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Abstract

Searching text-rich knowledge graphs requires
following relations while examining textual ev-
idence. Predefined graph interfaces constrain
what evidence agents can access, even when
they write code to combine tool calls or pro-
cess retrieved subgraphs. We propose direct
knowledge graph interaction (DKGI), a harness
in which language model agents create graph
access tools directly over complete node and
edge files. The agent writes Python code to
follow relations, combine node sets, and select
textual evidence, interleaving execution with
shell search and file inspection. This lets agents
process large node sets in bulk while returning
selected text for the model to assess. Execu-
tion feedback guides tool creation and revision,
while the evolving tools determine what evi-
dence the agent gathers next. On benchmark
datasets spanning three domains, training-free
DKGI exceeds the strongest published baseline
by at least 6.7 Hit@1 points on every graph,
even with a minimal harness. Controlled abla-
tions show the benefits of multi-turn program-
ming over shell-only access and predefined
graph tools, while trajectories show agents re-
vising code to extend searches or address errors.
These findings highlight the value of allowing
tool creation and tool use to co-evolve during
graph search. Our code and data are available at
https://github.com/leopoldwhite/DKGI.

1 Introduction

Knowledge graphs (KGs) store entities and typed
relations (Pan et al., 2024). In text-rich KGs, also
known as semi-structured knowledge bases, nodes
carry additional text information such as product
pages, paper abstracts, or drug descriptions (Wu
et al., 2024b). Requests over these graphs often
combine relational and textual constraints. For ex-
ample, to find “papers by co-authors of X on topic
Y”, a large language model (LLM) agent must lo-
cate X, identify the other authors of X’s papers,

Predefined Written by the agent

Setting
graph API
/ retriever code revisions

direct file
access

① Direct tool use ✓ – – –
ToG, Graph-CoT, ARK, GRASP
Graph tools

② Code over a graph
interface

✓ ✓ (✓) –

semantic parsing, KG-Agent, Code-on-Graph, AvaTaR
Graph tools + code

③ Direct knowledge
graph interaction

– ✓ ✓ ✓

Full DKGI

Table 1: Graph access and agent-written code across
three settings. Direct file access lets agent-written code
access all node and edge files without a predefined graph
API or subgraph retriever. “(✓)” indicates support in
some systems. Italicized entries denote our controlled
variants (§3.3).

collect their papers, and check which ones address
Y. The challenge is therefore to connect evidence
across records while inspecting the text that sup-
ports each candidate.

Existing methods typically access the graph
through specialized interfaces. These interfaces in-
clude database query languages (Li et al., 2023; Gu
et al., 2023; Luo et al., 2024a), retrievers that return
reasoning paths or subgraphs (Luo et al., 2024b;
He et al., 2024), and tools for entity search, node
lookup, and neighbor expansion (Sun et al., 2024;
Jin et al., 2024; Polonuer et al., 2026). Beyond
direct tool use, some agents write code that com-
bines predefined graph tool calls (Wu et al., 2024a;
Jiang et al., 2025), while others generate code to
traverse and process graph objects provided by a
dedicated subgraph retriever (Ding et al., 2026).
Table 1 contrasts direct tool use (Setting ①) with
these forms of code-based interaction (Setting ②).
Across these designs, agents have different degrees
of freedom to compute over the available data. Nev-
ertheless, access to the underlying graph remains
governed by a predefined interface. Such inter-
faces determine how much evidence each operation
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Figure 1: An example from the STaRK-MAG dataset (Wu et al., 2024b): “Papers on data quality enhancement
algorithms affiliated with the University of the Balearic Islands”. (a) A neighbors call can only return 20 (out of
66) researchers affiliated with the university. The agent never encounters the gold paper in this run. (b) In our DKGI,
tool creation and tool use co-evolve: execution feedback guides how the agent revises and extends its code, and the
revised code gathers further evidence, ultimately isolating the gold paper. Bracketed numbers denote call indices.

exposes and how the agent can inspect it. Fig-
ure 1(a) illustrates this on a request for “papers
on data quality enhancement algorithms affiliated
with the University of the Balearic Islands”. A
neighbors call returns only some of the institu-
tion’s affiliated researchers. The agent must choose
which researchers’ papers to examine and make
calls to check whether those papers satisfy the topic
constraint. In the illustrated run, it never encoun-
ters the gold paper. Writing code to batch these
calls can simplify this process, but each call still
inherits the API’s limits on the evidence it returns.

To bridge this gap, we propose direct knowl-
edge graph interaction (DKGI), a harness in which
agents write and revise their own code to access
text-rich KGs. Inspired by the idea of direct corpus
interaction over text corpora (Li et al., 2026), we
expose both textual node records and typed graph
relations as files, together with the graph schema.
Unlike Setting ② in Table 1, where code uses graph
query languages or APIs, or operates on retrieved
subgraphs, DKGI lets the agent implement graph
access directly over the complete node and edge
files. The agent writes Python code to follow rela-
tions, combine sets of nodes, and inspect textual
attributes. It freely interleaves code execution with
shell search and record inspection, refining its code
as new evidence becomes available. We provide
the graph files, their format description, and an exe-
cution environment. The agent constructs the graph
access tools that each request needs (Setting ③ in
Table 1).

On the same request, DKGI writes and revises

graph access code (tool creation) and executes it
to gather evidence (tool use). Execution feedback
guides which access operations to create or refine.
The resulting code, in turn, changes how the agent
explores the graph and what evidence it obtains.
Tool creation and tool use thus co-evolve: the agent
develops its tools as it searches, and its evolving
tools guide the subsequent search (Figure 1(b)).

We evaluate DKGI as a training-free method on
the three KGs (Amazon, MAG, and Prime) from
the STaRK benchmark (Wu et al., 2024b), using
both the minimal Pi harness (Zechner and Pi Con-
tributors, 2026) and the more feature-rich Codex
CLI (OpenAI, 2026a). Even in Pi, our best DKGI
configuration exceeds the strongest published base-
line (Tao et al., 2026) by at least 6.7 Hit@1 points
on every dataset. Controlled ablations examine the
role of agent-written graph access code. With the
backbone, harness, and budgets held fixed, shell-
only access trails predefined graph tools, whereas
allowing the agent to write and execute Python
code improves overall Hit@1 by 6.9 points and re-
verses this comparison. A single Python execution
recovers little of this gain, supporting the value of
multi-turn interaction. Analysis of trajectories fur-
ther shows that agents use execution feedback to
create and refine graph access code, which in turn
guides further search. Tool creation and tool use
thus co-evolve during graph search.

To summarize, our contributions are:
• We introduce DKGI, a harness in which agents

create and refine graph access tools directly over
complete node and edge files.
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• We show that training-free DKGI achieves state-
of-the-art performance on the STaRK benchmark
using a minimal agent harness.

• Controlled ablations and trajectory analyses show
the benefits of interleaving tool creation and tool
use and characterize how the two co-evolve dur-
ing agent–KG interactions.

2 Direct Knowledge Graph Interaction

2.1 Overview and Notation
DKGI places complete graph files in an agent har-
ness. The harness provides an execution environ-
ment and returns observations, while the agent de-
termines how to acquire and combine the evidence
needed for each request (Figure 1).

Formally, a text-rich KG is a graph G = (V, E)
with typed nodes and relations, in which each node
v carries attributes xv, including text (Wu et al.,
2024b). Given a query q that may combine re-
lational and textual constraints, the agent returns
candidate nodes ranked by their relevance to q. We
adopt a ReAct-style interaction loop (Yao et al.,
2023), in which reasoning over the query and pre-
vious observations guides subsequent actions. At
step t, the LLM agent π selects an action at and
receives an observation ot,

at ∼ π(· | q, a<t, o<t), ot = view(run(at)),

where run(·) executes the action in an environment
containing the graph files and the task’s scratch
files, and view(·) determines what the agent ob-
serves. The agent uses shell tools for file inspection
(e.g., cat, head, sed) and text search (e.g., grep,
rg) (Li et al., 2026). More importantly, it writes
and executes Python code to implement graph ac-
cess directly over the node and edge files, follow-
ing relations, intersecting node sets, and filtering
textual attributes. Writing or revising this access
code constitutes tool creation, while executing it
constitutes tool use. We next describe the graph
representation (§2.2), agent-written graph opera-
tions (§2.3), output handling (§2.4), and how tool
creation and tool use co-evolve (§2.5).

2.2 Knowledge Graphs as Files
Before answering queries, DKGI exports a KG
into text files Φ(G) = (N , {Er}r∈R,S), where R
is the set of relation types. The node data N are
stored as one JSON line per node v, containing its
ID, type, and attributes xv. Each relation type r
has a tab-separated edge list Er ⊆ V × V whose

columns identify the source and target nodes. The
schema S describes the node and relation types.
This representation preserves all nodes, attributes,
and edges, so each query has access to the same
complete graph.

The file layout supports both text search and
code execution. Text search locates nodes by
matching their attributes, while Python can extract
the fields needed for further reasoning. A format
description specifies the file locations and how to lo-
cate nodes by ID. Edge endpoints let code follow a
relation in either direction, with the schema guiding
interpretation of entity roles. The agent is directed
to inspect the format description and schema at the
start of a task, then decides which nodes, relations,
and attributes to inspect. Appendix A documents
the concrete export layout used in our experiments.

2.3 Graph Operations Written by the Agent
The agent writes Python code that reads Φ(G) di-
rectly and implements the access procedure needed
for the current request. To give some examples, we
group the operations observed in the agent’s code
from our experiments into six categories. They
also form the basis of our trajectory analysis (§3.4).
Note that these categories describe generated code
(i.e., created tools), rather than predefined func-
tions supplied by the harness.
• A full node scan applies a selection σϕ(N ) to

select nodes whose attributes satisfy a condition
ϕ, extracting the relevant fields.

• A lookup retrieves a node by its ID. Looking up
or following IDs from earlier outputs constitutes
a check of earlier IDs.

• A one-hop traversal computes Nr(U) = {v′ |
(v, v′) ∈ Er, v ∈ U} for a set of nodes U , or
N−1
r (U) in the reverse direction.

• A multi-hop traversal composes one-hop traver-
sals, Nrk ◦ · · · ◦ Nr1 .

• Set operations compute unions, intersections, or
differences of ID sets.

• Scoring or ranking sorts candidates, selects the
top ones, or accumulates scores or counts.

The agent can compose these operations in Python
code. For example, for the request “papers by co-
authors of X on topic Y”, if we let w denote writes−−−→
and h denote

has topic−−−−−→, then code can compute

Nw

(
N−1
w (Nw({X})) \ {X}

)
∩ N−1

h ({Y })

to obtain candidate paper IDs. The code can use
these IDs to retrieve abstracts from the node files.
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The returned text helps the agent assess relevance
and decide whether further graph traversal or text
inspection is needed. Appendix I illustrates such
combinations in concrete searches.

Section 3.3 compares this design with using pre-
defined graph tools directly or through Python code
under controlled conditions.

2.4 Large Outputs as Files
Broad searches and graph traversals can produce
outputs that exceed the model’s context budget.
Output handling therefore affects both the current
observation and the evidence available for later ac-
tions (Sen et al., 2026). Following the use of output
files in Pi (Zechner and Pi Contributors, 2026) and
DR-DCI (Lu et al., 2026), our Pi implementation
saves the complete output yt = run(at) of every
shell command as a file ℓt in the task’s scratch
directory. It presents the model with

view(yt) =

{
yt, |yt| ≤ B,

head(yt)∥nt∥tail(yt), |yt| > B,

where B is the display threshold, head(·) and
tail(·) return the beginning and end of yt, and the
notice nt gives its full size and the path ℓt. This
head-and-tail truncation bounds what enters the
model’s context while retaining the complete ex-
ecution result. Later code can search or filter ℓt,
recover IDs omitted from the displayed excerpt,
or combine its contents with other evidence. Ac-
cess code can also return compact candidate lists
or selected text fields, giving the agent control over
the evidence presented in subsequent observations.
Thus an output of tool use can become an input
to subsequent tool creation. Appendix C specifies
the thresholds and notice, while §2.6 describes the
differences between harnesses.

