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Abstract— In order to provide a robot with the ability to
understand and react to a user’s natural language inputs, the
natural language must be connected to the robot’s underlying
representations of the world. Recently, large language models
(LLMs) and 3D scene graphs (3DSGs) have become a popular
choice for grounding natural language and representing the
world. In this work, we address the challenge of using LLMs
with 3DSGs to ground natural language. Existing methods
encode the scene graph as serialized text within the LLM’s
context window, but this encoding does not scale to large or
rich 3DSGs. Instead, we propose to use a form of Retrieval
Augmented Generation to select a subset of the 3DSG relevant
to the task. We encode a 3DSG in a graph database and provide
a query language interface (Cypher) as a tool to the LLM with
which it can retrieve relevant data for language grounding.
We evaluate our approach on instruction following and scene
question-answering tasks and compare against baseline context
window and code generation methods. Our results show that
using Cypher as an interface to 3D scene graphs scales
significantly better to large, rich graphs on both local and cloud-
based models. This leads to large performance improvements
in grounded language tasks while also substantially reducing
the token count of the scene graph content.

I. INTRODUCTION

Consider the problem of directing a robot within the
complex, outdoor environment shown in the overhead image
on the left in Figure 1. To navigate and act safely in such an
environment, modern robot systems rely on structured world
representations, such as voxel maps for collision avoidance,
object detections for interaction, and spatial-semantic ab-
stractions (e.g., regions) for efficient planning. While effec-
tive, these perception-driven world models are abstractions
of reality, are often noisy and incomplete, and capture only
a subset of the information perceived by humans; this can
lead to miscommunication. Our goal is to enable users to
give natural language commands to robots for tasks such as
navigating to a goal or retrieving an object, which requires a
shared representation between human understanding and the
robot’s model of the world. We leverage natural language to
bridge the gap between the robot’s perception system and
the human’s understanding of that system.

There is a rich history of mapping from natural language
to symbols grounded in bespoke structured environment
models [1], such as for planning [2], [3], [4] or embod-
ied question answering [5], [6]; however these approaches
are often specific to a particular task and are brittle with
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respect to the scope of language that can be handled. More
recently, 3D Scene Graphs (3DSGs) [7], [8], [9] and large
language models (LLMs) [10] have become popular choices
for representing the world and handling very general natural
language, respectively.

3DSGs are hierarchical graph structures grounded in an
ontology that defines concepts such as objects, places, and
rooms. Each node is typically assigned a symbol and stores
relevant information about the entity, such as a position or a
semantic class. Hierarchical relationships are represented as
edges. Large-scale 3DSGs can contain thousands of nodes,
such as the one in Figure 1. To leverage them for task-
driven navigation, an operator must understand the concepts
captured in the different layers, such as the Objects and
Places layers. However, direct inspection of a graph is
challenging for humans. Therefore, our objective is to enable
an operator to direct a robot towards a goal using natural
language about the world rather than symbolic concepts of
the graph. This raises the key question of how LLMs leverage
3DSGs to ground natural language instructions and queries.

Recent works that integrate an LLM with a 3D scene graph
typically do so by populating the LLM’s context window
with a serialized text representation of the graph, such as a
JSON string [11], [9], [12]. This technique works well for
small, simple scene graphs, but, for several reasons, it does
not scale to large or rich 3D scene graphs, like those that
can be constructed by systems such as Hydra [8]. Consider
the kilometer-scale 3DSG shown in Figure 1, containing
314 objects, 15944 places, and 124 regions. First, the full
serialized text of this scene graph contains roughly seventeen
million tokens, which exceeds the length of the context
window of any contemporary models. Second, even simple
natural language expressions like “the bag in the road” may
require attending to distant parts of the context window in
order to associate objects with the region they are contained
in, which remains a challenge for even the most recent
LLMs [13], [14]. Third, some scene graph ontologies are
useful for robots but are idiosyncratic, making inter-layer
associations in natural language more difficult to ground.
Finally, serializing the scene graph relies on the LLM to
handle quantitative reasoning, such as answering the question
“which bag is closest to the robot?”, for which LLMs are not
well suited [15].

