rules and
repeatedly applies parent selection, rule variation,
fitness evaluation, and replacement. Fitness is mea-
sured by downstream task performance, and the
best-performing rules are retained across gener-
ations. By iterating these stages, EVOFORMAT
searches for effective graph-to-text formats under
black-box LLM access.

4.3.1 Population Initialization

EVOFORMAT begins by constructing an initial pop-
ulation 70 C F of M formatting rules using an
LLM (Figure 1(A)). To encourage diversity, the
initial population is evenly split between Natural
Language Rules and Symbolic Identifier Rules. For
each rule, the LLM generates the node-rule descrip-
tion Dpode, Node set Spode, €dge-rule description
Degge, and edge template Teqge according to a pre-
defined initialization configuration. The arrange-
ment rule is initialized separately by randomly sam-
pling its three components: output style, grouping
option, and ordering strategy. After initialization,
each rule F' € FV is evaluated on the downstream
task using its induced encoder gr, and its fitness
score J(F') is computed via the task-dependent
score in Eq. (2).

4.3.2 Parent Selection

In the selection step, EVOFORMAT chooses par-
ent rules from the current population to guide the
search toward promising regions (Figure 1(B)).
Specifically, we use tournament selection with a
tournament size of two. To generate an offspring
set of size K, the tournament is repeated K times:
two rules are sampled uniformly at random, and the
one with the higher fitness is selected as the parent
for applying a variation operator. This strategy pro-
motes exploitation of high-performing rules while
retaining exploration through stochastic sampling.

4.3.3 Rule Variation

In the variation step, EVOFORMAT explores the
formatting-rule space by applying stochastic varia-
tion operators to parent rules (Figure 1(C)). At each
generation, it produces an offspring set 7' C F
of size K from parents selected from the current
population. For each offspring, EVOFORMAT sam-
ples one operator uniformly from four operators:
reinitialization, node-rule update, edge-rule update,
and arrangement-rule update. Among these, reini-
tialization, node-rule update, and edge-rule update
use the LLM, whereas arrangement-rule update is
performed programmatically.

History-aware operator prompts. To encour-
age exploration beyond small surface edits, the
LLM-based operators append a compact history-
avoid context to the prompt. This context lists node-
rule descriptions, edge-rule descriptions, edge tem-
plates, and frequently used edge templates from
same-type rules in the current population and previ-
ously generated candidates. The LLM is instructed
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to treat these items as negative examples and to
avoid copying, paraphrasing, or making small sur-
face edits of them. We exclude node sets from the
context to avoid inducing the LLM to copy long
node-name lists. The history is constructed pro-
grammatically and used only as a prompt-level soft
constraint; it does not add LLM calls.

Concretely, EVOFORMAT employs the following
variation operators:

1. Reinitialization. This operator discards the
parent rule and generates a fresh rule of the
same rule type, i.e., Natural Language or Sym-
bolic Identifier. The LLM generates Dpode,
Shodes Dedge» and Teqge, While the arrangement
rule is randomly initialized. This operator pro-
vides a global exploratory move.

2. Node-rule update. This operator rewrites
the node-rule description Dj4e and regener-
ates the node set Syoqe using the LLM. The
update is guided to remain compatible with
the current edge rule and edge template, and
can substantially change how nodes are repre-
sented.

3. Edge-rule update. This operator rewrites the
edge-rule description Degee together with the
edge template Tegge using the LLM. The up-
date is constrained to remain compatible with
the current node rule and node-name candi-
dates, and can substantially alter how edges
are expressed.

4. Arrangement-rule update. This operator
modifies the arrangement rule by resampling
one of its three components: output style,
grouping option, or ordering strategy. The
selected component is guaranteed to differ
from its current value, while the remaining
components are kept unchanged.

4.3.4 Fitness Evaluation

In the evaluation step, EVOFORMAT assesses the
quality of candidate rules by measuring their task
performance (Figure 1(D)). After variation, each
offspring formatting rule F’ € F’ is evaluated by
applying its induced encoder ggs to the training
graphs. The resulting LLM predictions are com-
pared against the ground-truth answers to compute
the fitness J(F").

4.3.5 Replacement and Population Update

In the replacement step, EVOFORMAT updates the
population by retaining high-performing rules for
the next generation (Figure 1(E)). Let 7t C F
denote the population at generation t. Given fit-
ness scores for rules in F* and the offspring set
F', EVOFORMAT forms the next population F+1
by selecting the top M rules from F! U F, i.e.,
FiHL C FEUF. Thisis a (u+ \) strategy, which
preserves high-performing rules while allowing im-
proved offspring to enter the population.