2.5 Co-Evolving Toolbox
Execution provides candidate IDs, intermediate
sets, empty matches, and error messages. The agent
can use these observations in later turns to choose
another traversal, narrow a filter, inspect a file’s
structure, or revise earlier code. The revised code
determines which nodes and relations subsequent
executions examine. Tool creation and tool use
therefore co-evolve: evidence guides the construc-
tion of access procedures, and those procedures
guide further evidence gathering.

In our Pi implementation, the toolbox Tt consists
of access code retained in the interaction history

for reuse and revision, while Lt denotes the saved
shell-output files. When an action executes code pt
and saves an output ℓt, these sets become

Tt+1 = Tt ∪ {pt}, Lt+1 = Lt ∪ {ℓt}.

For actions that contribute no access code or no
saved output, the corresponding set is unchanged.
Subsequent code can reuse snippets from Tt, read
files in Lt, and incorporate IDs from earlier ob-
servations. It can revise a failed computation or
extend an earlier traversal with new constraints.
The agent can also return to shell search or file in-
spection whenever it needs more evidence. This
process develops the access code within a task,
without model training or a tool library learned
across tasks. Section 3.4 examines these behaviors,
with the measurement rules in Appendix G.

2.6 Implementation

We instantiate DKGI in two general-purpose har-
nesses: the minimal Pi (Zechner and Pi Con-
tributors, 2026) and the more feature-rich Codex
CLI (OpenAI, 2026a). Pi provides a simple setting
for controlled ablations of graph access and agent-
written code, with the model, harness, and budgets
held fixed (§3.3). Codex tests the same design
with richer runtime support. Both provide read-
only graph files, a format description, a schema,
and a writable scratch directory. Following Li et al.
(2026), the Pi implementation supplements its bash
and read tools with lightweight context manage-
ment that retains code while replacing older tool
results with placeholders as the context fills. We
add the graph export, task prompt, output handling
of §2.4, and an execution sandbox. In Codex, the
model invokes shell commands, including Python,
through JavaScript, with Codex’s own output and
context management. Appendices B.1 and C docu-
ment the prompts and implementation settings.

3 Experiments

3.1 Setup

Data. We use the full synthetic test sets of the
STaRK benchmark (Wu et al., 2024b), with 1,642,
2,665 and 2,801 queries for the Amazon, MAG and
Prime domains, respectively (7,108 in total). We
make all prompt and tool design decisions on vali-
dation queries and reserve test labels for evaluation.
The ablations use the official 10% test subset (164,
266 and 280 queries, 710 in total).
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Amazon MAG Prime

Method H@1 R@20 MRR H@1 R@20 MRR H@1 R@20 MRR

Trained or tuned on STaRK

AvaTaR (Wu et al., 2024a) 49.9 60.6 58.7 44.4 50.6 51.2 18.4 39.3 26.7
PASemiQA (Yang et al., 2025) 45.9 – 55.7 43.2 – 50.2 29.7 – 31.0
mFAR (All+2) (Li et al., 2025a) 53.0 66.3 64.3 55.9 74.1 64.3 40.0 72.6 52.0
MoR (Lei et al., 2025) 52.2 59.9 62.2 58.2 75.0 67.1 36.4 63.5 46.9
GraphRAFT (Clemedtson and Shi, 2025) – – – 69.6 89.1 76.2 63.7 76.4 69.0
GRASP (Tao et al., 2026) 71.2 70.6 78.7 82.8 91.5 88.3 67.8 88.1 76.8

Training-free

BM25 (Wu et al., 2024b) 44.9 53.8 55.3 25.9 45.7 34.9 12.8 31.3 19.8
ColBERTv2 (Wu et al., 2024b) 46.1 53.4 55.5 31.2 43.9 38.4 11.8 25.0 17.4
GritLM-7B (Wu et al., 2024b) 42.1 56.5 53.5 37.9 46.4 47.3 15.6 39.1 24.1
KAR (Xia et al., 2025b) 54.2 57.2 61.3 50.5 60.3 57.5 30.4 50.8 39.2
HybGRAG (Lee et al., 2025) – – – 65.4 65.7 69.8 28.6 43.6 34.5
AF-Retriever† (Boer et al., 2026) 61.2 35.5 67.3 78.6 61.4 84.0 46.2 51.2 54.0
ARK (Polonuer et al., 2026) 56.1 58.6 65.7 73.1 86.2 81.0 50.6 70.0 59.6

KG reasoning methods adapted to STaRK by Yang et al. (2025), with GPT-4‡

ToG (Sun et al., 2024) 16.7 – 21.2 5.4 – 6.1 13.2 – 15.8
RoG (Luo et al., 2024b) 31.2 – 36.0 32.9 – 38.7 22.7 – 25.2
GoG (Xu et al., 2024) 21.0 – 26.3 41.3 – 47.8 18.9 – 21.1

Ours: direct knowledge graph interaction (training-free)

DKGI (Pi, GPT-6-Luna) 57.8 58.1 64.7 88.0 88.4 89.8 63.8 78.9 70.4
DKGI (Codex, GPT-6-Luna) 59.8 55.2 66.2 88.0 88.1 89.6 66.6 80.9 72.4
DKGI (Pi, GPT-6-Astra) 79.4 71.1 84.0 91.8 93.2 93.2 74.5 86.1 79.1

Table 2: H@1, R@20 and MRR on the synthetic test sets of STaRK. Bold marks the best value in each column.
Baseline numbers are published values (backbones in Appendix E), and a dash marks a value absent from the source
paper. †R@20 from the complete-pipeline row of its ablation table. ‡From the H@1 and MRR tables of Yang et al.
(2025). The DKGI rows cover the full test sets (7,108 queries) and share the prompt and the time limit.

Models and limits. The default backbone is the
lightweight GPT-6-Luna (OpenAI, 2026c), and the
stronger GPT-6-Astra (OpenAI, 2026b) is the sec-
ond backbone, both with high reasoning effort.
Each attempt has at most 1,800 s of wall-clock time,
and each Pi attempt at most 300 turns.

Metrics. Following STaRK, we report Hit@1
(H@1, also called Hits@1), Recall@20 (R@20)
and mean reciprocal rank (MRR). Because the
agent is asked for 20 IDs, our MRR is a lower
bound on the full-ranking MRR. A query whose at-
tempts all fail counts as a miss in every metric (retry
policy in Appendix C). Overall values are micro-
averages over all queries of the three datasets, and
differences are computed before rounding. Ap-
pendix C reports the cost and resource use of each
configuration.

Baselines. We report published results and, as in
Table 2, separate the systems trained or tuned on
STaRK from the training-free ones. The baselines
are retrievers, LLM pipelines and agents, and all
of them access the KG through predefined opera-
tions. The strongest trained system, GRASP (Tao

et al., 2026), combines a Cypher query on a graph
database with a trained dense retriever and a fine-
tuned reranker. Among the training-free systems,
KAR (Xia et al., 2025b) and AF-Retriever (Boer
et al., 2026) are LLM pipelines. KAR expands
the query from the documents of neighboring enti-
ties, and AF-Retriever translates it into graph con-
straints. The agent ARK (Polonuer et al., 2026)
calls predefined global search and one-hop neigh-
borhood search tools. We list separately three KG
reasoning methods (ToG, RoG and GoG) that Yang
et al. (2025) adapt to STaRK and run with GPT-4.
Appendix E describes every system.

3.2 Main Results

With GPT-6-Luna, DKGI is the strongest training-
free method on MAG and Prime, and with GPT-
6-Astra it achieves the highest H@1 and MRR on
every dataset (Table 2). On MAG and Prime, DKGI
with GPT-6-Luna in Pi outperforms every training-
free baseline in all three metrics and exceeds the
best of them in H@1 by 9.4 points on MAG (AF-
Retriever) and by 13.2 points on Prime (ARK). On
every dataset, it also outperforms the three KG
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H@1 Overall

Variant Graph access Python Amazon MAG Prime Overall ∆ R@20 MRR

Full DKGI node and edge files ✓ 59.1 91.0 69.6 75.2 – 78.0 78.9
Shell only node and edge files – 48.8 86.1 62.9 68.3 −6.9 69.5 72.0
Graph tools + code predefined graph tools ✓ 60.4 90.2 67.1 74.2 −1.0 79.4 78.9
Graph tools predefined graph tools – 59.8 87.6 66.4 72.8 −2.4 79.5 77.6

One program node and edge files once 48.2 87.2 63.9 69.0 −6.2 70.8 72.5

Retrieval only search, get_node, get_schema – 58.5 48.5 40.7 47.7 −27.5 55.1 53.9
No edges node files ✓ 49.4 45.5 40.0 44.2 −31.0 52.6 50.6
Full DKGI (Codex) node and edge files ✓ 58.5 87.6 67.5 73.0 −2.3 75.5 76.9

Table 3: Ablation on the test subset (710 queries) with GPT-6-Luna in Pi, unless marked Codex. Graph access:
the graph files or graph tools that the agent can use. Python: ✓ over several turns, “once” for a single program per
query, and – for no Python access. The first four rows form the 2 × 2 design, the fifth row limits Python to one
program, and the last three rows are controls. ∆: overall H@1 minus that of Full DKGI.

reasoning methods that Yang et al. (2025) adapt to
STaRK, whose H@1 is at most 41.3.

As a training-free method, DKGI also outper-
forms the strongest trained system, GRASP, in
H@1 and MRR, on MAG with GPT-6-Luna and on
all three datasets with GPT-6-Astra. With GPT-6-
Luna in Pi, its margins on MAG are 5.2 H@1 and
1.5 MRR points. With GPT-6-Astra in Pi, its H@1
margins over GRASP are 8.2, 9.0 and 6.7 points on
Amazon, MAG and Prime, respectively. With the
same prompt and harness, overall H@1 rises from
71.5 with GPT-6-Luna to 82.1 with GPT-6-Astra.

The results carry over to a second agent harness.
In Codex, with the same backbone (GPT-6-Luna),
prompt and time limit, DKGI reaches an overall
H@1 of 73.1 on the full test sets, compared with
71.5 in Pi (Table 2). Appendix D gives the compar-
ison on the test subset.

3.3 Ablation Study

Section 3.2 compares DKGI with published sys-
tems that differ from it in model, training and graph
access. To identify which components of DKGI
account for its accuracy, we fix the model (GPT-6-
Luna), the harness (Pi), the budgets and the prompt
apart from its tool section (Appendices B.1 and C),
and vary which actions at (§2) the agent can take.
All variants run on the test subset (Table 3).

