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Abstract

Scene graphs have emerged as a structured and serializable
environment representation for grounded spatial reasoning
with Large Language Models (LLMs). In this work, we pro-
pose SG2, an iterative Schema-Guided Scene-Graph reason-
ing framework based on multi-agent LLMs. The agents are
grouped into two modules: a (1) Reasoner module for abstract
task planning and graph information queries generation, and
a (2) Retriever module for extracting corresponding graph
information based on code-writing following the queries. Two
modules collaborate iteratively, enabling sequential reasoning
and adaptive attention to graph information. The scene graph
schema, prompted to both modules, serves to not only stream-
line both reasoning and retrieval process, but also guide the
cooperation between two modules. This eliminates the need to
prompt LLMs with full graph data, reducing the chance of hal-
lucination due to irrelevant information. Through experiments
in multiple simulation environments, we show that our frame-
work surpasses existing LLM-based approaches and baseline
single-agent, tool-based Reason-while-Retrieve strategy in
numerical Q&A and planning tasks.

Introduction
With Large Language Models (LLMs) showing remarkable
prowess and versatile skills across a wide range of domains,
recent research has increasingly focused on grounding the
LLMs their reasoning in situated environments. Scene graphs
have emerged as a scalable, high-level environment represen-
tation for LLM-based spatial reasoning and planning, show-
ing effectiveness in both simulation-based (Yang et al. 2025b)
and real-world applications (Gu et al. 2024; Ni et al. 2023;
Cheng et al. 2024). Prior work has explored graphs-as-text as
the LLM input for the single generation with various prompt
guidance (Fatemi, Halcrow, and Perozzi 2024; Gu et al. 2024),
categorized as "Reason-only" methods in Figure. 1. A more
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advanced strategy, "Retrieve-then-Reason" (Luo et al. 2024;
Sun et al. 2023; Rana et al. 2023), improves upon this by
using the LLM agent to trim the graph first for retaining only
task-relevant subgraph before reasoning. Despite the effort,
LLMs still frequently hallucinate wrong solutions (Wang et al.
2023; Rana et al. 2023), underscoring the need for continued
research on the intersection of LLMs and scene graphs. We
argue that this difficulty stems from a well-documented prop-
erty of LLMs: that they are easily distracted by redundant
information (Adlakha et al. 2024; Bruno et al. 2023). This
limitation is problematic in spatial tasks, where the reasoning
process involves sequential, step-wise attention shifts over
the graph. It suggests that the majority of graph data could be
irrelevant at any intermediate step of reasoning, which might
degrade LLMs’ performance.

A promising solution to the problem is the Reason-while-
Retrieve strategy, which enables dynamic attention on the
information by iteratively carrying out the two steps (Jiang
et al. 2023; Press et al. 2022). We first explore an iterative
solution based on ReAct (Yao et al. 2022), where scene graph
API(s) are curated as graph data access "actions" to enable in-
terleaved task solving and graph information retrieval. While
this solution is effective, we observe that it is highly sensi-
tive to the design of available APIs (or tools). In particular,
fixed-capacity APIs severely constrain the access patterns on
the graph. When the API set lacks expressiveness, the agent
is forced to invoke more API calls, resulting in inefficient
exploration on the graph. What’s more, this inefficiency is
amplified by the single-agent nature of ReAct, where the
retrieval and reasoning is not decoupled. Since the entire task
solving history is re-prompted back to the agent in a loop,
redundant context accumulation can impair future reasoning
or retrieval steps (Chiang and Lee 2024; Wu et al. 2024).

To mitigate this issue, we develop a Schema-Guided Scene-
Graph reasoning approach based on multi-agent architecture,
(dubbed SG2). The framework is comprised of two modules:
a Reasoner module that decomposes the task and generates
information queries for subsequent steps; and a Retriever
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Figure 1: (a) Reason-Only: A Reasoner is directly prompted with a full textualized graph. (b) Retrieve-then-Reason: A Retriever
filters out a task-related sub-graph followed by another Reasoner processing the remaining of the graph. (c) Reason-while-
Retrieve (Ours): A Reasoner and a Retriever collaborate in solving a task by attending to the graph dynamically based on the
progress in solving the task.