Rather than include the full scene graph, several recent
works proposed a pre-processing step during which a task-
conditioned subgraph is generated [16], [17], [18]. One
approach uses an LLM and the hierarchical structure of the
scene graph to enable broad filtering of irrelevant nodes [16];
however, these LLM-defined filters often result in multiple
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Fig. 1: An outdoor 3D scene graph, where the operational area traversed by the robot is approximately 1km. An example
generated mesh is shown on the left below the robot’s trajectory, with zoomed-in selections of key parts of the graph’s
ontology. The graph has 314 objects, 15944 places, and 124 regions. Encoding this entire graph in the context window of an
LLM exceeds the context window size of most contemporary models. Moreover, if we want the robot to follow a command
to navigate to the fire hydrant, which is absent from the graph but near the known rock, we need a mechanism of using
language to modify the scene graph to add the hydrant, which requires reasoning about where “near the rock” would be in
the graph. That reasoning in turn involves identifying an object and a set of relevant places through a question expressed in
natural language. Generating a plan requires reasoning about which parts of the scene graph are relevant for the navigation
problem, which involves identifying the new object and a much larger set of relevant places.

expensive interactions with the LLM’s search for a sufficient
subgraph. Another approach takes inspiration from vector-
based retrieval-augmented generation (RAG) [19], encoding
individual elements of the scene graph as vectors to be
retrieved for context as needed, but it is susceptible to known
vector-based RAG drawbacks, such as lacking sufficient
context for multi-hop reasoning. Neither approach directly
addresses limitations related to the LLM’s ability to ground
language that requires quantitative reasoning [15], [20].

We argue that a structured, graph-based query language
can serve as a useful interface between an LLM and a 3D
scene graph encoded in a graph database. GraphRAG [21] is
an extension of RAG techniques to graph data structures. We
propose using GraphRAG to interface LLMs with 3D scene
graphs by (1) encoding a scene graph, like that produced
by Hydra [8], in a graph database and (2) providing an
LLM with an interface to the database that accepts queries
encoded in a graph query language called Cypher [22]. Token
efficiency is improved by selectively retrieving scene graph
data as needed to ground a given user instruction or question,
permitting scaling to large, rich graphs like that shown in
Figure 1. In addition, Cypher supports both graph-based
relational queries and geometric spatial indexing, permitting
the offloading of some or all of the quantitative aspects of
language grounding that an LLM may struggle with.

Recent efforts use LLMs as agents that have access to
tools, termed “agentic AI”, and show improved perfor-
mance on reasoning tasks [23], [24]. We propose treating
the Cypher-based query interface as a tool that the LLM
can choose to use as a form of GraphRAG in support of
grounding natural language instructions and questions to the

3D scene graph. In this way, the LLM is able to correct query
failures, try new queries in cases of insufficient information,
or construct database response-dependent queries in a multi-
query fashion, among others.

We evaluate our proposed approach through extensive
experiments on both a small indoor and a large outdoor
scene graph for the tasks of instruction grounding and scene
question-answering. We compare against an existing text-
serialization approach as a baseline. We also compare against
a novel code generation baseline in order to assess if a
generic API is sufficient for subgraph retrieval, or if the
special-purpose database queries provide a more efficient
mechanism for retrieval. We show that our Cypher-based
interface uses the fewest tokens and also has a higher success
rate on both tasks. To show the utility of our approach for
robot systems, we also describe a physical demonstration of
a realistic, complex object-retrieval scenario; this demonstra-
tion can be seen in a supplemental video. Code for this paper
is available at: https://github.com/GoldenZephyr/heracles.

II. BACKGROUND

We provide preliminary information about 3D scene
graphs, including the ontology we use, and Cypher, the graph
database query language used by the LLM to retrieve scene
graph data.

A. 3D Scene Graphs

3D scene graphs provide a structured way to store metric,
semantic, and topological information about the environment.
A 3D scene graph is a hierarchical graph G with vertices
V and edges E . The vertices are partitioned into layers of
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increasing sparsity, with Vi denoting vertices in the ith layer.
Lower layers of the scene graph represent fine-grained spatial
information such as meshes and individual objects, while
higher layers of the scene graph represent more abstract con-
cepts such as rooms for indoor environments (e.g., a kitchen)
or regions for outdoor environments (e.g., a courtyard). Each
layer of the graph is composed of a set of nodes, each of
which has a position and a list of layer-specific attributes,
such as semantic class or bounding box. Nodes are connected
by intralayer edges that represent relative spatial relationships
and interlayer edges that represent containment.