The 2 × 2 design crosses graph access with
Python. With predefined graph tools. The agent
has four graph tools based on ARK (Polonuer et al.,
2026). search ranks nodes by BM25 over their
names and summaries, get_node returns the record
of an ID, get_schema returns the schema, and
neighbors returns at most 20 one-hop neighbors
of a node, with optional relation, type and keyword
filters. In Graph tools, each graph access is a single

call to one of these tools, as in ARK, Graph-CoT
and ToG (Polonuer et al., 2026; Jin et al., 2024;
Sun et al., 2024). In Graph tools + code, the agent
writes and revises Python programs that reach the
graph through client calls to the four tools. AvaTaR
and KG-Agent also compose predefined tool calls
in code (Wu et al., 2024a; Jiang et al., 2025). With
the graph files. Full DKGI has the graph files, a
shell and Python. In Shell only, the agent combines
Pi’s read tool and shell commands such as rg, sed
and sort with bash pipelines, loops and arithmetic,
while python3, awk, perl and node are blocked.
One program restricts Full DKGI to the shell com-
mands of Shell only and a single Python run per
query, so the agent writes all of its Python opera-
tions before it sees the output of any of them. Con-
trol variants. Retrieval only removes neighbors
from Graph tools, and No edges removes the edge
files from Full DKGI. In the closed-book probes
(Appendix F), the model answers once from its own
knowledge, with STaRK node IDs (the ID probe)
or, on MAG and Prime, with entity names mapped
to IDs offline (the name probe).
With Python, the agent outperforms predefined
graph tools in overall H@1. With the shell but no
Python (Shell only), the agent scores 68.3 overall
H@1, below Graph tools (72.8), and it is also lower
on every dataset and in overall R@20 and MRR.
It prints entire records (an Amazon product record
includes all of its reviews) and follows relations by
searching the edge files with rg. With Python, Full
DKGI reaches 75.2, 2.4 points above Graph tools,
and its MRR is also higher (78.9 vs. 77.6). The
lead comes from MAG and Prime.
Python improves the agent far more than it im-
proves predefined graph tools. On the graph files,
adding Python (Full DKGI vs. Shell only) improves
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Figure 2: Behavior of Full DKGI (Pi, GPT-6-Luna) on the full test sets. (a) Python commands, rg searches and other
calls (mostly read) by position in the trajectory. (b) Programs by operation type (types overlap). The blue types
have counterparts among predefined graph tools. (c) Error types of incorrectly answered queries (Appendix H).

overall H@1 by 6.9 points, R@20 by 8.5 and MRR
by 6.9. With the graph tools, adding Python (Graph
tools + code vs. Graph tools) improves overall H@1
and MRR by 1.4 points each. The tools search
and neighbors already return compact entries with
node IDs, names and types. On the graph files, the
agent’s programs produce such entries themselves,
by extracting a few fields from each node record
and following relations over the edge files.
The agent gains most from Python when it
writes and executes programs over several turns.
One program reaches 69.0 overall H@1, 0.7 points
above Shell only and 6.2 below Full DKGI. A sin-
gle program recovers about a tenth of the 6.9-point
gain from Python on the graph files, although the
agent runs its program in 81% of the queries. On
the queries in which both variants run Python, this
program is longer than the first program of Full
DKGI (median 15 vs. 8 lines) and shorter than all
programs of Full DKGI on the query together (me-
dian 41 lines). These results support the value of
repeated, adaptive programming.
Full DKGI achieves higher overall H@1 than
predefined graph tools composed in code. Full
DKGI is 1.0 point above Graph tools + code in over-
all H@1 (75.2 vs. 74.2), and the two are equal in
MRR (78.9). On MAG and Prime together, its H@1
is 80.0, compared with 76.7 for Graph tools and
78.4 for Graph tools + code. Unlike both tool vari-
ants, it needs no predefined graph API and works
on the exported graph files.
The agent relies on the relations in the graph.
Removing access to the relations lowers accuracy
sharply, mostly on MAG and Prime. No edges
reaches 44.2 overall H@1, 31.0 points below Full
DKGI, and Retrieval only reaches 47.7, 25.1 points
below Graph tools. The ID probe shows little recall
of benchmark IDs. On the full test sets, the ID
probe answers one Prime query correctly, and the
name probe answers 2.3% of MAG and 20.9% of
Prime queries correctly. On the 223 test-subset

Prime queries that the name probe misses, the lead
of Full DKGI over Graph tools is 4.0 points (63.2
vs. 59.2), compared with 3.2 points on all Prime
queries of the test subset.

3.4 How Tool Creation and Tool Use
Co-Evolve

Section 3.3 shows that the agent gains most from
Python when it writes and executes programs over
several turns. We trace this process in the 7,108
trajectories of Full DKGI with GPT-6-Luna on the
full test sets (Figure 2).

The agent searches first and then writes pro-
grams. A trajectory starts with file reads and rg
searches, and Python makes up 8.2% of the calls be-
tween 20% and 40% of a trajectory and 83.3% of
the calls in its last 20% (Figure 2a). The agent
writes 4.0 programs per query on average. Of
all programs, 75.0% contain a full node scan and
35.5% a one-hop traversal. In 42.3% of the queries,
a program contains scoring or ranking, a multi-hop
traversal or a set operation (Figure 2b). The two
operation types in blue have counterparts among
the predefined graph tools, as neighbors performs
a one-hop traversal and get_node looks up a node
by its ID.

Programs reuse IDs from earlier outputs and
code from earlier programs. Of all programs,
48.4% contain a node ID shown in the output of an
earlier turn, and almost all of these programs check
the IDs (48.0% of all programs, Figure 2b). In
the request of Figure 1, two rg searches return the
IDs of the university and of the field Data quality,
and the agent’s programs take these IDs as input
to collect the 236 papers of the university’s 66 au-
thors and intersect them with the 86 papers of the
field. Programs also reuse the code of earlier pro-
grams. Of all programs, 36.5% revise an earlier
one under our similarity criterion (Appendix G).
After a program fails, the next program revises it in
88.6% of cases, and after a program runs success-
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fully, the next program revises it in 49.7% of cases.
In this way, the agent’s tools evolve from one an-
other within a task. One program, which allows a
single program per query, removes this process and
recovers a tenth of the gain from Python (§3.3).

The agent’s lead over predefined graph tools is
largest on queries where both tool-based agents
make many calls. On the 100 test-subset queries
for which both Graph tools and Graph tools + code
call neighbors at least ten times, Full DKGI leads
them by 9.0 and 6.0 H@1 points, compared with
1.3 and 0.2 points on the other 610 queries. These
100 queries all come from MAG and Prime, and
85.0% of them have a program with scoring or
ranking, a multi-hop traversal or a set operation,
compared with 37.5% of the other queries. The
request of Figure 1 is one of these 100 queries. The
Graph tools agent misses its gold paper, which Full
DKGI ranks first (Appendix I compares the two
agents on two more requests).

With a stronger LLM, the agent reuses earlier
outputs more often and revises more of its failed
programs. With GPT-6-Astra, the agent turns to
programs earlier (Python makes up 31.4% of the
calls between 20% and 40% of a trajectory, com-
pared with 8.2%), 59.9% of its programs contain an
ID from an earlier output (compared with 48.4%),
and the next program revises a failed one in 92.2%
of cases (compared with 88.6%). With GPT-6-Luna
in Codex, the last two shares are 50.3% and 85.1%,
close to those in Pi (Appendix G).

Ranking is the largest source of remaining er-
rors. Among the queries that Full DKGI answers
incorrectly, a gold node is returned but ranked be-
low the first position in 58%, 46% and 55% on
Amazon, MAG and Prime, and search misses ac-
count for 41%, 23% and 37% (Figure 2c).

4 Related Work

Direct tool use. Retrieve-then-reason meth-
ods (Jiang et al., 2023b; Luo et al., 2024b; Kim
et al., 2023; He et al., 2024; Mavromatis and
Karypis, 2025; Li et al., 2025b) retrieve reason-
ing paths or subgraphs from the KG and reason
over them. In KG agents such as ToG (Sun et al.,
2024; Ma et al., 2025), the LLM steers a prede-
fined beam search over entities and relations, and
StructGPT (Jiang et al., 2023a), Graph-CoT (Jin
et al., 2024), GoG (Xu et al., 2024) and Plan-on-
Graph (Chen et al., 2024a) give it other sets of
predefined graph functions. GRA (Dragic et al.,

2026) explores hybrid KGs through seven prede-
fined Unix-style tools such as ls, cat and grep.

Code over a graph interface. Semantic parsing
maps a question to SPARQL, an S-expression or a
program executed on the KG (Liang et al., 2017;
Cao et al., 2022; Li et al., 2023; Gu et al., 2023; Luo
et al., 2024a), and Xiong et al. (2024) build these
logical forms interactively through knowledge-base
APIs. KG-Agent (Jiang et al., 2025) fine-tunes a
small model to generate programs that call pre-
defined tools. Code-on-Graph (Ding et al., 2026)
represents the schema as Python classes and gen-
erates code that processes graph objects provided
by a subgraph retriever. On STaRK, AvaTaR (Wu
et al., 2024a) optimizes the prompt of an agent that
composes predefined functions in Python.

Agents that create their own tools. Outside
KGs, CodeAct agents (Wang et al., 2024a) act
through executable Python, and other methods cre-
ate tools as code (Cai et al., 2024; Yuan et al.,
2024; Wang et al., 2024b; Wölflein et al., 2025).
CREATOR (Qian et al., 2023), Self-Debug (Chen
et al., 2024b) and PyVision (Zhao et al., 2025) re-
fine code using execution feedback. Live-SWE-
agent (Xia et al., 2025a) creates tools within a
minimal bash scaffold to solve software issues.
SMITH (Tam et al., 2026) jointly trains tool cre-
ation and use with reinforcement learning and
reuses tools across tasks, whereas DKGI is training-
free and creates and revises tools within a task.
Graph-as-Code (Finkelshtein et al., 2026) itera-
tively writes and executes code over a table of
node features, neighbor lists and labels for node
classification. For entity search over typed, multi-
relational KGs, DKGI is to our knowledge the first
harness that lets agents implement graph operations
over complete node and edge files.

5 Conclusion

We presented DKGI, a harness where LLM agents
write and execute their own graph access code over
the complete node and edge files. With GPT-6-
Astra, the training-free DKGI achieves the high-
est H@1 and MRR on every STaRK dataset. In
controlled ablations with GPT-6-Luna, the agent
achieves higher overall H@1 than predefined graph
tools, whether called directly or composed in code,
and it gains most when it writes and revises pro-
grams over several turns. Its trajectories show how
tool creation and tool use co-evolve within a task.
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Limitations

Scope. Our evaluation covers the three text-rich
KGs of STaRK, which have at most 10 entity
types, 18 relation types, 1.9M entities and 39.8M
edges (Wu et al., 2024b). Other KG benchmarks
such as WebQSP, CWQ or GrailQA (Yih et al.,
2016; Talmor and Berant, 2018; Gu et al., 2021),
graphs with Freebase- or Wikidata-scale schemas,
aggregation questions and the scaling of DKGI
with graph size are left to future work. Where a
KG is too large to scan or a question needs exact ag-
gregation, purpose-built indexes, graph databases
and query languages may be more suitable, and
an agent could write its graph operations on top
of them. A comparison with an agent in the same
harness that queries a graph database through a
query language such as Cypher or SPARQL (Feng
et al., 2025) is also left to future work. GraphRAFT,
which fine-tunes a text-to-Cypher model, enters the
comparison through its published numbers.
Models, baselines and data. Our main results
use the proprietary models GPT-6-Luna and GPT-
6-Astra, which we accessed through an API in
September and October 2026. Exact reproduction
depends on the continued availability of these mod-
els. Open-weight models remain to be tested. We
release the code under the MIT License and the
exported graphs, prompts and all trajectories under
CC BY 4.0. Baseline numbers are taken from the
literature and were obtained with different back-
bones, budgets and evaluation code. The ablations
in §3.3 hold these factors fixed. Our evaluation
uses STaRK’s synthetic queries, which make up
most of the benchmark.
Protocol and deployment. The agent’s programs
are written inline and discarded after each question.
Because the agent runs arbitrary shell commands,
any deployment requires a sandbox such as ours
(Appendix C).

Ethical Considerations

We use the public STaRK benchmark (Wu et al.,
2024b), whose data are released under CC BY 4.0.
The code of STaRK, DCI-Agent-Lite (Li et al.,
2026), the Pi coding agent and ARK is released
under the MIT License, and Codex CLI under the
Apache License 2.0. Our research use of these
artifacts is consistent with their licenses, and our
derived data keep STaRK’s CC BY 4.0 license. The
code, exported graphs, prompts and trajectories that
we release are intended for research on agents that

search knowledge graphs. STaRK’s queries are
in English, as are almost all node records. The
Amazon data contain user reviews, and the MAG
data contain author names and affiliations. These
public data are part of the benchmark. We use
them as provided by STaRK, and all personal data
in this work come from the benchmark. Because
the agent can execute arbitrary shell commands,
we ran it in a sandbox that keeps the graph files
read-only and blocks access to the network and
the labels (Appendix C). We report point estimates
from one evaluation per configuration and query
set, with failed attempts retried as described in
Appendix C. Appendix C gives the computational
cost. The Amazon and Prime text-constraint tags in
Appendix G were assigned by an LLM annotator,
GPT-6-Luna. We used AI assistants for coding and
for writing assistance.
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A Knowledge Graph Export

We export each of the three STaRK knowl-
edge graphs once from the graph data re-
leased with the benchmark (Hugging Face dataset
snap-stanford/stark, revision 88269e2), using
a script that makes no model calls. For Ama-
zon, we use the default graph, which includes
brand, category and color nodes. STaRK built
these graphs from Amazon product reviews and
metadata (He and McAuley, 2016; McAuley et al.,
2015) together with Amazon question-answer
data (McAuley and Yang, 2016), from the Mi-
crosoft Academic Graph (Sinha et al., 2015; Wang
et al., 2020) through the OGB datasets ogbn-mag
and ogbn-papers100M (Hu et al., 2020), and from
PrimeKG (Chandak et al., 2023). Each exported
graph consists of four parts.