module that processes the queries and retrieves related graph
information for the Reasoner. One key innovation in our ap-
proach is the incorporation of scene graph schema. Treating
a scene graph as a specific instance of an abstract schema, we
frame the role of the Retriever as graph database query lan-
guage generation—that is, translating the natural language
queries into executable graph programs. The query language
is then executed on the scene graph to obtain the queried
information thereby filtering out irrelevant data. Furthermore,
the schema is also prompted to the Reasoner for support ab-
stract, structure-aware reasoning, and to guide the generation
of schema-aligned natural language queries for the Retriever.
The multi-agent design is essential for the autonomous op-
eration of our system: where the inter-module split ensures
explicitly separation of the reasoning and retrieval, while
intra-module agents collaborate to enhance the reliability of
both reasoning and programming-based retrieval.

We evaluate our method with two simulation environments:
BabyAI (Chevalier-Boisvert et al. 2018), a 2D grid world en-
vironment; and VirtualHome (Puig et al. 2018), a large-scale
indoor multi-room environment. Our experiments on numeri-
cal Q&A and planning tasks show that SG2 greatly improves
the reasoning ability of LLMs on scene graphs, outperform-
ing ReAct and graph prompting baselines in all evaluations.
What’s more, we show that even being constrained to the
same static APIs with limited functionalities, our multi-agent
framework still achieves better results compared to ReAct. In
summary, our contributions include:

• Exploring Reason-while-Retrieve framework with
reasoning-oriented information gathering mechanism for
task solving on scene graphs.

• A schema-based multi-agent approach that enables dy-
namic information retrieval with LLM programming and
decoupled reasoning and retrieval.

• Showing the efficacy of the proposed SG2, which achieves
superior performance in two distinct environments that
encompass a wide range of tasks.

Related Literature
Language models for Task and Motion Planning Ex-
isting efforts harness the power of large language models
for decision making (Chen et al. 2023; Liu et al. 2023) and
robotic control (Dalal et al. 2024; Zhang et al. 2023; Lin
et al. 2023; Chen et al. 2021). With rich built-in knowledge
and in-context learning ability, LLMs are used for generating
task-level plans (Raman et al. 2022; Gao et al. 2024), action
selection (Ahn et al. 2022; Nasiriany et al. 2024), and process-
ing environmental or human feedback (Skreta et al. 2023).
To ground to the environment, recent studies have explored
using LLMs for programmatic plan generation (Singh et al.
2023), combining knowledge from external perception tools
(Liang et al. 2023; Huang et al. 2023), and value function
generation (Yu et al. 2023). While proven effective, those
methods are limited to small scale environments, and rely on
expert perception models to extract task-related states from
implicit spatial representation. In this work, we study using
pretrained LLMs to process the the global representation of
large environments with explicit structure.

Graph as the Scene Representation The scope of the solv-
able task is largely determined by the state representation.
Compare to sensory representation such as images or point
clouds, scene graphs are compact thus scalable to large envi-
ronments (Greve et al. 2024), structured to represent spatial
layout explicitly (Hughes, Chang, and Carlone 2022; Wu
et al. 2021), and efficient in representing diverse states of the
environment (Armeni et al. 2019). Therefore, they have been
used in various manipulation or navigation tasks (Ravichan-
dran et al. 2022; Zhu et al. 2021). In this paper, we exploit
these favorable features of the scene graph representation to
ground the reasoning process of LLMs to the environment.

LLMs for Reasoning on Graph Leveraging language
models to reason with graphs is a growing area. While prior
works trains to integrates graph and language knowledge (Ye
et al. 2023; Ni et al. 2023), recent study explores serializing
graph-structured data as prompts for pretrained LLMs (Wang
et al. 2023; Fatemi, Halcrow, and Perozzi 2024). This strat-
egy has been successfully used in knowledge-graph-enhanced
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LLMs reasoning (Sun et al. 2023; Luo et al. 2024) and scene-
graph-based robotic task planning (Gu et al. 2024). Closest to
our work, SayPlan (Rana et al. 2023) prompts scene graphs
to LLMs and designs a Retrieve-then-Reason framework
for robotic planning. However, its room-by-room retrieval
heuristic is only effective in the object search task. Instead,
we design the SG2 framework for general spatial reasoning
with scene graphs.

