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Figure 1: Overview of the MomaGraph. Given a task instruction, MomaGraph constructs a task-
specific scene graph that highlights relevant objects and parts along with their spatial-functional
relationships, enabling the robot to perform spatial understanding and task planning.

ABSTRACT

Mobile manipulators in households must both navigate and manipulate. This
requires a compact, semantically rich scene representation that captures where
objects are, how they function, and which parts are actionable. Scene graphs
are a natural choice, yet prior work often separates spatial and functional re-
lations, treats scenes as static snapshots without object states or temporal up-
dates, and overlooks information most relevant for accomplishing the cur-
rent task. To address these limitations, we introduce MomaGraph, a uni-
fied scene representation for embodied agents that integrates spatial-functional
relationships and part-level interactive elements. However, advancing such
a representation requires both suitable data and rigorous evaluation, which
have been largely missing. We thus contribute MomaGraph-Scenes, the
first large-scale dataset of richly annotated, task-driven scene graphs in house-
hold environments, along with MomaGraph-Bench, a systematic evalua-
tion suite spanning six reasoning capabilities from high-level planning to fine-
grained scene understanding. Built upon this foundation, we further develop
MomaGraph-R1, a 7B vision–language model trained with reinforcement learn-
ing on MomaGraph-Scenes. MomaGraph-R1 predicts task-oriented scene
graphs and serves as a zero-shot task planner under a Graph-then-Plan framework.
Extensive experiments demonstrate that our model achieves state-of-the-art results
among open-source models, reaching 71.6% accuracy on the benchmark (+11.4%
over the best baseline), while generalizing across public benchmarks and transfer-
ring effectively to real-robot experiments.

∗ Equal Contribution, † Equal Advising
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1 INTRODUCTION

When mobile manipulators (Qiu et al., 2024; Honerkamp et al., 2024a; Wu et al., 2023; Zhang et al.,
2024a) enter household environments, they face the fundamental challenge of understanding how the
environment works, which objects are interactive, and how they can be used. In other words, such
robots must not only be capable of navigating through the home, but also manipulate objects within
it. While navigation requires modeling the overall spatial layout, manipulation demands capturing
more �ne-grained object affordances (Ju et al., 2024; Zhu et al., 2025). This naturally raises a central
question:What is the most effective, compact, and semantically rich representation of an indoor
scene?An intuitive answer is thescene graph, which organizes objects and their relationships in
a scene through a graph structure (Armeni et al., 2019; Koch et al., 2024a;b) and has shown great
potential in various downstream robotic applications (Rana et al., 2023; Werby et al., 2024; Ekpo
et al., 2024).

However, existing scene graphs suffer from notable limitations. (1) Their edges typically encode
only a single type of relationship, either spatial (Jatavallabhula et al., 2023; Gu et al., 2024a; Loo
et al., 2025; Hughes et al., 2024; Rosinol et al., 2021) or functional (Zhang et al., 2025; Dong
et al., 2021)(e.g., a remote controlling a TV, a knob adjusting parameters). Relying solely on spatial
relationships captures geometric layout but overlooks operability, while relying solely on functional
relationships ignores spatial constraints, leading to incomplete and less actionable structures. (2)
Most existing methods (Wu et al., 2021; Takmaz et al., 2025; Zhang et al., 2021) are limited to
static scenes and struggle to adapt to dynamic environments where object positions change or object
states change. (3) They lack task relevance, as they fail to emphasize information directly tied to
task execution, thereby reducing ef�ciency and effectiveness. In contrast, cognitive science research
(Uithol et al., 2021; Kondyli et al., 2020; Castanheira et al., 2025) shows that human perception
in new environments is both dynamic and task-oriented. Humans do not process all information
equally; instead, they �exibly adjust their attention according to the current task. This process is
similar to browsing a map on an iPad: people �rst take a broad view to roughly locate the area of
interest, and then zoom in to focus on the speci�c details needed for the task.

Motivated by these insights, we emphasize thatan ideal scene graph should integrate both spatial
and functional relationships, include �ne-grained object parts as nodes, making the represen-
tation compact, adaptive to dynamic changes, and highly aligned with task instructions, thus
providing a more concrete guidance for embodied perception and task planning.

To achieve this goal, we presentMomaGraph, a novel scene representation speci�cally designed for
embodied agents. It is the �rst to unify spatial and functional relationships while introducing part-
level interactive nodes, providing a more �ne-grained, compact, and task-relevant structured repre-
sentation than existing approaches. To support this representation, we buildMomaGraph-Scenes ,
the �rst dataset that jointly models spatial and functional relationships with part-level annotations,
encompassing multi-view observations, executed actions, and their interactive object parts, and task-
aligned scene graph annotations.

Building on this foundation, we proposeMomaGraph-R1, a 7B vision–language model
(VLM) trained with the DAPO (Yu et al., 2025) reinforcement learning algorithm on
MomaGraph-Scenes . We design a graph-alignment reward function to guide the model toward
constructing accurate, task-oriented scene graphs.MomaGraph-R1 not only predicts scene graphs
but also serves as a zero-shot task planner within aGraph-then-Planframework: the model �rst
generates a structured scene graph as an intermediate representation and then performs task plan-
ning based on this graph, signi�cantly improving reasoning effectiveness and interpretability.