Building a scene graph requires specifying the ontology,
that is, the construction of each layer of the graph and the
set of possible attributes attached to each node and edge
in the graph. We denote a specific scene graph ontology as
Υ. A recent survey presents an overview of many proposed
3D scene graph ontologies and methods for constructing
them [25]. In this work, we adopt a subset of the ontology
proposed in Hydra [8], although our approach is flexible and
does not depend on a specific set of layers, edges, or nodes
and their properties. Our ontology consists of four layers:

• The Objects layer stores objects as nodes with a seman-
tic label, a position, and a bounding box. Edges between
objects can capture relational properties, like on top of.

• The Mesh Places layer consists of connected, small
(roughly 1m area) reachable, polygonal places stored as
nodes that a robot can traverse through. Each node has a
semantic label, a position, and a set of boundary points.
Edges between places capture traversable connectivity
for a robot. The Mesh Places layer is above the Objects
layer, and interlayer edges represent the containment of
objects in their respective, connected places.

• The 3D Places layer consists of connected 3D reachable
places stored as nodes with a position, and a bounding
sphere representing free space.

• The Room or Region layer stores geometric and se-
mantic abstractions as nodes that represent higher-level
spatial-semantic concepts. Each node has a position
and a semantic label. Intralayer edges represent abstract
traversable connectivity, indicating connectivity in the
lower Mesh Places layer. Interlayer edges represent the
containment of mesh places by a room or region.

B. Cypher for 3D Scene Graph Queries

Cypher [22] is a declarative graph query language for
specifying queries and update operations on graph-structured
data, and these operations are usually executed by a graph
database [26] storing the data of interest. The Cypher data
model considers a graph of nodes, each with a label (e.g.,
Object) and a set of key-value attribute pairs (e.g., {class:
vehicle}). Typed edges may be added between pairs of nodes
to indicate relationships. We can therefore instantiate a 3DSG
in a graph database and interface with it via Cypher.

While there are many useful features of Cypher, we
highlight examples that help illustrate how Cypher can be
used to query 3D scene graphs and can help with certain
steps an LLM might need to take when grounding natural

language inputs from a user1. First, a user may want to
query the robot for information about the world, such as
how many objects of a particular type are in certain parts of
the world; for example, “I was told there were some bags
of supplies lying nearby. How many did you see?” Cypher
provides clauses that can return entries that match a specific
type and also a count of the occurrence, making such a query
simple to construct.

Second, since 3D scene graphs are primarily intended for
use by a robot, the ontological hierarchy may not be well
aligned to the expectations of an LLM (or a user). If there
are many bags in the world, our user might say “The bags I
am looking for should be in a courtyard. Bring them to me.”
In our case, a courtyard is a type of region, and the user wants
the bags that are contained in a courtyard region. However,
objects are contained by places which are contained by
regions, so determining the relationship between the bags
and the courtyard requires traversing through the places
layer. Cypher can decouple the query logic from this implicit
multi-layer traversal via a simple syntax to find all transitive
containment relationships.

Third, some kinds of natural language expressions use spa-
tial relationships to unambiguously refer to specific objects
and require quantitative reasoning to determine the correct
referent; for example, “Retrieve some more supplies from a
nearby truck.” Cypher includes a concept of geometric points
and bounding boxes, among others, and provides operations
that can directly compute the distance between two points
or whether a point is contained within a bounding box, for
example. These spatial operations could be used by an LLM
to determine which bags are by a nearby truck, rather than
having the LLM do this reasoning directly.

C. Grounding Instructions to PDDL

We want users to be able to specify instructions to a robot
that it should then execute in the world. Many contemporary
instruction following methods translate the instruction to a
formal planning representation and rely on an associated
planner to find a corresponding plan. While our approach
is not specific to any planning representation, in this work
we use the Planning Domain Definition Language (PDDL)
[27]. Specifically, we investigate the performance of an LLM
on the task of translating from a natural language instruction
to PDDL goal clauses grounded with symbols from a 3D
scene graph.