Node files. Each node is stored as one
JSON line with four fields: node_id (the
benchmark ID, which is also the answer ID),
node_type, is_candidate and attributes. The
attributes field contains all source attributes of
the node unchanged, except that non-finite numbers
are written as null. Nodes are stored in ID order in
shards of 10,000 nodes each (nodes/NNNN.jsonl).

Edge files. The edges of each relation type are
stored in one tab-separated file, edges/RR.tsv,
where RR is the relation-type ID. Each file has a
header row (source_id, target_id) and one row
for every edge stored in the benchmark’s edge in-
dex.

Schema and candidates. schema.json lists the
dataset name, the node and candidate counts, the
node and relation types, the number of stored rows
per relation type, the shard size and short notes
on the graph semantics. candidate_ids.txt lists
the IDs that may be returned: products (Amazon),
papers (MAG) and all nodes (Prime).

Format description. DATA_FORMAT.txt is identi-
cal for the three datasets. In the box below and in
every other prompt or file box of the appendices,
the text is reproduced exactly, line by line. A line
that is too long for the box is wrapped at a space
and continues on indented lines. Boxes with a dark
blue title contain text that we send to the model.
Boxes with a gray title contain files of the graph
directory, text produced by the harness or, in Ap-
pendix I, the request and gold answers of a case.
Boxes with a green or red title contain trajectory
excerpts (Appendix I). DATA_FORMAT.txt reads:

DATA_FORMAT.txt (Amazon, MAG, Prime)

Node records: nodes/NNNN.jsonl, shard number =
node_id // 10000.

Each line has node_id (benchmark ID), node_type,
is_candidate, and full attributes.

IDs inside attributes can be external source IDs;
return node_id in predictions.

Graph edges: edges/RR.tsv, source_id and target_id
columns with a header.

RR is the relation type ID from schema.json. Stored
edge rows are not truncated.

For adjacency, inspect either endpoint; the
official default graph is undirected.

Preserve relation meaning when interpreting
directions or entity roles.

Only IDs in candidate_ids.txt are valid retrieval
outputs. Other nodes are usable evidence.

Use shell tools or Python's json/csv modules to
read these files.

The prompts tell the agent to read this file and
schema.json (Appendix B). Shell only and the
runs with the rg prompt omit the last line of this
file, and No edges omits the four lines about edges
(Appendices B.1 and C).

What the export preserves. The exported graphs
keep all nodes, including the evidence nodes out-
side the candidate set (for example, brands in Ama-
zon and authors in MAG), with all their attributes,
every stored edge row and the type labels. The ex-
port is a plain-text copy of the released graph, with
the node types, relation types and attribute fields
of the release, and predictions are scored directly
on the benchmark IDs. After exporting, the script
checks that the node files contain every node ex-
actly once and in ID order, and that 100 randomly
chosen records per dataset read back identical to
the source. Queries and gold answers are kept in
files outside the agent’s sandbox. Table 4 gives the
sizes of the exported graphs.

B Prompts and Prompt Validation

The prompts we compared differ in two parts: the
ranking instruction, which specifies how many IDs
to return and how to rank them, and the tool in-
struction, which suggests tools for the agent to use.
Appendix B.1 gives the texts and Appendix B.2 the
validation runs that compared them.

B.1 Prompt Texts
Every run sends the task as a single user message
and leaves the harness’s system prompt unchanged
(Appendix C). Placeholders are shown in angle
brackets: <query> is the query text, <corpus dir>
the directory of the exported graph (Appendix A),
<scratch dir> a writable directory created for
each query, and <attempt dir> the run directory
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Amazon MAG Prime

Node types 4 4 10
Relation types 5 4 18
Nodes 1,035,542 1,872,968 129,375
Candidates 957,192 700,244 129,375
Stored edge rows 5,382,103 19,919,698 8,100,498

Node shards 104 188 13
Node files (GB) 6.47 1.87 0.12

per node (KB) 6.2 1.0 0.9
Edge files 5 4 18
Edge files (GB) 0.076 0.311 0.093
Export total (GB) 6.55 2.18 0.21

Table 4: Size of the exported graphs (1 GB = 109 bytes,
1 KB = 103 bytes). The row “per node” gives the size
of the node files divided by the number of nodes. The
export total includes schema.json, DATA_FORMAT.txt
and candidate_ids.txt. STaRK reports 9,443,802,
39,802,116 and 8,100,498 relations for Amazon, MAG
and Prime, respectively. For Amazon and MAG, these
counts equal the number of distinct ordered node pairs
after every stored row is also added in reverse.

of the query, which contains the scratch directory.
The ranking instruction is marked with R (blue
text) and the tool instruction with T (orange text).
The marks are annotations added for this paper.

Final prompt. All test runs of Full DKGI use
the final prompt, shown at the top of page 16. Its
ranking instruction asks the agent to check its top
candidate against every requirement of the query
and then to rank further plausible candidates after
it, returning at most 20 IDs.

rg prompt. The rg prompt, used in the tool-
instruction comparison of Appendix B.2, replaces
our tool instruction with that of Li et al. (2026),
given in the first box below. Its runs also omit the
last line of DATA_FORMAT.txt (“Use shell tools or
Python’s json/csv modules to read these files.”).
This variant removes every mention of Python
from the prompt and the format description. Both
prompts of this comparison use the earlier ranking
instruction in the second box below in place of the
final one, and the rest of the rg prompt is identical
to the final prompt.

Tool instruction of the rg prompt

Use ripgrep (rg) instead of grep for fast searching.

Earlier ranking instruction (tool-instruction comparison)

R The query may have several correct answers.
Return 20 unique integer IDs observed in the
corpus, ranked by how well the evidence supports
them: first the candidates you are most
confident in, then the next most plausible
candidates you found. Return fewer than 20 only
if you cannot find that many plausible
candidates. Do not invent IDs.

Ablation variants. Each variant of §3.3 keeps
the final prompt verbatim up to and including the
query line and changes the tool section, which in
the final prompt runs from “Corpus directory:” to
the end. Full DKGI (Codex) uses the final prompt
unchanged. In Shell only, the tool instruction be-
comes “Use shell tools and rg to search and read
them.”, and the line in the first box below is added
at the end. One program keeps the final prompt and
adds the line in the second box at the end.

Line added at the end of the prompt of Shell only

General-purpose programming languages are
unavailable; use only shell text tools and bash
syntax.

Line added at the end of the prompt of One program

Python 3 can be started only once in this task;
after that, python3 is unavailable and only
shell text tools and bash remain.

No edges replaces “Nodes and edges are complete
local text files.” with “Nodes are complete local
text files.” and leaves the task text unchanged, al-
though it mentions graph relations. The variants
with predefined graph tools replace the whole tool
section with the texts below. Retrieval only re-
moves the signature of neighbors and the two
sentences about neighbors and its optional filters
from the tool section of Graph tools.

Tool section of Graph tools

Available tools: get_schema(), search(query, k=5),
get_node(node_id), neighbors(node_id, relation,
node_type, query, k=20). Call get_schema first
to understand node and relation types. Search
returns up to 30 BM25 matches with benchmark
IDs, names, types, and summary context. get_node
returns the complete record including attributes
and is_candidate. neighbors examines one hop in
either direction, optionally filters relation
and node type, and uses keyword matching when
query is supplied; k is at most 20. Optional
filters may be omitted or empty. Use node_ids
from returned records.
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Final prompt (Full DKGI)

Answer the retrieval query using only the supplied local STaRK knowledge base. Use the textual attributes and
graph relations as evidence. Return candidate node IDs ranked by relevance, most relevant first. Use the
benchmark node_id field, not external IDs within attributes. Only nodes marked is_candidate=true are valid
answers; other node types may be used as evidence. R The query may have several correct answers. Return 20
unique integer IDs observed in the corpus, ranked by how well the evidence supports them. Before ranking a
candidate first, check it against every requirement in the query; entities that the query mentions only as
a reference point are not answers unless the query asks for them. After the first candidate, add the other
plausible candidates you found in order of support; they do not each need the same level of verification.
Return fewer than 20 only if you cannot find that many plausible candidates. Do not invent IDs.

Return only JSON with exactly this structure: {"node_ids": [123, 456]}. Do not include Markdown, explanations,
or citations outside the JSON.

Query: <query>

Corpus directory: <corpus dir>
Read DATA_FORMAT.txt and schema.json for the file format, entity types, relation types, and graph

interpretation. Nodes and edges are complete local text files. T Use shell tools, rg, or Python 3
standard-library modules to search and read them. The corpus is read-only. Writable scratch directory:
<scratch dir>

Tool section of Graph tools + code

Available tools: read and bash, including Python 3.
Knowledge-base files cannot be read directly. In
Python, use: import sys; sys.path.insert(0,
'<attempt dir>'); import kbtools; kb =
kbtools.Client('<attempt dir>/kb.sock'). Call
kb.get_schema() first to understand node and
relation types. kb.search(query, k=5) returns up
to 30 BM25 matches. kb.get_node(node_id) returns
the complete record including attributes and
is_candidate. kb.neighbors(node_id, relation='',
node_type='', query='', k=20) examines one hop
in either direction with optional filters and
keyword matching; k is at most 20. All methods
return text. Writable scratch directory:
<scratch dir>

Closed-book probes. The two probes (Ap-
pendix F) are closed-book. The prompt of the ID
probe is:

Closed-book ID probe

Answer the retrieval query from your own knowledge.
You do not have access to the knowledge base,
its files, or any tools.

Knowledge base: <KB description>. Valid answers:
<answer types>.

The query may have several correct answers.
Return the STaRK benchmark node_id integers of the

correct answers. If you remember them, list
them; otherwise give your best guesses.

Return 20 unique integer IDs ranked by confidence,
most confident first. Return fewer than 20 only
if you cannot give that many.

Return only JSON with exactly this structure:
{"node_ids": [123, 456]}. Do not include
Markdown, explanations, or citations outside the
JSON.

Query: <query>

The name probe, run on MAG and Prime, re-
places the three lines after “The query may have
several correct answers.” with three lines that

ask for names: “Return the <name kind> of the
correct answers.”, the same ranking line with

“20 unique names” in place of “20 unique in-
teger IDs”, and the same JSON line with the
structure {"names": ["...", "..."]}. <KB
description> names the knowledge base (for ex-
ample, “the STaRK-MAG academic knowledge
base built from the Microsoft Academic Graph”),
and <answer types> names the candidate types:
products, papers, or the ten node types of Prime.
<name kind> is “exact paper titles” for MAG and

“exact entity names as used in PrimeKG” for Prime.

B.2 Prompt Validation
All prompt decisions were made on STaRK vali-
dation queries with GPT-6-Luna in both harnesses,
without using any test query, test trajectory or test
label. A prompt-selection round compared rank-
ing instructions and tool instructions. In its tool-
instruction comparison on the same 450 queries
(150 per dataset) for both prompts, the rg prompt re-
duced the share of shell commands that run Python
from 47% to 5% with Codex and from 51% to
1.5% with Pi, relative to the prompt with the same
ranking instruction and our tool instruction. With
Codex, the share of queries in which the agent ran
any Python fell from 98% to 12%. Input tokens
rose by about 110k per query with both harnesses.
We then revised the ranking instruction once, which
produced the final prompt. On 750 further valida-
tion queries (300 from Amazon, 300 from MAG
and 150 from Prime), we compared it with a base
prompt whose ranking instruction allows up to 100
IDs and whose other text is the same. Overall
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R@20 rose from 61.9 to 71.3 with Pi and from
57.6 to 68.8 with Codex, and overall H@1 changed
by −2.3 and −0.8 points, respectively. The prompt
was fixed before any test result was seen.