4.4 Computational Cost

We quantify the computational cost of EVOFOR-
MAT by the number of LLM calls. For simplic-
ity, we report nominal expected call counts, as-
suming that each rule proposal succeeds without
retry. Let |D| be the number of evolution exam-
ples, M the population size, K the offspring size,
and T' the number of evolution steps. Evaluat-
ing the initial population and all offspring rules
requires |D|(M + KT) task-inference calls. Rule
generation adds M + (3/4) KT expected calls, be-
cause initialization requires M calls and three of
the four uniformly sampled variation operators use
the LLM. Thus, the total nominal expected number
of LLM callsis |D|(M + KT) + M + (3/4)KT.

S Experiments

5.1 Experimental Setup

Dataset. We evaluate EVOFORMAT on both syn-
thetic and real graph topologies. For synthetic
graphs, we use GraphQA (Fatemi et al., 2024),
which comprises six graph-reasoning tasks. Us-
ing the authors’ public implementation,' we gen-
erate 1,000 graph—query—answer triples for each
task and split them evenly into 500 examples
for evolution and 500 for evaluation. The syn-
thetic graphs are sampled from the Erdés—Rényi
(ER) model (Erd6s and Rényi, 1959). For real
graphs, we use IMDB-MULTI (Yanardag and Vish-
wanathan, 2015), a social-network benchmark in-
cluded in TUDataset (Morris et al., 2020). From
these graphs, we construct GraphQA-style struc-
tural QA examples for two tasks, edge count and
node degree, with answers computed directly from
the graph structure. Using a fixed stratified random
split, we sample 500 graphs for evolution and 500
graphs for evaluation. All downstream queries are

1ht’cps: //github.com/google-research/
google-research/tree/master/graphga
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Dataset Model Task Hand-crafted Best Hand-crafted 2nd EVOFORMAT-RandInit EVOFORMAT
NC 0.960 0.880 0.996 + 0.007 0.998 + 0.002

EC 0.324 0.254 0.379 + 0.006 0.418 + 0.035

Lama3. .88 ND 0.692 0.422 0.788 + 0.034 0.797 + 0.018

: EE 0.836 0.818 0.895 + 0.026 0.923 +0.015

CN 0.510 0.282 0.602 + 0.031 0.715 + 0.001

CyC 0.950 0.916 0.972 + 0.005 0.968 + 0.007

NC 0.722 0.718 1.000 4 0.000 0.999 + 0.001

EC 0.258 0.208 0.352 + 0.002 0.367 + 0.025

GraphQA Mistral7g D 0.410 0.326 0.600 + 0.026 0.616 + 0.029
EE 0.798 0.766 0.771 £ 0.010 0.807 =+ 0.009

CN 0.314 0.182 0.501 + 0.031 0.550 + 0.035

CyC 0.870 0.836 0.914 + 0.016 0.921 4+ 0.010

NC 0.966 0.964 0.998 + 0.003 0.997 + 0.003

EC 0.444 0.330 0.467 + 0.005 0.473 + 0.022

owen2.5.78 NP 0.796 0.450 0.866 + 0.005 0.872 +0.016

: EE 0.886 0.882 0.905 + 0.001 0.896 + 0.002

CN 0.638 0.436 0.634 + 0.018 0.641 + 0.033

CyC 0.954 0.942 0.970 + 0.005 0.971 + 0.001

Liamas.1.88 EC 0.238 0.200 0.410 + 0.080 0.457 + 0.005

: ND 0.696 0.428 0.831 + 0.008 0.844 + 0.007

Mistal7g  EC 0.434 0.404 0.466 + 0.012 0.471 4+ 0.021

IMDB-MULT] Vistral- ND 0.388 0.380 0.565 + 0.044 0.631 4 0.062
Qwen2.5.78 EC 0.524 0.492 0.488 + 0.025 0.496 + 0.023

: ND 0.862 0.562 0.923 + 0.001 0.923 + 0.002

GPTdomini EC 0.650 0.574 0.645 + 0.012 0.661 =+ 0.007

ND 0.966 0.634 0.949 + 0.008 0.953 + 0.005

Table 1: Main results on GraphQA and IMDB-MULTI-derived QA tasks. Learned methods report mean + standard
deviation over three seeds. Hand-crafted Best/2nd denote the top two predefined encodings. NC/EC/ND/EE/CN/CyC
denote node count, edge count, node degree, edge existence, connected nodes, and cycle check.

evaluated zero-shot without task-specific prompt
tuning.