PDDL allows for the specification of different parame-
terized planning domains with which to instantiate specific
planning problems that fit a given domain description. A
PDDL problem instance is typically solved with a search-
based solver such as Fast Downward [28]. Symbols2 are the
entities in PDDL from which the parameters of the domain
can be assigned a particular value. These symbols are used
to represent relevant features of a given domain, such as the

1A detailed introduction to Cypher can be found at https://neo4j.
com/docs/cypher-manual/current.

2We use the term symbol instead of the typical object to avoid overloaded
terminology with scene graphs.
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rooms or objects in a scene graph for a mobile manipulation
domain. Predicates in PDDL are Boolean functions that take
a tuple of symbols as input. Predicates are used to encode
the state abstraction of the world, such as assigning types to
symbols or relational properties to groups of symbols. For
example, the unary predicate HOLDING(?OBJ) can be used
to indicate that an object is currently being held by a robot;
or, the binary predicate OBJECTINPLACE(?OBJ ?PLACE) can
be used to indicate that an object is located in a particular
place. A goal clause consists of grounded predicates defining
a set of states that, if reached, constitute completing the task.
For example, consider a world with a bag object with the
identifier BAG1. The instruction “Pick up the bag” could be
encoded as the goal clause (HOLDING BAG1). We therefore
treat the problem of grounding natural language instructions
as that of mapping to PDDL goal clauses consisting of
predicates grounded with symbols from a 3D scene graph.

III. PROBLEM STATEMENT

Our goal is to enable LLMs to use 3D scene graphs for
grounding natural language. In particular, we are interested
in grounding natural language that a user might provide as
input to a robot system, and we focus on two specific tasks to
make our goal concrete3: (1) translating instructions to PDDL
goals (i.e., to enable the robot to execute the instructions) and
(2) answering questions about the scene (i.e., to inform the
user of the robot’s world knowledge). We consider existing
pre-trained LLMs and do not address methods that modify
the model architectures or update the learned model weights.

For each language grounding task, we assume that the
robot system has access to a 3D scene graph of its operating
environment, denoted as G. For the task of translating in-
structions to PDDL, we assume that the robot system has
access to a predefined PDDL domain D that consists of
predicates P that are sufficient for encoding any of the
provided instructions as a goal clause G. A user provides
a natural language instruction li to the robot (e.g. “Bring
me the supplies from the courtyard.”), and the LLM is
responsible for generating a corresponding PDDL goal clause
G consisting of domain predicates that are grounded with
symbols from the 3D scene graph:

LLM(li;P,G) → G (1)

In the question answering task, a user provides a natural
language question lq about the scene graph (e.g., “how many
supply bags are near the truck?”), and the LLM is responsible
for interfacing with the scene graph data to generate the
answer a:

LLM(lq;G) → a. (2)

In each task, the language provided by the user references
the world, and the LLM must associate those references with
the 3D scene graph in order to generate a response. In this

3We note that our approach is not specific to these tasks and is more
broadly applicable to most tasks that require an LLM to use a 3D scene
graph.

paper, we address the problem of how to provide the 3D
scene graph data to the LLM in order to solve each of the
above tasks.

IV. TECHNICAL APPROACH

We assume access to a large language model pllm(X)
that assigns probabilities to a string X by decomposing it
into a sequence of discrete tokens X = (x1, . . . , xN ) and
models the sequence’s probability as a product of conditional
next-token probabilities. Given an input sequence X , an
autoregressive LLM generates an output token sequence by
sampling a token xN+1 from the next-token distribution,
appending it X , and repeating until a termination condition
is reach (e.g., a special termination token is sampled as the
next token).