C Harness Details

All runs of a configuration use the same harness,
and each query has its own scratch directory. The
agent writes its programs inline in its commands,
and they are discarded after each query. All runs
that we conducted, including the validation runs
and the closed-book probes, used GPT-6-Luna or
GPT-6-Astra through an API in September and
October 2026.

Pi. We use DCI-Agent-Lite (Li et al., 2026) at
upstream commit 271f37e (1 June 2026). DCI-
Agent-Lite builds on the Pi coding agent (Zechner
and Pi Contributors, 2026),1 using a fork of Pi
version 0.65.0 to which it adds runtime context
management. We use both as released. Our three
small changes to DCI-Agent-Lite’s runner script
are in our code release. The one that affects scoring
reads the final answer from the last assistant mes-
sage, so that an attempt that ends with a tool call
or an error counts as failed. Pi runs in its offline
mode with two tools, read and bash, and with its
default system prompt, which lists the available
tools and gives the date and the working directory.
Its skills, prompt templates, themes and extensions
are disabled, except for the extension that regis-
ters the graph tools. The model is GPT-6-Luna
(GPT-6-Astra for the stronger-backbone rows) with
reasoning effort high, a context window of 272,000
tokens and at most 32,000 output tokens per re-
quest. For context management, we use level 3 of
DCI-Agent-Lite, the lightweight setting that it uses
for its own benchmarks, which truncates large tool
outputs and compacts the history by replacing older
tool results with a placeholder. Each attempt may
take at most 300 turns and 1,800 s of wall-clock
time. Head-and-tail truncation, described below, is
our one change to how Pi returns tool outputs.

Codex CLI. Full DKGI (Codex) runs the codex
exec command of Codex CLI 0.156.12 with the
same model, reasoning effort and context window
as Pi, and its budget is Pi’s time limit per attempt.
User configuration, rules and project documents
are ignored, sessions are ephemeral, and approval
is never requested. Web search, network access and

1https://github.com/badlogic/pi-mono
2https://github.com/openai/codex

optional features such as multi-agent use, memory,
plugins and browser use are disabled. Codex’s
own system prompt and tool are used unchanged.
With this tool, the model writes short JavaScript
programs, each of which can run several shell com-
mands in one call. Codex keeps its own output
truncation, which lets the model raise the limit for
an individual call, and we apply head-and-tail trun-
cation in Pi.

Sandbox. Both harnesses run in the same outer
sandbox, a deny-by-default Landlock policy under
which system libraries, the harness code and the
working directory are read-only. The working di-
rectory is the graph directory or, for the graph-tool
variants, a directory that holds a single README
file. The writable paths are an installation-ID file
of Codex and the run directory of the query, which
holds the scratch directory, the logs and a per-query
home directory. In Pi, shell commands run in a
second sandbox layer with a clean environment, a
second Landlock policy and a seccomp filter that
blocks network sockets. In Codex, they run in
Codex’s own sandbox with network access dis-
abled. Only the harness process itself connects
to the model endpoint, and no variant has a web-
search tool. Before the model is first called, a check
inside the sandbox confirms that the working direc-
tory is read-only and that the query and label files,
the original benchmark files and the user’s home
configuration are unreadable. The scoring process
reads the labels after the agent has finished.

Head-and-tail truncation. In every Pi variant
with a shell, Pi’s bash tool runs its commands
through a wrapper that implements the head-and-
tail truncation of §2.4. The wrapper saves the
complete output of every command in <scratch
dir>/full_outputs/, where the agent’s later
commands can read it. An output of at most 18,000
bytes and 1,800 lines is returned as it is. For a
longer output, the wrapper returns the first 9,000
bytes or 900 lines, whichever limit is reached first,
then a notice on a separate line, and then the last
9,000 bytes or 900 lines. The notice reads:

Truncation notice of the bash wrapper

[... harness output limit: showing the first <h>
lines (<hb> bytes) and the last <t> lines (<tb>
bytes) of <n> lines (<nb> bytes); <ob> bytes
omitted in between. Complete output saved to
<path> - inspect it with rg, sed -n, head or
tail. ...]

The command’s exit status is preserved. A trun-
cated output stays below the 50 KB limit of Pi’s
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bash tool and the 20,000-character limit of DCI-
Agent-Lite’s context management, so the model re-
ceives both of its ends together with the notice. The
read tool keeps Pi’s limits (2,000 lines or 50 KB
per call) and the 20,000-character limit of context
management.

Graph tools. Graph tools, Retrieval only and
Graph tools + code access the graph through the
tools in Table 5. The tools are based on those
of ARK (Polonuer et al., 2026). The search and
neighbors tools call ARK’s released implemen-
tations of its global search and one-hop neigh-
borhood search, which run on ARK’s prepared
graph (BM25 over ARK’s node names and sum-
maries), and get_node and get_schema return a
node record and the schema file of our graph export.
The agent, the prompt and the step budget come
from our harness. The tools are served by a pro-
cess outside the sandbox, and the graph files also
stay outside it. In Graph tools and Retrieval only,
the tools are registered in Pi as native function-
calling tools with the descriptions in Table 5, and
Pi’s built-in tools are disabled, so every action of
the agent is a graph-tool call. In Graph tools + code,
the agent has Pi’s read and bash tools and calls
the same four tools from Python through a client
whose methods take the same arguments and return
the same text. On the test subset, Graph tools +
code made an average of 45.1 graph-tool calls per
query within 6.8 bash calls, compared with 18.4
tool calls per query for Graph tools.

Shell only. The shell can start a fixed list of 15 pro-
grams (rg, cat, sed, head, tail, wc, cut, sort,
comm, ls, find, pwd, xargs, echo and bash). A
Landlock execute rule enforces this list, also for
find -exec and xargs. Before each query, a check
confirms that these programs run and that starting
python3, awk, perl or node fails, testing python3
also through its absolute path, find -exec, xargs
and the dynamic loader. Pipelines, bash loops, ar-
rays and arithmetic remain available, and grep,
awk and jq are unavailable. The graph directory
is a hard-link copy of the graph export, and its
DATA_FORMAT.txt omits the last line. Pi’s read
tool and head-and-tail truncation are as in Full
DKGI.

One program. The shell can start the 15 programs
of Shell only under the same Landlock rules, as
well as python3, which has a budget of one start
per attempt. The python3 command on the agent’s
path is a launcher that requests each start from

get_schema()
Returns schema.json.

search(query, k=5)
The k ≤ 30 best BM25 matches for query over all nodes,

each with ID, name, type, score and a short context around
the first matching query word.

get_node(node_id)
The complete JSON record of the node, as stored in the

graph export.

neighbors(node_id, relation='', node_type='',
query='', k=20)

The one-hop neighbors in either direction, optionally
restricted to one relation and one node type. With query, the
tool keeps the neighbors whose name contains the query or
whose summary contains query words and orders them with
name matches first and then by the number of matched words.
Shows the first k ≤ 20 with their relation labels and the total
number found.

Tool descriptions passed to the model

Read knowledge-base entity types, relation types,
and graph interpretation.

Global ARK BM25 search; returns node IDs, names,
types, and summary context.

Read a complete node record, including attributes
and is_candidate.

ARK one-hop neighborhood search with optional
relation, node type, and keyword filters.

Table 5: Graph tools available to Graph tools, Retrieval
only and Graph tools + code. The box gives the de-
scription of each tool that the model receives in Graph
tools and Retrieval only, in the order of the rows. The
tool section of the prompt is given in Appendix B.1.
Retrieval only has all tools except neighbors.

the process that runs the query, which keeps the
count outside the sandbox. Every further start, in-
cluding one from within the running program, is
refused with exit status 126 and the fixed message
python3: unavailable: Python 3 can be
started only once in this task. A check
before each query confirms this behavior, and the
count is then reset. One program differs from Full
DKGI in the single Python invocation, one added
prompt line (Appendix B.1) and the programs that
the shell can start, and is identical in all other re-
spects. On the test subset, Full DKGI ran awk
in 21 of its 5,866 shell commands, spread over
14 queries, and all its other interpreter runs were
Python. With One program, 573 of the 710 queries
used their single Python invocation.

No edges. The graph directory holds hard links
to the node shards and to candidate_ids.txt, a
schema.json from which the relation types, the
edge counts and the note on graph semantics are
removed, and a DATA_FORMAT.txt shortened by
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its four lines about edges. Node records are un-
changed, so information that the source also stores
as attribute text (for example, an Amazon product’s
brand and category names) is still visible. Of the
graph data, the sandboxes of Shell only and No
edges can each read their own graph directory.

Scoring. The agent’s final message must be a
JSON object with the single key node_ids and
a list of at most 100 entries, and any other output
counts as a failed attempt. Entries are scored in
order, and an entry that is a non-integer, a non-
candidate ID or a repeat keeps its position and
counts as a miss. H@1 is 1 if the first entry is a
gold answer. R@20 is the number of gold answers
among the first 20 entries divided by the number
of gold answers. MRR is the reciprocal rank of
the first gold answer among the first 100 entries,
and a list whose entries are all incorrect counts
as a miss. Five runs on the test sets returned 21
IDs, one more than the 20 requested, and each of
them has an incorrect answer at rank 21, so every
reported MRR equals MRR over the first 20 entries.
An attempt that ended in a provider error, at the
time limit or with output other than the requested
JSON was retried, and every query of a test con-
figuration needed at most three attempts. Metrics
are averaged over all queries of a set, and a query
whose attempts all failed counts as a miss in every
metric. In the test configurations, this occurred for
one Amazon query of One program, whose three
attempts all reached the time limit.

Cost. Table 6 gives the cost and resource use of
each configuration at official API prices. Per mil-
lion input, cached input and output tokens, GPT-6-
Luna costs $0.10, $0.01 and $0.50, respectively,
and GPT-6-Astra costs $10, $1 and $50. The
full test run of Full DKGI with GPT-6-Astra cost
about $3,000 in total. Costs are computed from the
recorded token usage, which is missing for some
failed attempts.

D Harness Comparison on the Test
Subset

Table 7 gives the harness comparison of §3.2 on
the test subset. Its GPT-6-Luna rows are the Full
DKGI and Full DKGI (Codex) rows of Table 3.
The test-subset results of Full DKGI come from
the runs on the full test set, and those of Codex
with GPT-6-Astra from a separate run on the test
subset.

$ per Tokens Time

Configuration query Calls Input Output (s)

Full test set (7,108 queries), GPT-6-Luna
Full DKGI 0.0050 10 120,346 2,212 273
Full DKGI (Codex) 0.0082 10 250,080 3,930 170
Full test set (7,108 queries), GPT-6-Astra
Full DKGI 0.42 9 119,106 1,151 139

Test subset (710 queries), GPT-6-Luna
Full DKGI 0.0050 10 119,067 2,170 272
Graph tools + code 0.0038 6 78,162 1,932 183
Graph tools 0.0033 17 81,542 1,147 196
Shell only 0.0076 14 205,260 2,380 304
One program 0.0068 12 158,224 2,454 725
Retrieval only 0.0036 16.5 89,574 1,254 211
No edges 0.0056 11 134,263 2,384 287
Full DKGI (Codex) 0.0084 11 264,034 3,832 236

Test subset (710 queries), GPT-6-Astra
Full DKGI 0.40 9 119,588 1,142 164
Full DKGI (Codex) 0.62 10 233,042 1,484 154

Table 6: Cost and resource use per query. $ per query
is the mean over queries, and the other columns are
medians. Calls are the agent’s actions at (§2), input
tokens include cached input, and time is wall-clock
time. For Graph tools + code, calls are bash calls, each
of which may call several graph tools, and for Full
DKGI (Codex) they are command executions. The wall-
clock time of One program mainly reflects slower model
responses during its run, with a median of 87 s per model
request compared with 33 s for Full DKGI. Its single
Python program ran for a median of 10 s.