LLMs. We evaluate EVOFORMAT on both open-
weight and closed-source LLMs. For the open-
weight models, we use the instruction-tuned check-
points Llama3.1-8B (Grattafiori et al., 2024) (me
ta-1llama/Llama-3.1-8B-Instruct), Qwen2.5-
7B (Yang et al., 2024a) (Qwen/Qwen2.5-7B-Ins
truct), and Mistral-7B (Jiang et al., 2023) (mi
stralai/Mistral-7B-Instruct-v0. 3), loaded
directly from their Hugging Face repositories
without additional fine-tuning. We also evalu-
ate the closed-source GPT-40-mini model through
the OpenAl API, using the model identifier
gpt-40-mini-2024-07-18.2 All models are eval-
uated in a zero-shot setting without task-specific
fine-tuning.

Baselines. We compare EVOFORMAT against
predefined hand-crafted encodings and a budget-
matched random-initialization variant. For the

2https://platform.openai.com/docs/models/
gpt-40-mini

hand-crafted baseline, we evaluate the nine pre-
defined graph-to-text encoding configurations con-
sidered in GraphQA (Fatemi et al., 2024). For
GraphQA, we use the authors’ released implemen-
tation to generate the serialized inputs. For IMDB-
MULTI, we retain the same serialization tem-
plates while extending the original fixed-size node-
naming schemes to accommodate larger, variable-
sized graphs: the adjacency and incident encod-
ings continue to use numeric identifiers gener-
ated according to each graph’s size, whereas the
fixed name dictionaries used by the remaining en-
codings are replaced with dynamically generated
generic indexed identifiers (e.g., Person_001 and
Character_001). For each model-task setting, we
report the highest and second-highest evaluation
accuracies among these encodings as Hand-crafted
Best and Hand-crafted 2nd, respectively, providing
oracle references over predefined manual formats.

We also include EVOFORMAT-RandlInit, which
uses the same population size, offspring budget,
number of steps, and hence candidate-evaluation
budget as EVOFORMAT. However, every offspring
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Figure 3: Effect of the number of evolution steps on GraphQA test accuracy with Llama3.1-8B. Evo. = EVOFORMAT,
Rand. = EVOFORMAT-RandInit, and HC Best = best hand-crafted encoding. Points show means over three seeds.

is generated through fresh LLM-based rule ini-
tialization, independently of selected parents and
previously generated rules; it uses neither parent-
conditioned variation operators nor history-aware
prompts. This baseline separates the contribution
of the proposed rule space and LLM-based initial-
ization from the additional contribution of evolu-
tionary variation.

EVOFORMAT Configuration. Unless otherwise
specified, EVOFORMAT is run with population size
M = 6, offspring size K = 2, and T = 100
evolution steps. To account for stochasticity, each
learned setting is repeated with three random seeds,
and mean performance with standard deviation is
reported.

Generation settings. We use temperature-zero
decoding for downstream task prediction and nu-
cleus sampling (temperature = 0.8, top-p = 0.95)
for rule initialization and LLM-based variation.
The maximum number of generated tokens is 4,096.
If an operator attempt fails, EVOFORMAT resam-
ples an operator, with at most three operator at-
tempts per offspring; if all three attempts fail, the
parent is retained unchanged. Each initialization or
reinitialization allows at most 20 attempts in total if
the LLM call fails, the response cannot be parsed as
the required JSON object, or the resulting rule does
not satisfy the required structural constraints. Each
LLM-based rule operation uses three in-context ex-
emplars to stabilize JSON-formatted outputs, with
the NodeSet length in each exemplar set to the
maximum number of nodes in the corresponding
dataset.

5.2 Main Results

Comparison with hand-crafted encodings. Ta-
ble 1 summarizes results on synthetic GraphQA
and real-graph IMDB-MULTI. Across the 26

model-task settings, EVOFORMAT outperforms
Hand-crafted Best in 24 settings and outperforms
Hand-crafted 2nd in all settings. The large gaps
between Hand-crafted Best and Hand-crafted 2nd
in several tasks indicate that manual encoding se-
lection is sensitive to both the task and the target
model, making it difficult to choose a robust format
a priori. These results suggest that EVOFORMAT
can automate format design while remaining com-
petitive with strong manually selected encodings.