In general, an LLM can be used to solve many different
tasks encoded as text via prompting, which involves pro-
viding an initial token sequence, or prompt, in the LLM’s
context window that describes the task. The quality of
the generated response, therefore, depends on the provided
prompt. For tasks that depend on external knowledge (i.e.,
not part of the LLM’s training set), retrieval-augmented
generation (RAG) [19] has become a popular technique to
dynamically retrieve the relevant information and add it into
a prompt for the LLM to use as context. This knowledge
is retrieved as a token sequence Xrag from some external
knowledge source K conditioned on some or all of the initial
prompt Xprompt via a retriever function r:

r(Xprompt;K) → Xrag (3)

For many RAG applications, K is instantiated as a vector
database of text embeddings K = {k1, . . . , k|K|}, and r(·) is
a vector search process that embeds some or all of the prompt
and retrieves the most similar embedding. The retrieved
token sequence is typically used to populate a templated
part of the prompt. In this work, we want to condition the
LLM’s output generation on the robot’s world model, which
is external knowledge represented as a 3D scene graph.

A. Generating Cypher Queries

Rather than vector-based RAG, we take a GraphRAG [21]
approach by encoding the scene graph into a graph database
that can be queried via Cypher. For our retrieval mechanism,
we model the Cypher-based interface as a tool for agentic
LLM-driven tool use [23], [24], [10] and rely on the LLM
itself to generate a Cypher query that, when executed on the
database, returns the relevant external knowledge.

We can treat a single LLM-generated tool call as a pause in
the autoregressive token generation process that is triggered
by a special token. Given the initial prompt Xprompt, the
LLM will generate an initial output token sequence Xo that
consists of some initial reasoning chain Xocot , a Cypher
query to execute Xoquery , and a special pause token xpause:
Xo = (Xocot , Xoquery

, xpause). Once token generation is
paused, we execute the Cypher query on the graph database
for the LLM, which produces a response Xrag. We then
append the response Xrag to the initial output token sequence
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Fig. 2: An illustration of the pipeline for using Cypher
queries to a graph database as a tool for the LLM to use to
retrieve relevant scene graph information. Given the prompt
and the user input, the LLM chooses whether to interact with
the graph database or generate a final response. The LLM
can interact with the database zero or more times, up to some
maximum number of interactions.

Xo and restart the token generation process, which is now
conditioned on both the generated Cypher query and the
database response.

We provide descriptions of the following in our initial
prompt: the task Xtask, the 3D scene graph onotology XΥ,
an overview of Cypher as a tool Xcypher, and the input from
the user Xuser. For translating an instruction to a PDDL
goal clause, we also include a description of the available
predicates P in the PDDL domain XP . Notably, the LLM is
responsible for deciding whether to generate a Cypher query
or generate a final response to the user; therefore, the LLM
may generate [0,M) Cypher queries prior to providing a final
response, where M is a hyperparameter for the maximum
number of tool calls.

Figure 2 illustrates the prompt construction, agentic tool
use for database interactions, and final response generation
pipline. Consider a robot operating in an indoor academic
environment consisting of hallways and a lounge; there are
several bags in the world but only one bag in the lounge. The
robot’s scene graph is loaded into a graph database (bottom).
A user tells the robot “Bring me the bag from the lounge”
(top). The instruction and the prompt materials are combined
into the initial prompt (Xprompt) and given to the LLM. The
LLM generates a Cypher query to match all instances of
lounge type Rooms ‘r‘ that contain a bag type Object ‘o‘ and
return the id of the object, if a match is found. The database
returns an id of “O1” for the bag, and the LLM generates
a PDDL goal (OBJ-IN-PLACE O1 PSTART), where PStart is
the 3D scene graph Place node of the current location of the
user. To reach this goal state, a PDDL planner will find a
plan that involves the robot moving to the bag, picking it up,
and bringing it back to the user.

V. EXPERIMENTAL DESIGN

We evaluate the performance of several different ap-
proaches for interacting with and reasoning about scene
graphs for instruction following and scene question-
answering. We construct evaluation datasets for each task

using both a small indoor and large outdoor scene graph.