E Compared Baselines

We describe the baselines of Table 2 in the order
and grouping of the table. For each system, we state
how it accesses the KG, what it trains or tunes on
STaRK, which backbone models its paper names
and which configuration we report.

E.1 Trained or Tuned on STaRK
AvaTaR (Wu et al., 2024a) is an LLM agent that
scores candidate nodes with a Python program.
The program is built from a library of predefined
knowledge-base functions, which retrieve docu-
ments, embeddings and relations, compute similar-
ity scores or ask an LLM to check a requirement.
During optimization, a comparator LLM contrasts
training queries on which the agent performs well
with those on which it performs poorly and writes
new instructions for the agent. The optimized pro-
gram is applied directly to the test queries. We
report its main results with Claude 3 Opus from
Table 2 of the paper.

PASemiQA (Yang et al., 2025) separates planning
from traversal. Its Llama 2-7B planner is fine-tuned
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H@1 Overall

Amazon MAG Prime Overall R@20 MRR

Pi, Luna 59.1 91.0 69.6 75.2 78.0 78.9
Codex, Luna 58.5 87.6 67.5 73.0 75.5 76.9

Pi, Astra 72.6 93.2 79.6 83.1 84.9 85.9
Codex, Astra 72.6 93.2 79.6 83.1 84.8 86.2

Table 7: Full DKGI on the test subset (710 queries).
Each row is labeled with the harness and the model,
where Luna and Astra denote GPT-6-Luna and GPT-6-
Astra. All rows use the same prompt and time limit per
attempt.

to predict the shortest relation paths from the topic
nodes of a query to its answers. A GPT-4 agent,
guided by the predicted paths, takes actions that
expand a node to its most relevant neighbors, re-
trieve nodes by embedding similarity and return
the answer. We report its H@1 and MRR from
Tables 2 and 10 of the paper.

mFAR (Li et al., 2025a) is a trained retriever that
represents each node by one field per property or
relation. On MAG and Prime, these fields also
include entities up to two hops away. mFAR scores
every field with BM25 and a Contriever encoder
and combines the scores with query-conditioned
softmax weights. The encoder and the weights
are trained on the STaRK training queries. The
All+2 configuration scores both a single-document
and a multi-field representation. We report it from
Table 1 of the paper.

MoR (Lei et al., 2025) mixes structural and tex-
tual retrieval. A Llama 3.2-3B planner, fine-tuned
on 1,000 sampled training queries with LLM-
generated planning graphs, outlines the entities that
a query involves and the relations between them. A
layer-wise traversal follows this plan and at each
layer merges the neighbors of the planned node
type with textual matches, which come from BM25
on Amazon and MAG and from a fine-tuned Con-
triever on Prime. A trained reranker then scores
each candidate from features of the trajectory that
reached it (the node types along the path, whether
each step was structural or textual and the text sim-
ilarity of each node) and from the candidate’s ada-
002 similarity to the query. We report the MoR row
from Table 1 of the paper.

GraphRAFT (Clemedtson and Shi, 2025) stores
the KG in a Neo4j graph database and retrieves
answers in three stages. GPT-4o-mini identifies
the entities in the query, and a name without an

exact match is resolved to its most similar nodes
through a vector index over ada-002 node embed-
dings. A text-to-Cypher model then generates
Cypher queries whose decoding is restricted to the
schema-valid multi-hop queries around the iden-
tified entities, and the most probable queries are
executed until the retrieved subgraph reaches a size
limit. A Llama 3.1-8B-Instruct model then reads
the textualized subgraph and selects and orders the
answers. The text-to-Cypher model starts from
Neo4j’s Gemma 2-9B text2cypher checkpoint, and
both models are fine-tuned with LoRA on MAG
and Prime. We report the full system from Table 1
of the paper, which covers these two datasets.

GRASP (Tao et al., 2026) is a three-stage retrieval
pipeline. A prompted Qwen3-27B-Instruct plan-
ner writes a JSON plan of anchors, hops and a
target, which is compiled into one Cypher query
on Neo4j. The resulting candidates are rescored
with Qwen3-Embedding-4B on Amazon and MAG
and with SapBERT on Prime. Their ranking is then
fused with that of a trained mFAR retriever under
a weight that can depend on the plan. Finally, a
Qwen3-Reranker-0.6B, fine-tuned with LoRA on
the STaRK training queries, reranks the top 100
candidates of the fused ranking, and its output is
fused with that ranking once more. The fusion
weights are tuned on the validation queries, and the
Prime planner prompt contains 19 STaRK training
queries with hand-curated plans. We report the full
system, listed as supervised GRASP in Table 1 of
the paper.

E.2 Training-Free
BM25 (Robertson and Zaragoza, 2009), Col-
BERTv2 (Santhanam et al., 2022) and GritLM-
7B (Muennighoff et al., 2025) are lexical, late-
interaction and LLM-based embedding retrievers
that Wu et al. (2024b) evaluate on the candidate
node documents of each KG. BM25 scores a doc-
ument by the frequency of the query terms in it,
adjusted for term rarity and document length, and
ColBERTv2 matches token-level embeddings of
the query against those of each document. GritLM-
7B embeds the query and the documents with a 7B
LLM trained for both embedding and generation
and ranks the documents by similarity. We report
their results on the full test sets from Table 6 of the
STaRK paper.

KAR (Xia et al., 2025b) expands the query with
an LLM before dense retrieval. It retrieves the
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documents of the entities mentioned in the query
and collects their neighbors up to two hops away.
For each entity, it keeps the ten neighbors whose
documents are most similar to the query. GPT-4o
writes query expansions from the resulting docu-
ment triples, and ada-002 embeddings match the
expanded query against the node documents. We
report this configuration from Table 2 of the paper.

HybGRAG (Lee et al., 2025) is an LLM agent that
routes each query to a text retriever or a hybrid
retriever and refines the routing with a critic. An
LLM router identifies the topic entities and the rel-
evant relations. The hybrid retriever then follows
these relations within the ego-graphs of the enti-
ties and ranks the documents it reaches by vector
similarity to the query. An LLM validator checks
the top results, and an LLM commenter returns
corrective feedback to the router for at most four
iterations. The examples in its prompts come from
the STaRK training set. We report its main con-
figuration with Claude 3 Sonnet and ada-002 em-
beddings from Table 5 of the paper, which covers
MAG and Prime.

AF-Retriever (Boer et al., 2026) is an eight-step
LLM pipeline that combines graph constraints with
vector similarity search. The LLM writes a Cypher
query. On Prime, where answers can have sev-
eral node types, it first predicts the target node
type. The query is parsed into relational triples
and attribute constraints, which are grounded on
the graph by embedding search and set intersec-
tion. Vector search fills about two thirds of the 20
final candidates from the grounded set and the rest
from unconstrained candidates of the target type,
and the LLM reranks these 20 pairwise. We report
its zero-shot configuration with gpt-oss-120B and
text-embedding-3-small. Its H@1 and MRR come
from Table 3 of the paper, and its R@20 comes
from the complete-pipeline row of the ablation ta-
ble (Table 5).

ARK (Polonuer et al., 2026) is an LLM agent that
calls two predefined tools. A global search ranks
node texts with BM25, and a one-hop neighbor-
hood search can filter the neighbors of a node by
node and edge type and rank them by a subquery.
Three agents run in parallel for at most 20 steps
each, and the nodes they select are fused by vote
count. We report its GPT-5.2 results from Table 5
in the appendix of the paper. Our graph tools call
ARK’s implementations of these two tools (Ap-
pendix C).

E.3 KG Reasoning Methods Adapted to
STaRK

Yang et al. (2025) adapt three KG reasoning meth-
ods to STaRK and run them with GPT-4. We report
their H@1 and MRR from Tables 2 and 10 of that
paper.

ToG (Sun et al., 2024) runs an LLM-guided beam
search on the KG that alternates relation and entity
exploration and stops once the LLM judges the
retained reasoning paths sufficient or the search
reaches a maximum depth.

RoG (Luo et al., 2024b) generates relation paths
grounded in the KG as plans, retrieves the reason-
ing paths that follow these plans and lets the LLM
reason over them. In its original form, RoG’s plan-
ner is Llama 2-Chat-7B instruction-tuned on We-
bQSP and CWQ (Yih et al., 2016; Talmor and Be-
rant, 2018).

GoG (Xu et al., 2024) is a training-free KG agent
that interleaves thinking, searching and generation
steps, in which the LLM proposes new triples from
its own knowledge and verifies them.

F Closed-Book Probes

The closed-book probes measure how many queries
the model answers from its parametric knowledge
alone (§3.3).

Design. Both probes run GPT-6-Luna in Pi with
reasoning effort high, and the model answers in a
single closed-book turn (prompts in Appendix B).
The ID probe asks for up to 20 STaRK node IDs,
ranked by confidence, and is run on the full test sets
of all three datasets (7,108 queries). Since node
IDs are arbitrary integers, a correct ID could indi-
cate that the model has memorized benchmark files.
The name probe asks for up to 20 answer names
(exact paper titles for MAG and exact PrimeKG
entity names for Prime), which we map to node IDs
offline. Because Amazon product titles are long
and rarely match exactly, it is run on the full MAG
and Prime test sets (5,466 queries). The 12,574
probe runs cost $8.31 in total, and the 4 runs that
failed count as wrong.

Name mapping. The mapping uses the exported
node files. MAG papers are indexed under their
title and OriginalTitle, and Prime nodes un-
der their name, details.name and every entry of
details.alias. After the same normalization of
indexed and returned names (NFKC, case folding,
non-alphanumeric characters replaced with spaces),
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MAG Prime

Name probe right wrong right wrong

Full test set
Queries 61 2,604 585 2,216
Full DKGI 67.2 88.4 89.7 56.9

Test subset
Queries 4 262 57 223
Full DKGI 100.0 90.8 94.7 63.2
Graph tools + code 100.0 90.1 96.5 59.6
Graph tools 100.0 87.4 94.7 59.2
Shell only 100.0 85.9 91.2 55.6
Retrieval only 100.0 47.7 87.7 28.7
No edges 75.0 45.0 86.0 28.3

Table 8: H@1 of the Pi variants with GPT-6-Luna (all
except One program) on the queries that the name probe
answers correctly (right) or incorrectly (wrong).

a returned name maps to every node indexed under
the same normalized name. A query counts as an-
swered at rank r if the r-th returned name maps to
at least one gold node.

Results. The ID probe answers 0 of 1,642 Amazon,
0 of 2,665 MAG and 1 of 2,801 Prime queries
correctly (H@1 of 0.00, 0.00 and 0.04%). Among
all returned IDs (up to 20 per query), a gold ID
appears for 1 Amazon and 4 Prime queries. The
name probe obtains an H@1 of 2.3% on MAG
(61 of 2,665) and 20.9% on Prime (585 of 2,801).
Table 8 splits the queries by whether the name
probe answers them. On the queries that the name
probe answers incorrectly, Full DKGI achieves an
H@1 of 88.4 on MAG and 56.9 on Prime. On
the 223 Prime queries of the test subset that the
name probe answers incorrectly, the variants with
access to the relations achieve between 55.6 and
63.2, while Retrieval only and No edges achieve
28.7 and 28.3, respectively.

G Behavior Measures

The measures in §3.4, Figure 2, Table 9 and the
error analysis of Appendix H are computed from
the recorded trajectories of Full DKGI in Pi on
the full test set (7,108 queries per model) and, for
the Codex column of Table 9, in Codex with GPT-
6-Luna, and use each output as the model saw it.
Pairs of values separated by a slash are for GPT-6-
Luna and GPT-6-Astra, respectively.