Effect of evolutionary search. The results clar-
ify the respective roles of the proposed rule space,
LLM-based initialization, and evolutionary vari-
ation. EVOFORMAT-RandlInit achieves a higher
reported mean than the best hand-crafted baseline
in 21 of the 26 model-task settings, indicating
that the rule space and LLM-based initialization
already produce strong candidates. Full EVOFOR-
MAT achieves a higher reported mean than Evo-
FORMAT-RandInit in 21 of the 26 settings. How-
ever, the gains over EVOFORMAT-RandInit are
not uniformly large, and EVOFORMAT does not
achieve a higher reported mean in every setting.
We therefore view evolutionary search not as uni-
formly superior to repeated initialization, but as
a setting-dependent refinement process that can
further improve strong candidates produced by ini-
tialization when task headroom remains.

Search dynamics. Figure 3 compares the per-
formance of EVOFORMAT and EVOFORMAT-
RandInit over search steps on GraphQA with
Llama3.1-8B. On tasks with more remaining head-
room, especially connected nodes, EVOFORMAT
rises above EVOFORMAT-RandInit early and con-
tinues to improve with additional search. On near-
saturated tasks such as node count and cycle check,
both methods perform strongly from the early steps,
leaving limited room for evolutionary variation to
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Operator # Updates Share (%) Mean ABest
Reinitialization 11 10.3 0.0582
Node-rule update 42 39.3 0.0154
Edge-rule update 31 29.0 0.0157
Arrangement update 23 21.5 0.0277

Table 2: Operator contribution to best-so-far improve-
ments on GraphQA with Llama3.1-8B. Aggregated over
six tasks and three seeds; Share is the percentage of best-
update events and ABest denotes the fitness gain.

Task Rule Type Arrangement

NC Sym. (3/3) JSON, none, lex. (3/3)

EC Sym. (2/3) JSON, none, lex. (2/3)

ND Nat. (2/3) No majority; by node, lex.

EE Sym. (3/3) Markdown, by node, degree (2/3)
CN Sym. (3/3) JSON, by node, lex. (2/3)

CyC Nat. (2/3) JSON, none, lex. (2/3)

Table 3: Consistency of final learned rules on GraphQA
with Llama3.1-8B. Each cell reports the dominant value
and its agreement over three random seeds; Sym./Nat.
denote symbolic/natural-language rules.

provide further gains. These trends suggest that
evolutionary variation can provide additional refine-
ment when repeated initialization does not rapidly
saturate performance, while offering limited benefit
when strong candidates are found early.

5.3 Analysis

Operator Contribution. We trace each best-so-
far fitness improvement to the operator that gen-
erated it. Table 2 shows that improvements are
distributed across operators rather than dominated
by one. Node-rule and edge-rule updates frequently
refine the format, while reinitialization yields fewer
but larger gains on average. Arrangement updates
also contribute, indicating that layout changes af-
fect performance. Overall, these results suggest
that EVOFORMAT’s variation operators play com-
plementary roles during search.

Learned Rule Characteristics. We inspect the
final rules found by EVOFORMAT on GraphQA
with Llama3.1-8B. Table 3 shows interpretable
task-dependent patterns: NC, EC, EE, and CN of-
ten prefer symbolic identifiers, whereas ND and
CyC more often use natural-language node descrip-
tions. Lexicographic ordering dominates, except
for EE’s degree ordering. For example, a final CN
rule assigns nodes simple identifiers such as S_01,
S_02, ..., represents edges with UNION(<NODE1> U
<NODE2>), and uses by-node grouping with lexico-
graphic ordering. These results empirically sup-

Task Full Head Constraint Only A

NC 0.998£0.002 0.917+0.020 —0.081
EC 0.418+£0.035 0.371+£0.064 —0.047
ND 0.797£0.018 0.725+£0.048 —0.072
EE 0.923+£0.015 0.959+£0.008 +0.037
CN 0.715+£0.001 0.673+£0.031 —0.043
CyC 0.968£0.007 0.740£0.232 —0.228

Table 4: Prompt-head robustness of learned EVOFOR-
MAT rules on GraphQA with Llama3.1-8B. Results
are mean =+ standard deviation over three seeds; A is
constraint-only minus full head.

port the motivation of EVOFORMAT: it discovers
effective graph-to-text formats as explicit and inter-
pretable rules, whose node naming, relation expres-
sion, and arrangement choices remain inspectable.