A. Approaches

Context Window: As a baseline, we implement the stan-
dard approach of serializing the scene graph into structured
text to be included in the LLM’s context window. Since the
choice of which nodes and properties of the scene graph to
include affects the kind and quality of response, we choose
to include a subset that contains sufficient information with
which to handle any natural language in our datasets. We
include the following:

• Object Layer: unique id, semantic label, position, parent
2D Places unique ids

• Place Layer: unique id, sibling Places unique ids, parent
Regions unique ids

• Region Layer: unique id, semantic label, position
Python Generation: We implement a novel baseline that

uses Python code generation to interface with the 3D scene
graph. In particular, we are interested in examining whether
an existing API to scene graphs can be used for GraphRAG
as we have constructed it, or if the special purpose retrieval
operations provided by a graph database provides a useful in-
ductive bias. We provide the LLM with the available Python
API for Hydra [8] that consists of accessor functions and
prompt it to generate user input-conditioned Python functions
that retrieve and process the relevant scene graph data. Like
the Cypher querying, we model the code generation step
as agentic tool use; the LLM is responsible for deciding
whether to generate additional Python code or produce a
final response to the user. This returned content is included
as context when generating the final response.

Cypher Queries: We implement our proposed approach,
described in Section IV-A, to have the LLM generate Cypher
queries to a Neo4j graph database containing the 3D scene
graph and use the database response as context when gener-
ating the response to the user.

For both the Python code generation baseline and the
proposed Cypher-based method, we also report results for
an ablated version that enforces exactly one code generation
or Cypher query step, respectively.

B. Models

For each approach, we test the performance across several
different proprietary frontier and open-weight, locally-hosted
language models. We keep the prompts consistent across
models. Below, we list the models used:

• (OpenAI) GPT-5, GPT-4.1, GPT-4.1-MINI, GPT-4.1-
NANO

• (Anthropic) CLAUDE OPUS 4.1
• (Alibaba) QWEN3-32B
We access the OpenAI models via the provided endpoints

using the official Python API [29]. Claude Opus 4.1 is a
hybrid reasoning model. We access it via Amazon Bedrock
using the AWS Bedrock Python API [30], and we run it
without extended thinking mode. Qwen3 [31] is an open-
weight hybrid reasoning model. We test Qwen3-32B with 4-
bit quantization, running in thinking mode. The model runs
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locally on an Ollama [32] instance running on a workstation
with an NVDIA RTX4090 GPU. We run all models with a
0 temperature setting.

C. Scene Graphs

We construct our evaluation datasets from two 3D scene
graphs: a small indoor environment and a larger outdoor
environment (Figure 1). Both scene graphs were built using
the Hydra real-time scene graph library [8] from RGBD
sensor data (Intel Realsense D455 and ZED 2i cameras)
collected via robot teleoperation on a Boston Dynamics Spot
robot. The small 3D scene graph is on the scale of 10s
of meters and represents one floor of an indoor academic
building. There are 65 total objects over 12 different object
categories, 96 total mesh places, and 5 total regions over 2
different region categories (hallway and lounge). The large
3D scene graph is kilometer scale and represents an outdoor
summer camp environment consisting of buildings, roads,
tennis courts, lakefront, and rugged walkways. There are 314
objects over 12 different object categories, 15,944 total 2D
places, and 124 regions over 4 different region categories.

D. Tasks

To investigate and compare the different approaches, we
evaluate their performance when applied to the two language
grounding tasks:

• Question-Answering: Given a question in natural lan-
guage about the scene graph, the LLM must generate
an answer. An example question is “Which cars are in
parking lots?” The questions are designed such that their
answers are either a Set, List, Dictionary (mapping from
key to value), or Point.

• Instruction Grounding (PDDL Translation): Given
an instruction in natural language for a robot to execute,
the LLM must translate the instruction to a PDDL goal
grounded in the scene graph. An example instruction is
“Grab the bag and bring it to one of the parking areas.”
The instructions must be mapped to PDDL predicates
that encode the goal. A goal is considered correct if it is
logically equivalent to the ground truth solution. There
is not necessarily a feasible plan to achieve the goal.

For each task, we construct an evaluation dataset that
includes labeled examples associated with both the small and
large scene graph. The Instruction Grounding dataset consists
of 82 instructions in the large 3DSG and 102 instructions in
the small 3DSG. The instructions vary whether the grounding
references are directly referenced, use spatial relations for
reference, or use the hierarchy of the scene graph for
disambiguation. The Question-Answer dataset consists of
100 queries of varying complexity for each scene graph. We
evaluate each approach on each dataset and report the success
rate.