Method
Problem Statement
Our problem setting involves a natural language task instruc-
tion I and a scene graph G = (V,E), where V and E denote
vertices and edges, respectively. Each node Vi represents an
item with its attributes, such as coordinates or colors, while
each edge indicates a type of spatial relationship, such as
inside or on top of. Additionally, we assume access to the
scene graph schema S, which is a textual description of
types, formats, and the semantics of the graph vertices and
edges. Our objective is to generate the solution of I using
LLMs, based on the available information above, expressed
as A = f(I,G,S;LLMs).

Overview of SG2

We explore grounding the task solving to scene graphs
based on the scene graph schema S. We develop SG2, a
schema-guided multi-agent framework that iteratively rea-
sons through the next steps and retrieves the necessary infor-
mation from the graph. As shown in Figure 2, our method con-
tains two multi-agent modules: a Reasoner and a Retriever.
Both modules consist of two LLM agents: the Reasoner is
comprised of a Task Planner and a Tool Caller, whereas the
Retriever is comprised of a Code Writer and a Verifier. Given
a task, the Reasoner determines the next substep to approach
the task and identifies necessary scene graph information.
It then raises a natural language query to the Retriever for
this information. Upon receiving the query, the Retriever pro-
cesses the scene graph through code-writing and sends the
data back to Reasoner. By iteratively performing these steps,
both modules collaborate to solve the task. Prompted with
the schema S, both modules in our approach are NOT con-
textualized with the graph data G, which differs from prior
graph reasoning methods. Formally, at each time step t:

at, qt = Reasoner({a0, q0,G′
0}, {a1, q1,G′

1}, · · · ;S) (1)
ht = Retriever(qt;S) (2)

G′
t = ht(G) (3)

where a denotes the Reasoner’s internal analysis; q represents
queries for the graph information; h denotes the retrieval
program following the query; and G′ refers to the retrieved
information by executing the code on the scene graph G.

Importantly, our method differs from previous iterative
methods such as ReAct (Yao et al. 2022) in the following
ways: (1) Our method is conditioned on the schema input
instead of API annotations; (2) Our method programs to re-
trieve information instead of relying on provided APIs, which
is more flexible and efficient; (3) Our method, powered by

multi-agent designs, separates the reasoning the graph explo-
ration processes. As we show in the experiment section, these
designs improve the efficacy of our approach and robustness
against limited API capacity.

The remaining of the section describes the multi-agent
workflow as well as the roles of each agent.

Reasoner Module
The Task Planner is the central agent steering the task-
solving iterations based on the scene graph schema S. It
takes as input the task I and schema S and initiates the prob-
lem solving process. Initially, without any knowledge about
the graph data, Task Planner analyzes I and S , and sends out
the first associated query q0 to the Retriever. At the tth round
of conversation, it consumes past analyses, queries, and re-
trieved information, and then generates one of the three types
of responses, each of which is sent to a different recipient
agent: (1) QUERY: querying for more information from the
Retriever. This response is sent to the Retriever-side Code
Writer; (2) TOOL-CALL: calling a reasoning tool to process
collected information. This response is sent to Tool Caller;
(3) SOLUTION: generating the solution, which terminates
the task solving process. The TOOL-CALL invokes provided
reasoning tools to solve complex spatial sub-problems. This
is motivated by previous literature revealing the inability of
to reliably solve quantitative problems (Ahn et al. 2024). To
circumvent the deficiency, we follow prior work (Schick et al.
2024; Paranjape et al. 2023) to enable tool-use by providing
Task Planner with annotations of programmatic functions,
such as traverse_room for solving navigation problem in
Figure. 2, so that it is able to suggest suitable tools and corre-
sponding arguments to address atomic problems critical to
the given task family.

Concretely, we prompt Task Planner to generate the fol-
lowing outputs at each step:

Explanation: Summarize the reasoning process and justify
the generation of the current response.

Mode: The type of the current response.
Content: The detailed message in the current response, such

as the desired graph information for QUERY; tool name
and arguments for TOOL-CALL; or the final answer for
SOLUTION.

We filter out only the Content message for the recipient
agent, reducing the interference by the redundant reasoning
process behind the request. Few-shot examples are prompted
to Task Planner to enhance the performance in task solving
and enforce the output format.

The schema prompt S is critical by serving two purposes.
First, it leads the Task Planner to reason the task abstractly, re-
ducing hallucination due to task-irrelevant graph information
(Wang et al. 2023). What’s more, it streamlines the Reasoner-
Retriever collaboration by guiding the generation of query
message, ensuring that it is parsable by the Retriever.