Programs, calls and turns. A program is the in-
line Python code passed to the shell in one call,
either as the argument of python3 -c or as a here-
document read by python3. There are 28,582 /
28,726 programs, and 6,832 / 6,862 queries contain

Pi Codex

Luna Astra Luna

Write, run: programs per query 4.0 4.0 5.3
Read: programs with earlier IDs (%) 48.4 59.9 50.3

next turn runs Python (%), after a
truncated rg output 66.8 76.1 –
untruncated rg output ≥4 KB 59.3 40.1 –

Revise: revisions (% of programs) 36.5 33.7 36.7
next program revises it (%), after a

failed program 88.6 92.2 85.1
successful program 49.7 38.0 42.7

Table 9: Tool creation and tool use in the full-test trajec-
tories of Full DKGI in Pi with GPT-6-Luna and GPT-
6-Astra and in Codex with GPT-6-Luna. A program
is one inline Python source, earlier IDs are node IDs
shown in outputs of earlier turns, and truncated outputs
were shortened by head-and-tail truncation in Pi. Codex
truncates outputs by its own rule, and its two truncation
cells show a dash. The measures are defined in this
appendix.

at least one. A turn is the set of calls issued in
one model response. Because all calls in a turn are
issued before the model sees any of their outputs,
“earlier” and “next” refer to turns. The agent writes
and runs all its code inline in its shell commands.

Command intents and trajectory segments. We
assign every shell command to one of the nine cate-
gories that Li et al. (2026) use for DCI-Agent-Lite,
with a rule-based classifier that parses the com-
mand’s pipelines, and we apply the same classi-
fier to the public DCI-Agent-Lite trajectories (789
queries) and to ours. A command that runs Python
is Python Scripting. Otherwise, a command with
wc or with a search that counts matches is Aggrega-
tion/Counting, a pipeline with two or more searches
is Chain Search, a search with a match limit or fol-
lowed by head or tail is Search + Limit, and any
other search with rg or grep is Single Keyword
Search. A command with find, rg --files or
a search over a file listing is Locate File, a single
cat is Full Document Read, ls or pwd is List Di-
rectory, and all other commands are Other. We
merge the categories into Python (Python Script-
ing), search (Search + Limit, Chain Search and
Single Keyword Search) and other (the remaining
five). We compare the public trajectories of DCI-
Agent-Lite (Li et al., 2026) with GPT-5.4-nano on
789 BrowseComp-Plus queries (Chen et al., 2026),
DKGI in Pi with GPT-6-Luna with the rg prompt
and with our tool instruction on the same 450 val-
idation queries (Appendix B.2), and Full DKGI
in Pi with GPT-6-Luna on the full test sets (7,108
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queries, 60,032 shell commands). These counts
cover shell commands, which exclude calls of Pi’s
read tool. Python commands make up 3.9% of
the shell commands of DCI-Agent-Lite, 1.5% and
50.8% with the rg prompt and our tool instruc-
tion, and 47.6% for Full DKGI. Per dataset, 55.6%,
41.5% and 48.8% of the shell commands of Full
DKGI run Python on Amazon, MAG and Prime. To
locate a call in its trajectory, we divide the n calls
of a query, including read calls, into five equal
segments, so that the i-th call, counting from 0,
lies in segment ⌊5i/n⌋ + 1. Over the calls of all
queries, read and other calls make up the largest
share in the first segment, rg calls in the second
and Python calls in each later segment, with both
models (Figure 2a for GPT-6-Luna).

Python commands and edge files. A Python com-
mand is a shell call that runs python3. It refers to
edge files if its code or arguments mention the edge
directory or an edge file. With GPT-6-Luna, 41.1%
of the Python commands refer to edge files.

Revisions. The similarity of two programs is the
ratio that Python’s difflib.SequenceMatcher
computes for their first 4,000 characters. Before
comparing, we remove boilerplate lines: imports,
comments, path constants, loops over node shards
or over the lines of a file, json.loads of a line,
and try/except-continue lines. A program is
counted as revising an earlier program in its tra-
jectory if its similarity to the most similar earlier
program is at least 0.5. This holds for 36.5% /
33.7% of the programs. With each model, in 99.7%
of the revisions the program being revised was is-
sued in an earlier turn, so its output was visible
when the revision was written.

IDs from earlier outputs. A program contains an
ID from an earlier output if its text contains a 4-
to 8-digit integer that an output of an earlier turn
showed as the ID of a node record, in an edge row,
as a list element or at the start of a line. Years,
multiples of 1,000 and numbers that appear in the
prompt are excluded. This holds for 48.4% / 59.9%
of the programs, and 83.1% / 95.9% of the queries
with Python have such a program.

Operation types. We label each program by rules
over its source code, and a program can have sev-
eral labels. A full node scan iterates over all node
files. A one-hop traversal reads an edge file, and a
multi-hop traversal filters an edge file by IDs that
an earlier edge filter of the same program returned,
or expands an adjacency index from a loop over

seed nodes. Each program that reads an edge file
gets one of these two traversal labels. The set oper-
ations label covers intersections and differences of
ID sets. Scoring or ranking sorts candidates, keeps
the top ones or accumulates scores or counts. A
check of earlier IDs contains an ID from an earlier
output, as defined above, and looks it up in the
node files, the edge files or the list of candidates.
Two of these types, the one-hop traversal and the
check of earlier IDs, have counterparts among the
predefined graph tools (Table 5). neighbors per-
forms a one-hop traversal, and get_node looks up
a known ID, as a check of earlier IDs does. The
closest counterpart of a full node scan is search,
which returns the k ≤ 30 best BM25 matches for
a query. The other three types can require several
calls or code.

Failures and the next program. A program fails
if it exits with a non-zero status, prints a Python
traceback or syntax error, or times out. The 164
/ 66 programs with an interpreter start error are
excluded from both the failures and the successes.
Of the programs that ran, 7.4% / 8.5% failed (2,089
/ 2,426). The next program after a given program is
the first program issued in a later turn. It is counted
as revising the given program if their similarity,
computed as above but with the boilerplate lines
kept, is at least 0.5. Section 3.4 and Table 9 use the
2,033 / 2,395 failed and 19,534 / 19,369 successful
programs that have a next program. In 85.6% /
91.1% of these failures, the next program revises
the failed one and runs successfully.

Lineages and gold IDs in outputs. We link each
program to the most similar program issued before
it in the same query if their similarity, computed
with the boilerplate lines kept, is at least 0.5. The
programs connected by these links form a lineage,
whose first and last versions are its earliest and
latest programs. There are 7,282 / 7,621 lineages
with at least two versions. A call shows a gold
ID if its output that the model saw contains the ID
of a gold node as a standalone number. For the
first and last versions of the lineages, this holds
for 40.0% / 49.4% of the first versions and 72.0%
/ 67.9% of the last versions. The test accepts the
ID in any position of the output. Over the 5,080
queries that GPT-6-Luna answers correctly, the first
call that shows a gold ID is a program in 68.5%, an
rg search in 29.7% and another command in 1.8%,
while programs make up 38.2% of all calls, read
calls included. The error analysis of Appendix H
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uses a stricter test that requires the node’s record or
its record header.

Truncated outputs and the next turn. An rg call
is a shell call that runs rg or grep as a search, ex-
cluding file listings and calls that also run Python.
We use the successful rg calls that are followed by
another turn. An output is truncated if head-and-
tail truncation (§2.4) shortens it, and the outcome
is whether the next turn runs a Python program.
The model sees at least 14.8 KB / 16.4 KB of every
truncated output, so we compare the 9,475 / 5,699
truncated outputs with the 1,577 / 2,169 untrun-
cated outputs of at least 4 KB. Because truncated
and untruncated calls occur at different points of a
trajectory, we compare them within each of the five
trajectory segments, weight the segments by their
number of truncated calls and drop segments with
fewer than 20 calls on either side, which removes
the first segment with GPT-6-Luna. With both mod-
els, the next turn runs Python more often after a
truncated output than after an untruncated one of
at least 4 KB (66.8% vs. 59.3% with GPT-6-Luna
and 76.1% vs. 40.1% with GPT-6-Astra, Table 9).

Text-constraint tags. GPT-6-Luna, run with rea-
soning effort high, labels each query from two in-
puts, the query text and the names of the node and
relation types. A query has a text constraint if
checking one of its requirements needs a node’s
own text. The LLM annotator tags 96% of the
Amazon and 57% of the Prime queries as having
an additional text constraint. We treat all MAG
queries as text-constrained based on their topic de-
scriptions. On Amazon, H@1 is 8.1 points higher
on text-constrained queries than on the 60 relation-
only queries, and on Prime it is 2.1 points lower.

H Error Analysis

We assign every query that Full DKGI in Pi an-
swers incorrectly on the full test sets (7,108 queries
per backbone) to one of four categories, using the
outputs as the model saw them. A query is an empty
answer if the run ends in a failure, in output other
than the requested JSON object or in an empty list.
Otherwise, it is a ranking error if a gold node is
returned at rank 2 or lower, a selection error if an
output that the model saw showed a gold record
and the returned list misses every gold node, and
a search miss in all remaining cases. An output
shows a gold record if it contains the node’s record
("node_id": <id>) or the ID alone in square brack-

Share of errors (%)

Ranking Selection Search Empty
Dataset H@1 error error miss answer

GPT-6-Luna
Amazon 57.8 58 1 41 0
MAG 88.0 46 26 23 6
Prime 63.8 55 7 37 0
Overall 71.5 55 8 36 1

GPT-6-Astra
Amazon 79.4 72 2 26 0
MAG 91.8 49 38 10 4
Prime 74.5 58 14 28 0
Overall 82.1 60 15 24 1

Table 10: Error categories of Full DKGI in Pi on the
full test sets (7,108 queries) with GPT-6-Luna and GPT-
6-Astra. The four categories divide the incorrectly an-
swered queries, and each share is a percentage of these
queries, rounded to a whole number.

ets ([<id>]), as in a record header. IDs in other
positions, for example in edge rows, are excluded.

Ranking errors are the largest category on every
dataset with both backbones and make up 55% of
the errors overall with GPT-6-Luna and 60% with
GPT-6-Astra (Table 10). In these queries, the agent
has found a gold node and returned it below the first
position, so a gold node is found in more queries
than H@1 shows. With the stronger GPT-6-Astra,
search misses make up 24% of the errors overall,
compared with 36% with GPT-6-Luna, and empty
answers make up 1% of the errors overall with both
backbones.

I Case Studies

We compare Full DKGI with Graph tools on three
requests from the 710-query test subset, one from
each dataset. On each of them, Full DKGI ranks a
gold node first and Graph tools ranks another node
first. Table 11 lists the outcome and the number of
calls of every configuration except One program
on these requests. Each case gives the request and
its gold answers, an excerpt of each trajectory with
GPT-6-Luna, and a comparison of the operation
that the agent writes with the calls that the graph
tools of Table 5 provide.

The request and its gold answers are shown in a
gray box. In the excerpts, ... marks omitted code
or output, a bold [k] gives the index of the call, and
-> introduces the output that the model saw, shown
in gray. A Graph tools call is shown as the tool
name followed by its arguments. A line too long
for the box continues after the mark ↪→, and every
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other line begins a new line of the code or output
and keeps its original indentation. A green box title
marks a configuration that ranks a gold node first,
and a red title marks one that ranks another node
first. IDs are benchmark node IDs.

I.1 Case 1 (MAG): A Program Grows into a
Multi-Hop Traversal

STaRK-MAG request

Request: Papers on data quality enhancement algorithms
affiliated with the University of the Balearic Islands.
Gold: one paper, 1778273 (Effects of data quality vetoes
on a search for compact binary coalescences . . . ).

The KG links the institution to 66 authors and
these authors to 236 papers. Of the 86 papers with
the field of study Data quality, one is among these
236.

Graph tools. The agent finds the institution and
the field Data quality with search. Its neighbors
call on the institution lists 20 of the 66 affiliated
authors (call 6), and two of these 20 authors are
co-authors of the gold paper. Its neighbors call on
the field lists 20 of the 86 papers in the field (call
11). The agent then lists the papers of four other
authors from the list, one call per author (calls 27–
30), and the authors of nine papers found by search,
one call per paper. The gold paper is absent from
all 38 outputs.