VI. RESULTS & DISCUSSION

A. Task Success

Table I reports the success rate of each approach on
both the question-answering task (Q&A) and the instruction

Q&A PDDL

Method S L S L

Cypher (A) (Ours) 0.85 0.77 0.65 0.56
Cypher 0.82 0.77 0.55 0.46
Context Window 0.75 0.33 0.65 0.41
Python (A) 0.51 0.32 0.38 0.51
Python 0.38 0.31 0.35 0.55

TABLE I: Task success rate for the different approaches.
All results are for GPT-4.1. Methods with “(A)” indicate the
agentic version. “S” and “L” refer to the small and large
scene graph, respectively.

grounding task (PDDL) for both the small (S) and large (L)
scene graph. Results are for a single model (GPT-4.1).

We note several interesting results. First, our proposed
agentic Cypher-based method either matches or exceeds the
performance of all other methods for both tasks on both
scene graphs. Second, the context window baseline is a
competitive method on small scene graphs, outperforming
the Python-based approach on both tasks, and matching
the performance of the agentic Cypher-based method on
the PDDL task. Our method significantly outperforms the
context window baseline on the Q&A task, however. The
context window baseline is also significantly worse than our
method for both tasks on the large scene graph.

The agentic versions of both the Cypher-based interface
and the Python code generation methods generally outper-
form their non-agentic ablations, indicating that treating the
retrieval step of GraphRAG as a tool is a useful component
of the method. However, the degree of improvement due
to tool use is varied. For example, the code generation
method’s performance improved by 13% on the Q&A task
for the small scene graph, but only improved by 1% on the
large scene graph (and even underperformed the non-agentic
ablation for the PDDL task on the large scene graph).

Qualitatively, we find that all methods struggle with lan-
guage that requires traversing the hierarchy of the scene
graph. While Cypher does provide a transitive containment
operation, the GPT-4.1 model inconsistently chooses to gen-
erate queries that take advantage of it. We also notice that
the Python method struggles to reliably use the correct API
for certain functions, which is a consequence of using an
existing API that is not optimized for LLM use. In contrast,
Cypher is a well-established language with many examples
that are likely to have been included in the language model’s
pre-training data.

Table II reports the success rate of the approaches across
different sizes of GPT models. We see the expected trend
that performance decreases with model size. Using GPT-
4.1-mini, our approach is both competitive with the context
window approach and outperforms the Python approach
when they are using GPT-4.1. GPT-4.1-nano achieves very
poor performance across all methods.

Table III reports the performance of our approach across
different “flagship” models that are representative of the
many available models, both proprietary and open-source.
Notably, Claude Opus 4.1 is the top performer across both
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Q&A PDDL

Method Model S L S L

Cypher (A)
(Ours)

GPT-4.1 0.85 0.77 0.65 0.56
GPT-4.1-mini 0.69 0.65 0.60 0.61
GPT-4.1-nano 0.08 0.07 0.13 0.15

Context
Window

GPT-4.1 0.75 0.33 0.65 0.41
GPT-4.1-mini 0.58 - 0.48 -
GPT-4.1-nano 0.03 - 0.12 -

Python
(A)

GPT-4.1 0.51 0.32 0.38 0.51
GPT-4.1-mini 0.43 0.35 0.33 0.37
GPT-4.1-nano 0.15 0.14 0.09 0.15

TABLE II: Task success rate across methods for different
model sizes. The Cyper and Python methods are agentic.
“S” and “L” refer to the small and large 3D scene graphs,
respectively.

tasks and scene graphs. We also note that our approach
performs well with Qwen3-32B, a small local model. It is
competitive with the GPT-4.1 context window baseline on the
small scene graph Q&A task (74% vs 75%), and outperforms
on the large scene graph Q&A task (67% vs 33%) and PDDL
task (55% vs 41%).