The Tool Caller is prompted with the reasoning tool an-
notations, and is responsible for translating the tool-calling
messages from Task Planner into executable python programs.
We observe that Task Planner along might not be able to in-
voke tools with the correct format. Hence we split the burden
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1 and room 7:

[{id: 4, color: yellow’, 

is_locked: True, coordinate: 
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QUERY NOT
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# Iterate to find the doors …

room1_id, room2_id = 1, 7

for node in G.nodes:

if node['type'] == 'door':

neighbors = G.neighbors(node)

if room1_id in neighbors and 

room2_id in neighbors:

……       

[{id: 4,coordinate: [5, 3]},

color:‘yellow’,is_locked: True, ]

Figure 2: SG2 solves tasks on scene graphs through the iterative collaboration of two LLM-based multi-agent modules: the
Reasoner and the Retriever. The Scene Graph Schema lies at the core of the approach, guiding the Reasoner to break down the
problem and formula queries, and enabling the Retriever to generate code that efficiently processes the scene graph and fulfills
those queries. LLM agents are color coded.

and use a separate Tool Caller agent for formatting. While
other structured output techniques exist (Liu et al. 2024), we
find adding another agent to be most flexible and sufficient
for our application.

Retriever Module
The Code Writer processes the query q from Reasoner
and, conditioned on the graph schema prompt S, generates
the code h to process scene graphs programmatically. The
schema and the query language enable the Code Writer to
compose low-level APIs, introduce control-flow, and gen-
erally convert the natural language queries into executable
program to run on the scene graph. This code-writing strat-
egy offers significant advantages over traditional API-calling
methods. By enabling efficient graph traversal for query-
oriented information filtering, the irrelevant parts of the graph
never enter the retriever’s context window and so retrieved
information is well-aligned with the reasoning demands.

Following prior work (Chen et al. 2024), we incorporate a
self-debugging mechanism to address possibility that LLMs
may generate unexecutable code even with sufficient context.
Specifically, we iteratively re-prompt the past code-writing
attempts and execution errors back to Code Writer until suc-
cessful execution is achieved.

Even with error prevention mechanism, the final code ex-
ecution might not produce valid results for the query due
to multiple possibilities, such as missing result output or
scattered graph information output along the multiple code-
rewriting attempts. To mitigate the issue, we introduce the
Verifier agent to evaluate the code execution results. It takes
as input the information retrieval query as well as all past

code execution results, and determines if the query is ad-
dressed. If the query is deemed addressed, it prompts the
Code Writer to re-write the code. Otherwise, it summarizes
the result and sends it back to the Reasoner.

Note unlike the single-agent ReAct method, our multi-
agent pipeline naturally filters the context exploiting the con-
ditional independence structure inherent in the task solving
process. For example, Code Writer generates the program h
solely based on the query q without full reasoning history,
and the Task Planner receives only the retrieved graph data
G′ without being exposed to code generation and correction
details. This ensures that each agent operates strictly within
their designated responsibility, free from irrelevant distrac-
tions that could impair their response (Yoran et al. 2023).

Experimental Settings
We evaluate our method on a series of numerical Q&A
(NumQ&A) and planning tasks, which require both global
and local spatial reasoning, in the BabyAI (Chevalier-
Boisvert et al. 2018; Chevalier-Boisvert et al. 2023) and
VirtualHome (VH) (Puig et al. 2018) environments. For each
environment, we provide an unified scene graph schema con-
sistent across epoches with distinct scene graphs. Each task
requires reasoning on both the spatial structure and the seman-
tic information encoded in the graph. For evaluation metric,
we use the success rate, defined as the ratio of the trials
where the task solving is successful. The success is defined
as either providing the correct answer for the Q&A tasks or
achieving the desired outcome for the planning tasks. Note
that all experiments in this paper are conducted in the static
setting, where the tested methods generate solutions solely
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(a) “Pickup the red box”

(b) “Pickup the yellow box” (c) “Find the color of the ball in a room 
next to the room with 4 grey keys”

(d) “Put the soap in the bathroomcabinet”

Figure 3: Evaluation environments and tasks. (a) BabyAI Trv-1 task with single-side door obstacle; (b) BabyAI Trv-2 task with
double-side door obstacles; (c) BabyAI Numerical Q&A task; (d) Two VirtualHome household environments (left: VH-1; right:
VH-2) and an examplar task.

based on the initial scene graph without interacting with the
environment or modifying the graph.