Case 1 (MAG): Graph tools, GPT-6-Luna

[6] neighbors {"node_id": 1106133, "relation":
↪→"author___affiliated_with___institution",
↪→"node_type": "author", "k": 20}
-> Search around [1106133] University of the
↪→Balearic Islands (...) found 66 results:
0. [6817] Denis Pollney (author) ...
...
(Showing 20 of 66 results. You may want to

↪→refine your search.)
[11] neighbors {"node_id": 1116111, "relation":

↪→"paper___has_topic___field_of_study",
↪→"node_type": "paper", "k": 20}
-> Search around [1116111] Data quality (...)
↪→found 86 results:
...
(Showing 20 of 86 results. ...)

[27] neighbors {"node_id": 26073, "relation":
↪→"author___writes___paper", "node_type":
↪→"paper", "k": 20}
-> Search around [26073] Ramon Pujol-Nadal (...)
↪→found 1 result:
0. -author___writes___paper-> [1682034]

↪→Influence of thermal losses ...

Full DKGI. The first program (call 11) has a silent
bug. Each edge line still ends in its newline char-
acter, so the membership test fails on every line,
and the program prints the two file names. After
printing the file headers (call 12), the agent revises
the program (call 13). The next program is a two-

hop traversal from the institution through its 66
authors to their 236 papers, and it reads the node
shards that hold these papers (call 14). Call 15
adds the topic relation and an intersection, with the
field ID shown by the rg search of call 9, and the
intersection holds one paper, the gold paper. Call
19 rewrites the same traversal more compactly to
rank the candidates.
Case 1 (MAG): Full DKGI, GPT-6-Luna

[4] rg -n -i 'University of the Balearic ...' nodes
-> ...{"node_id": 1106133, "node_type":
↪→"institution", ... "DisplayName":
↪→"University of the Balearic Islands", ...

[9] rg -n -i 'data quality|...' nodes/0110.jsonl
↪→nodes/0*.jsonl
-> ...{"node_id": 1116111, "node_type":
↪→"field_of_study", ... "DisplayName":
↪→"Data quality", ...
[... harness output limit: ... of 2107

↪→lines ...]
[11] p=1106133

for f in ['edges/00.tsv','edges/03.tsv']:
...
if str(p) in line.split('\t'):

-> edges/00.tsv
edges/03.tsv

[13] for f in ['edges/00.tsv','edges/03.tsv',...]:
...
a,b=map(int,line.split())
if a==1106133 or b==1106133:

-> edges/00.tsv 66 [(6817, 1106133), ...
[14] ... int(row[1])==inst: authors.add(int(row[0]))

... in authors: papers.add(int(row[1]))
for sh in sorted({x//10000 for x in papers}):
-> authors 66 [6817, 16943, 18306, ...]

papers 236
[15] fields={1116111}

... int(r[1]) in fields:FP.add(int(r[0]))
print('P affiliated',len(P),...,len(P&FP))
-> P affiliated 236 field data quality papers
↪→86 intersect 1
1778273 Effects of data quality vetoes ...

[19] A={int(r[0]) for r in ... int(r[1])==1106133}
P={int(r[1]) for r in ... int(r[0]) in A}
... score=sum(bool(re.search(p,s)) for p in
↪→[r'data quality',r'quality of the data',...])

Comparison. The agent writes the request as a
traversal over three relations, from the institution
to its authors, from the authors to their papers and
from the field to its papers, followed by an inter-
section of the two sets of papers. With the pre-
defined graph tools, each hop of this traversal is
a neighbors call from a single node that lists up
to 20 neighbors and the total number found, and
Graph tools makes one such call for each author or
paper that it examines.
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Case 1 Case 2 Case 3
MAG Prime Amazon

Configuration Rank Calls Rank Calls Rank Calls

Full DKGI, GPT-6-Luna 1 21 1 13 1 13
Full DKGI, GPT-6-Astra 1 10 1 5 1 10
Full DKGI (Codex) 1 12 1 9 1 11
Graph tools + code 1 11 1 9 1 4
Graph tools – 38 3 36 2 23
Shell only – 17 – 39 – 23
Retrieval only – 15 – 19 2 16
No edges – 14 – 12 – 7

Table 11: Outcome of each configuration on the three case requests. Rank: rank of the first gold node in the returned
list (rank 1 is correct under H@1). –: every returned node is incorrect. Calls: the agent’s actions at of §2 (for
Graph tools + code, bash calls, each of which may call several graph tools, and for Full DKGI (Codex), command
executions). All rows except the second use GPT-6-Luna.

I.2 Case 2 (Prime): A Program as Set Algebra
over Two Relations

STaRK-Prime request

Request: Which genes or proteins are expressed exclu-
sively in the pericardium and not in either the dorsal or
ventral regions of the thalamus?
Gold: ADH1B (10833).

The pericardium has expression present edges
to 13 genes. Nine of them also have an expression
present edge to dorsal plus ventral thalamus, and
of the 13, ADH1B alone has an expression absent
edge to this node. In the edge files, relation 16
is expression present and relation 17 expression
absent.

Graph tools. The agent lists the 13 pericardium
genes with one neighbors call (call 5). Its requests
for expression absent edges go to the pericardium
and to the nodes dorsal thalamus and ventral thala-
mus, and all three return empty results (calls 8, 10
and 11). It then tests the genes one at a time, with a
get_node call for each gene (calls 12–24) and, for
12 of them, a neighbors call on dorsal plus ven-
tral thalamus that is restricted to expression present
and to the gene’s name (calls 25–36). It returns the
four genes that this test leaves, PDLIM3, TCAP,
ADH1B and ITLN1, in this order.

Case 2 (Prime): Graph tools, GPT-6-Luna

[5] neighbors {"node_id": 64835, "relation":
↪→"expression present", "node_type":
↪→"gene/protein", "k": 20}
-> Search around [64835] pericardium (...) found
↪→13 results:
0. -expression present-> [61] CALM1 ...
...
10. -expression present-> [10833] ADH1B ...
...

[10] neighbors {"node_id": 64341, "relation":
↪→"expression absent", "node_type":
↪→"gene/protein", "k": 20}

Case 2 (Prime): Graph tools, GPT-6-Luna (continued)

-> Search around [64341] ventral thalamus (...)
↪→found no results. ...

[34] neighbors {"node_id": 64338, "relation":
↪→"expression present", "node_type":
↪→"gene/protein", "query": "ADH1B", "k": 5}
-> Search around [64338] dorsal plus ventral
↪→thalamus (...) found no results. ...

answer: [1403, 2773, 10833, 13398]

Full DKGI. After a scan of the node records for
the anatomy nodes of the request (call 5), the agent
writes one program over both relations (call 12).
It intersects the 13 pericardium genes, whose IDs
it copies from the output of call 11, with the ex-
pression present and expression absent neighbors
of seven thalamus nodes. The output shows nine
genes with an expression present edge to dorsal
plus ventral thalamus and ADH1B with an expres-
sion absent edge to it. The agent returns the four
remaining genes and ranks ADH1B first.

Case 2 (Prime): Full DKGI, GPT-6-Luna

[5] ... if x.get("node_type")=="anatomy" and
↪→any(t in s for t in terms): print(...)
-> ...

64338 True {... 'name': 'dorsal plus
↪→ventral thalamus', ...}
64341 True {... 'name': 'ventral thalamus',

↪→...}
...
64835 True {... 'name': 'pericardium', ...}
...

[12] p={61,652,704,1403,...,10833,13398,13628};
for r in (16,17):
for anat in [64338,64341,66732,71295,...]:
q=set()
for e in csv.DictReader(
↪→open(f"edges/{r:02}.tsv"),delimiter="\t"):
...
if anat in (a,b): q.add(b if a==anat else a)
print(r,anat,"overlap",sorted(p&q))

-> 16 64338 overlap [61, 652, 704, 1532, 2500,
↪→3225, 3387, 9724, 13628]
...
17 64338 overlap [10833]

answer: [10833, 1403, 2773, 13398]
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Comparison. The agent’s program performs set
algebra over two relations. In one run, it intersects
a set of genes with the neighbors of seven anatomy
nodes under both relations, and the agent takes the
difference from the printed intersections. With the
predefined graph tools, each test covers one node,
one relation and, through query, one gene name,
and Graph tools spends 25 calls on the 13 genes.

I.3 Case 3 (Amazon): An Error, Its Repair
and Four Narrower Filters

STaRK-Amazon request

Request: What are some officially licensed NCAA brand
metal tags for a hardcore fan looking to enhance their col-
lection and showcase their team spirit?
Gold: 18 products titled Licensed NCAA ⟨team⟩ Metal
Tag . . .

In the Amazon records, the reviews precede the
title, so a record line printed by rg consists mostly
of review text.

Graph tools. The first search returns 30 products,
with Rico Industries NCAA Unisex NCAA #1 Fan
Metal Auto Tag first and the 18 gold products in
places 2 to 19 (call 2). The agent opens 20 products
from its searches, one get_node call each, and
returns them with the Rico tag first and the 18 gold
products at ranks 2 to 19.

Case 3 (Amazon): Graph tools, GPT-6-Luna

[2] search {"query": "officially licensed NCAA
↪→brand metal tag hardcore fan collection team
↪→spirit NCAA metal tags", "k": 30}
-> Found 30 nodes for query: ...

[831452] Rico Industries NCAA Unisex NCAA #1
↪→Fan Metal Auto Tag (product) - Score: 77.007
...
[631548] Licensed NCAA KU Kansas Jayhawks #1 Fan

↪→Logo Metal Tag, ... (product) - Score: 72.931
...

[3] get_node {"node_id": 831452}
-> {"node_id":831452,"node_type":"product",
↪→"is_candidate":true,"attributes":{"review":
↪→[{"reviewerID": ...

answer: [831452, 631548, 631550, 631544, 631551, ...]

Full DKGI. The first program fails because \n is
written literally inside the single-quoted argument
of python3 -c (call 6). The next call passes the
same code (similarity 0.99) inside $’...’ quotes,
and this program runs (call 7). Each of the next
four programs (calls 8, 9, 10 and 12) follows a trun-
cated output that lists unrelated products (“Tagless
collars”, key chains, domino sets in metal tins) and
narrows the filter. The last program looks up the
titles of the 27 IDs that the previous output listed
(call 13), and the agent returns the 18 gold products
at ranks 1 to 18.

Case 3 (Amazon): Full DKGI, GPT-6-Luna

[6] python3 -c 'import json,glob,re; ...;\nfor f
↪→in glob.glob("nodes/*.jsonl"):\n ...'
-> ... SyntaxError: unexpected character
↪→after line continuation character

[7] python3 -c $'import json,glob,re\n...'
-> 330040 NIKE Colorado Buffaloes Infant ...
↪→| Nike | 100% Cotton ... Tagless collars ...
[... harness output limit: ... of 9824

↪→lines ...]
[8] ... re.search(r"tag",s,re.I) and

↪→re.search(r"NCAA|colleg|university|...",s,re.I)
[9] ... re.search(r"metal",t,re.I) and ...

-> 330440 Florida State Seminoles Chrome Metal
↪→Key Chain ...

[10] ... re.search(r"NCAA|...|Hurricanes",t,re.I) and
↪→re.search(r"metal",t+" "+s,re.I) and
↪→re.search(r"tag|license plate",t+" "+s,re.I)
-> 331243 NCAA LSU Tigers Full Color License
↪→Plate Frame, ...
335385 NCAA Kansas Jayhawks Domino Set in

↪→Metal Gift Tin ...
[12] ... re.search(r"NCAA",t+" "+s,re.I) and

↪→re.search(r"dog tag|metal tag|...",t+" "+s,re.I)
-> ... 631540 Licensed NCAA Ole Miss Metal Tag,
↪→(Proudly Made In The USA), ...

[13] ids={631540,631541,631544,...,906791}
... if x["node_id"] in ids: print(...)

Comparison. The agent’s tool is a filter over
the title, features and description of every prod-
uct record, and the agent narrows it four times
after truncated outputs. The predefined graph tools
provide a BM25 search over node names and sum-
maries and get_node, which returns one complete
record per call, with the reviews before the title.
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