In Table IV, we show the average number of tokens used
by each approach on the PDDL task. We report the input
tokens, which come from the prompt and the response of
tool calls, and output tokens, which include tool calls and
the final answer. The serialized text encoding for the large
3DSG scales to an intolerable size for all models except
the GPT-4.1 family. Our method and the Python baseline
have input token counts that are two orders of magnitude
smaller and do not directly depend on the size of the 3DSG.
Our method uses the fewest input tokens, indicating efficient
tool use and concise database responses. While it is possible
that a query could result in exhaustive information about the
3DSG, our results show that, on average, the token count
of data is small; this is also true for the Python approach.
The Python baseline requires more input tokens compared
to the proposed Cypher method, because it must represent
the special-purpose scene graph API. On the other hand,
Cypher is a more general-purpose interface that is likely
well represented on the internet and in LLM training data
and requires less information within the prompt.

B. Physical Robot Demonstration

We also demonstrate our proposed Cypher-based scene
graph interface on a Boston Dynamics Spot robot in the

Q&A PDDL

Model S L S L

Claude Opus-4.1 0.94 0.83 0.88 0.80
GPT-5 0.86 0.81 0.77 0.70
GPT-4.1 0.85 0.77 0.65 0.56
Qwen3-32B 0.74 0.67 0.56 0.55

TABLE III: Task success rate of the proposed agentic Cypher
method’s accuracy across OpenAI and Anthropic flagship
models and one state of the art open source model run locally.

Small 3DSG Large 3DSG

Method I T O I T O

Cypher (A) (Ours) 2366 205 319 2395 1596 942
Context Window 8735 - 134 582202 - 56
Python (A) 6161 82 390 6237 33 337

TABLE IV: Average Input (I) and Output (O) token counts
for each method, for the small and large 3D scene graphs.
The Tool (T) columns counts the number of additional input
tokens that are passed to the LLM as the output of tool calls.

Fig. 3: We demonstrate grounding a user’s natural language
instructions to a Cypher query to correct the object label
in a 3DSG, producing a PDDL goal based on the updated
object semantics, and then executing a plan to achieve the
goal onboard a robot.

same indoor building that is represented by the small scene
graph. The scenario, illustrated in Figure 3, incorporates both
questions and instructions to the robot, and also includes
the user providing a natural language correction to the
scene graph that is mapped to a corresponding Cypher
query for database execution. A user first asks the system
several questions about the scene graph, such as the type,
count, and location of objects, in order to improve their
own understanding of what is available to the robot. Upon
noticing that a bag in the scene graph was mislabeled as a
bicycle, the user tells the robot about the object’s correct
semantic class, and the robot updates its scene graph to
incorporate the new information. Finally, the user gives a
command in natural language to retrieve the newly labeled
bag, resulting in a translated PDDL goal that is solved by
Fast Downward [28]. Given the resulting plan grounded in
the scene graph, the robot executes the plan, retrieving the
object for the user. A video of this demonstration is included
as supplemental material.

VII. CONCLUSION

In this work, we investigate how to enable LLMs to ground
natural language instructions and questions to a 3D scene
graph representing a robot’s model of the world. We propose
a GraphRAG approach in which an LLM can use a Cypher-
based interface to query a graph database for relevant 3DSG
data. This data is used as context by the LLM to generate
either (1) a PDDL goal for an instruction or (2) an answer
to a question about the scene. We treat the Cypher interface
as a tool and allow the LLM to choose how frequently to
interact with the database before giving a final response to
the user. Through experiments using examples annotated for
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a small indoor and a large outdoor 3DSG, we show that
our proposed approach outperforms both a Python generation
and context window-based baseline on both tasks for both
scene graphs, scaling significantly better to the large scene
graph. Our method is more amenable for use with small
models. Using Qwen3-32B, it is competitive with the context
window baseline using GPT-4.1 for the tasks on the small
scene graph, and it significantly outperforms on the large
scene graph. By being more token efficient, our proposed
Cypher-based agentic approach enables LLMs to ground
natural language instructions and queries to rich, kilometer
scale outdoor scene graphs.

One limitation of our proposed approach is that the under-
lying graph ontology must be included as part of the prompt
to the LLM in order for it to generate grounded Cypher
queries. While this is not an issue for a static ontology, it
may be useful for the concepts in the graph to change during
robot operation. Therefore, we are interested in techniques
that permit updating and maintaining the description of the
scene graph ontology to enable seamless use within or across
sessions of operation; more generally, we are interested
in maintaining good prompt descriptions of tools whose
interfaces or function signatures may either change over time
or are initially poorly described.
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