Unless otherwise specified, we use GPT-4o as the back-
bone LLM for all methods. We implement SG2 with AutoGen
(Wu et al. 2023). For all methods, we set both temperature
and random seed to 0.

Baselines Following NLGraph (Wang et al. 2023), we
compare our approach with several direct graph prompt-
ing methods including: zero-shot prompting (ZERO-SHOT),
Zero-Shot Chain-of-Thought (0-COT) (Kojima et al. 2022),
Least-to-Most (LTM) (Zhou et al. 2022), Chain-of-Thought
(COT) (Wei et al. 2022), Build-a-Graph (BAG) (Wang et al.
2023), Algorithmic Prompting (ALGORITHM) (Wang et al.
2023). In addition to the few-shot examples, ALGORITHM
also requires a language description of the task solving
method. We also compare against SayPlan (Rana et al. 2023),
a retrieve-then-reason baseline specifically designed for the
scene graphs, and ReAct (Yao et al. 2022), a generic iter-
ative reasoning and acting approach that invokes database
APIs to aggregate information. Since SayPlan does not re-
lease the source code, we evaluate with our implementation
of the method. For ReAct, we curate a graph traversal tool
expand(nodeID) to retrieve attributes of a specified node
plus the IDs and attributes of all its neighbor nodes. We also
provide it with any reasoning tools available to SG2 depend-
ing on the task. We annotate few-shot examples involving
detailed task solving process for both SayPlan and ReAct
following their format.

Following subsections summarize the environment and
task designs.

2D Grid World Numerical Q&A
Our first experiment is on a numerical Q&A task in a cus-
tomized 9-room 2D BabyAI (Chevalier-Boisvert et al. 2018)
environment, as shown in Figure 3(c). We generate scene
graph representation of the environment following the hi-
erachical graph design from 3DSG (Armeni et al. 2019),
illustrated in Figure 4. Specifically, the graph represents the
spatial scene layout through three levels: root, rooms, and
objects, with additional door nodes connecting room pairs.

Figure 4: BabyAI Scene Graph Representation. Graph nodes
represent items, agents, rooms, and doors. Edges indicate
items or agents located inside a room, or doors that connect
rooms. Room nodes are connected to a root node.

Following SayPlan (Rana et al. 2023), we design the
following question template: find the color of the
{TARGET_OBJECT} in a room next to the room
with {NUM_IDENTIFIER} {COLOR_IDENTIFIER}
{IDENTIFIER_OBJECT}, where contents in curley brackets
are populated based on each environment instance. The
environment and question pairs are designed to ensure that
there is only one answer.

We test each method in 100 task instances. We manually
annotate the few-shot demonstrations for few-shot methods.
We also annotate the task solving process for SayPlan, ReAct,
and SG2 following their respective response formats.

2D Grid World Traversal Planning
We also test on the traversal planning in BabyAI, where the
task is to generate a sequence of node-centric actions to pick
up a target item. We design three atomic actions, including (1)
pickup(nodeID): Walk to and pickup an object by the node
ID; (2) remove(nodeID): Walk to and remove an object by
the node ID; (3) open(nodeID): Walk to and open a door
by the node ID.

As shown in Figure 3(a)(b), the traversal planning task
is tested in two related double-room environments, both of
which require the agent to pick up the key of the correct
color to unlock the door, remove any obstacle that blocks the

30336



door, open the door, and pick up the target. The difference
is that the first environment, dubbed Trv1, contains only the
agent-side obstacle, whereas the second environment, dubbed
Trv2, contains another target-side obstacle. We generate the
in-context examples only in Trv1 , and test if the methods
can extrapolate to Trv2. As before, we evaluate each method
in 100 times in different instance of both types of the envi-
ronment. For SG2 and ReAct, we provide the reasoning tool
traversal_room programmed based on the A∗ algorithm,
which identifies the item to remove in order to reach from an
initial to a desired location within the same room.