Prompt-head Sensitivity. We further examine
whether the learned graph encoder remains effec-
tive when the non-graph prompt component ¢ is
modified at inference time. Keeping the learned
encoder gr fixed, we replace the original prompt
head, which contains both a general graph-analysis
instruction and a task-specific answer constraint,
with a shortened prompt head that retains only the
task-specific answer constraint. Table 4 shows that
performance generally decreases, confirming that
q also affects downstream reasoning. Nevertheless,
under the modified prompt, EVOFORMAT still ex-
ceeds the best hand-crafted result in Table 1 on
four of six GraphQA tasks, and edge existence
even improves. This suggests that the automati-
cally discovered graph formats capture useful task-
dependent structure, although final performance
depends on both the graph encoder and the sur-
rounding prompt.

6 Conclusion

We introduced EVOFORMAT, a black-box method
for automatically optimizing graph-to-text formats
for LLM-based graph reasoning. It represents
formats as interpretable node, edge, and arrange-
ment rules and searches the resulting rule space
through LLM-based initialization and evolution-
ary variation, using downstream task performance
as fitness. Across synthetic GraphQA and IMDB-
MULTI-derived structural QA tasks, EVOFORMAT
discovers diverse formats that generally outperform
hand-crafted encodings across multiple LLMs. The
rule space and LLM initialization yield strong can-
didates, with evolutionary search offering setting-
dependent refinement when headroom remains.

39412



Limitations

Scope of graph types and faithfulness. Evo-
FORMAT currently targets unattributed graph topol-
ogy and does not yet handle richer graph settings,
such as graphs with node or edge attributes, knowl-
edge graphs with typed relations, or ontology-
centric tasks involving schema constraints and sym-
bolic ontological reasoning (Zhang et al., 2025).
Extending the rule space to such settings would
require explicit parameterization of how attributes
and relation schemas are represented in text. Node
rules would need to specify which attributes to in-
clude and how different attribute types, such as
categorical, numerical, and free-text attributes, are
represented or compressed. Edge rules would need
to specify how edge attributes, relation directions,
and relation types are represented, distinguish mul-
tiple relation types between the same entity pair,
and encode schema information such as relation
labels and constraints on the permissible source
and target entity types. Arrangement rules would
additionally need to determine how attribute de-
scriptions and relation-specific neighborhoods are
ordered, grouped, or omitted under context-length
constraints.

These extensions would also produce longer and
semantically denser graph-to-text inputs. Even if
the serialization itself is deterministic, the down-
stream LLM may still confuse identifiers, mix rela-
tion or attribute evidence, or produce answers that
are not fully grounded in the serialized graph. Be-
yond these faithfulness concerns, recent evidence
from text-attributed graph benchmarks suggests
that, when rich node semantics already provide
strong task-relevant signals, explicit structural en-
codings may yield only marginal gains or even
degrade LLM performance (Xu et al., 2025). Ad-
dressing these issues is an important direction for
future work. Extending EVOFORMAT to richer
graph settings will require rule spaces that decide
which semantic and structural signals to include or
omit and how to serialize, order, or compress the
included information, together with faithfulness-
oriented validation.

Search-time cost. EVOFORMAT trades addi-
tional search-time LLM calls for automatic format
discovery. Under the nominal no-retry assumption,
its cost scales as | D|(M +KT)+M+3KT target-
LLM calls, as discussed in Section 4.4, whereas
predefined hand-crafted formats require no search.
One direction for reducing this cost is to screen

each newly generated candidate using a lower-cost
proxy, such as a smaller LLM or a surrogate learned
from previously evaluated candidates, and reserve
full target-LLM evaluation for candidates predicted
to be promising. Another direction is to initially
evaluate candidates on smaller subsets of the evolu-
tion set and reevaluate only promising candidates
on the full set. Finally, the search could be stopped
when the best-so-far fitness does not improve for a
predefined number of steps. These strategies could
reduce target-LLLLM calls, although their effective-
ness would depend on how reliably the proxy or
reduced evaluation set preserves candidate rankings
under full target-LLM evaluation.

Reproducibility under black-box LLM access.
EVOFORMAT assumes black-box access to LLMs,
and the discovered formats may be sensitive to
factors outside the authors’ control, such as API
updates, model-version changes, decoding settings,
and prompt templates. This creates a potential
reproducibility risk over time, especially for closed-
source LLMs.
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