Household Task Planning
The last evaluation is in two VirtualHome (VH) (Puig et al.
2018) environments shown in Figure 3(d), denoted as VH-1
and VH-2, respectively. We use the built-in environmental
graph as the scene graph. Compared to BabyAI, VH environ-
ments have larger state space and action space, containing
115 object instances, 8 relationship types, and multiple ob-
ject properties and states. Hence, VH environments are more
challenging with richer information in the graphs. For each
environment, we adopt the 10 household tasks from Prog-
Prompt (Singh et al. 2023), such as "put the soap in
the bathroom cabinet", and query each method for the
action sequence in the VH action format to accomplish the
task. We use two of the tasks, together with the ground truth
actions, as the few-shot examples, and test with the other
eight. We follow CoELA (Zhang et al. 2024) to specify the
task as the desired states. For example, the task of above
is specified as soap INSIDE bathroomcabinet. Due to
the unavailability of reasoning process annotation behind the
solution, we do not include it in the few-shot prompt for SG2,
and do not test ReAct and SayPlan as they do not work well
without the demonstrations.

Results and Analysis
Experiment Results
Numerical Q&A Resutls The results are tabulated in Table
1. For baselines, few-shot CoT underperforms even compared
to the zero-shot counterpart 0-CoT, suggesting that few-shot
prompts do not show consistent effect in this task. We observe
that although LLMs can imitate the reasoning trace, solving
atomic spatial tasks, such as counting the item or locating the
neighboring rooms, is not straightforward for LLMs when
processing large graphs as text. On the other hand, ReAct
outperforms other graph prompting baselines by at least 19%,
showing the effectiveness of Reason-while-Retrieve strategy
in addressing the aforementioned issue. However, ReAct is
still limited by the API-based information retrieval, requiring
multiple calls for simple sub-problem such as "finding a room
with 4 green balls". In contrast, the program-based informa-
tion retrieval in our method is able to solve the sub-problem,
and the multi-agent framework ensures that the reasoning
is not misdirected by the long program generated by the
Retriever. Both factors attributes to the 12% performance
advantage of our method SG2 agains ReAct.

2D Traversal Results Table 1 also reports the success rate
in the traversal task. The few-shot prompts demonstrate more

advantage in this task, showing as CoT outperforms 0-CoT
by 4% and BAG achieving the best performance compared
to other graph prompting methods under the in-domain Trv-
1. However, the advantage does not extrapolate with slight
domain change. In Trv-2, those few-shot methods all under-
perform compared to zero-shot methods, with CoT, BAG,
and SayPlan even dropping to 0%. This again suggest that
graph prompting is not an effective solution for scene graph
reasoning. On the other hand, ReAct and our method again
show better capacity, achieving more than 20% lead in suc-
cess rate compared to other methods. While our method still
outperforms ReAct, the gap is small, with only 1% or 3%.

Household Task Planning Results The planning success
rate on the 8 tasks in the 2 VH environments are shown in Ta-
ble 2. We observe that all baselines consistently fail to address
the precondition of the planned action. For example, all of
them failed to generate [open] <garbagecan> (ID) be-
fore [putin] <plum> (ID) <garbagecan> (ID), for-
getting that the state of the garbage can is state:{CLOSED}
from the extensive graph input. On the other hand, SG2

doesn’t process the entire graph. Instead, it queries for the
specific object information, which helps to better determine
the action parameter and examine the action preconditions.

SG2 v.s. ReAct
Despite the same iterative Reason-while-Retrieve strategy,
our method differs from ReAct in program-based graph inter-
action, schema contextualization, and the multi-agent design
that separates reason and retrieve contexts. In this section, we
justify our designs through ablation on the following variants:

• ReAct-limit: This variant is the ReAct with weaker graph
traversal APIs. We weaken the expand(nodeID) API to
get_neighbors(nodeID) and get_attrs(nodeID),
which obtains only the IDs of neighbor nodes and at-
tributes of a specific node, respectively. In this way,
each function obtains less information, requiring more
API calls to aggregate information for reasoning. This
variant examines ReAct’s sensitivity to the API capac-
ity, which determines its compatibility with different
graph databases. In our case, the get_neighbors and
get_attrs are directly provided by the NetworkX li-
brary, whereas expand requires manual curation.

• SG2-limit: It is a variant of SG2 without programming-
based information retrieval. Instead, the Retriever is re-
designed as a ReAct-limit agent, relying only on graph
APIs of limited capacity. Differs ReAct-limit in keeping
the multi-agent design, this test verifies the efficacy of the
Reason-Retrieve separation without programming.

All variants are tested in BabyAI tasks.

Results The results are collected in Table 3. Compared to
ReAct, the performance of ReAct-limit drops significantly.
The success rates of all three tasks are lowered by more than
36% solely due to the breakdown of the API function. This re-
sult verifies the drawback of ReAct, which is its over-reliance
on the API quality. In the case where the information gathered
from APIs has larger semantic gap to the reasoning demand,

30337



Zero-Shot Few-Shot

Task ZeroShot 0-CoT LTM CoT BAG Alg SayPlan ReAct SG2

NumQ&A 29% 60% 52% 56% 49% 67% 35% 86% 98%
Trv-1 20% 50% 63% 54% 71% 45% 18% 94% 97%
Trv-2 13% 16% 20% 0% 0% 11% 0% 95% 96%

Table 1: BabyAI evaluation results. SG2 outperforms all baseline methods, showing efficacy of our design.

Method VH-1 VH-2
ZeroShot 7/8 6/8
0-CoT 7/8 6/8
LTM 7/8 5/8
CoT 7/8 6/8
BAG 7/8 5/8
SG2 8/8 8/8

Table 2: VirtualHome evaluation results. The number of ac-
compolished tasks out of 8. The superior performance of SG2

shows its practicality in realistic environments.

increased number of API calls are necessary. Without sepa-
rating the reasoning and retrieval history, the context for both
stages build up with more iteration steps, leading to higher
chance of hallucination. On the other hand, even with the
same set of graph APIs, SG2-limit still outperforms ReAct-
limit on all three tasks, with more 35% gap on both traversal
tasks. This validates the importance of distributing reasoning
and retrieval to multiple agents, which effectively filter the
context based on the functionality of each component.

Small Language Models Performance
We conduct studies on the choice of LLM backbone, espe-
cially of the open-source Small Language Models (SLMs).
Specifically, we test SG2, together with ZeroShot, 0-CoT,
LTM, CoT, BAG, Alg, and ReAct baselines, with Phi4-
14B (Abdin et al. 2024), Qwen3-14B (Yang et al. 2025a),
and DeepSeek-7B (Bi et al. 2024) models on the BabyAI
NumQ&A task. Each method is tested with 20 trials and the
success rate is collected.

Results The results are illustrated in the Figure. 5. The
performance of all baseline models drop significantly with
SLMs, with the best success rate being only 30% with the
Phi4-14B model and less than 20% with the Qwen3-14B or
deepseek-7B, suggesting the weak ability of SLMs to com-
prehend graph structure with textual inputs. On the other
hand, despite the equally poor performance of our method
with Qwen3-14B or deepseek-7B, SG2 achieves 60% suc-
cess rate with Phi-14B, which doubles compared to even
the best-performing baseline. This suggests that reasoning
abstractly with graph schema might be a simpler compared to
comprehending the entire textualized graph for SLMs, which
shows the potential of utilizing multi-agent and code-writing
in graph reasoning tasks.

Method Num Q&A Trv-1 Trv-2
ReAct-limit 40% 58% 11%
ReAct 86% 94% 95%
SG2-limit 47% 93% 70%
SG2 98% 97% 96%

Table 3: ReAct vs. SG2. SG2-limit outperforms ReAct-limit,
showing the benefit of multi-agent system. SG2 further im-
proves the performance, validating the design of graph pro-
cessing with schema-guided abstract programs.
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Figure 5: Small Language Models (SLMs) results in the
BabyAI NumQ&A task.

Conclusion

In this work, we propose SG2, a schema-guided, multi-agent
framework performs iterative reason-while-retrive on scene
graphs. The use of schema induces the idea of separating
logic from the data, allowing the Reasoner to perform task
planning abstractly, and the Retriever to write symbolic code
for accessing necessary data while filtering irrelevent infor-
mation. The multi-agent design facilitates the realization
of the above process, by separating the reason and retrieve
process along with their contextual inputs. Our experiments
show that our method achieves the best results on all tested
benchmarks. What’s more, we verify the efficacy of both
the schema-guided programming as well as the multi-agent
designs through ablation studies.

Future work could explore the flexibility of SG2 framework
to seamlessly integrate additional agents with new special-
ties, such as modality agent to process richer information.
Reasoning trace optimization could also be explored, as the
conversation rounds scale with task difficulty and agent num-
bers.
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