Despite progress in task-graph planning (Agia et al., 2022), the community still lacks a uni�ed
benchmark to systematically evaluate whether and how task-oriented scene graphs improve plan-
ning performance. To address this gap, we introduceMomaGraph-Bench , a comprehensive eval-
uation suite that systematically assesses six key reasoning capabilities, spanning from high-level
task planning to �ne-grained scene understanding.

In summary, our work makes the following key contributions:

• We proposeMomaGraph, the �rst scene graph representation that jointly models spatial and
functional relationships while incorporating part-level interactive nodes, providing a compact,
dynamic, and task-aligned knowledge structure for embodied intelligence.
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• We constructMomaGraph-Scenes , the �rst large-scale dataset of richly annotated, task-driven
scene graphs in household environments, and buildMomaGraph-Bench , a uni�ed evaluation
suite that systematically measures the impact of scene graph representations on task planning
across six core reasoning capabilities.

• We developMomaGraph-R1, a 7B vision-language model that leverages reinforcement learn-
ing to optimize spatial–functional reasoning, enabling zero-shot planning in aGraph-then-Plan
paradigm.

• MomaGraph-R1 surpasses all open-source baseline models, delivering substantial gains across
public benchmarks and translating these improvements into strong generalization and effective-
ness in real-world robotic experiments.

2 RELATED WORKS

Scene Graphs for 3D Indoor Scene Understanding.Scene graphs have emerged as a structured
and hierarchical representation in autonomous driving (Zhang et al., 2024b; Greve et al., 2024),
robot manipulation (Jiang et al., 2024; Wang et al., 2025; Engelbracht et al., 2024; Jiang et al., 2025;
Maggio et al., 2024), and spatial intelligence (Yin et al., 2025; Zemskova & Yudin; Liang et al.,
2025a;b) community. They function not only as a means of scene representation but also as a criti-
cal bridge between spatial understanding (Cao et al., 2024; Yang et al., 2024; Gu et al., 2024b)and
action planning. We focus on the household scenes. However, existing works often focus on a sin-
gle type of scene graphs. For example, ConceptGraphs (Gu et al., 2024a) primarily model spatial
layouts, representing object instances and their geometric relations in an open-vocabulary manner.
While spatial graphs (Honerkamp et al., 2024b; Yan et al., 2025) provide useful geometric and se-
mantic grounding, they overlook how objects can functionally interact with one another. Conversely,
functional graphs (Li et al., 2021; Dong et al., 2021; Zhang et al., 2025) highlight object affordances
and control relations but do not capture the overall spatial structure. Relying solely on either spatial
or functional graphs leads to incomplete and less actionable representations. This motivates us to
build MomaGraph, which uni�es spatial and functional relationships, incorporates part-level nodes,
and explicitly models state changes, providing a more comprehensive foundation for task planning.

Zero-shot Embodied Task Planning with VLMs. VLMs (OpenAI, 2023; Team et al., 2025; Ahn
et al., 2022) have gained signi�cant attention in robotic task planning (Niu et al., 2024; Yue et al.,
2024; Lu et al., 2023; Liang et al., 2024; Guo et al., 2024) due to their powerful capabilities in
processing multimodal inputs, such as images and language instructions. However, when directly
used as task planners, VLMs (Huang et al., 2023; 2024; Ahn et al., 2022; Zheng et al., 2025a; Yang
et al., 2025) often suffer from sensitivity to visual noise and shallow semantic grounding; more
fundamentally, their lack of structured object–relationship representations necessitates extracting or
constructing more effective representations from the same visual inputs to support accurate and re-
liable high-level planning. Prior approaches such as SayPlan (Ahn et al., 2022) assume access to a
reliable 3D scene graph, which is often unrealistic in practice. To overcome this gap, we propose
the Graph-then-Planstrategy, which �rst generates task-speci�c scene graphs as an intermediate
structured representation before high-level planning. By explicitly modeling objects and their re-
lations, this approach signi�cantly improves the accuracy and robustness of task planning. Unlike
prior graph-then-plan methods (Dai et al., 2024; Ekpo et al., 2024) that either assume reliable scene
graphs or treat graph construction and planning as separate modules, our approach enables a single
VLM to jointly generate structured, task-oriented scene graphs and perform high-level planning.

3 PRELIMINARY FINDINGS AND MOTIVATION EXPERIMENTS

To ground our analysis, before the full evaluations we perform two motivating experiments on the
MomaGraph-Bench . These comparisons are designed to validate our motivation and design prin-
ciples, and to reveal why our proposed model is essential for embodied task planning. In this section,
we aim to answer the following questions.

3.1 ARE VLM S RELIABLE FOR DIRECT PLANNING WITHOUT SCENE GRAPHS?

To examine whether direct planning from visual inputs is reliable even for strong closed-source
VLMs, we design controlled evaluations on real-world household tasks such as“Open the window”
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Figure 2: Direct planning often fails even for strong closed-source models like GPT-5, producing
wrong actions or missing key steps, while ourGraph-then-Plan approach with structured scene
graphs enables accurate and complete task sequences aligned with ground truth.

and“Obtain clean boiled water”. In these scenarios, models must reason over functional relation-
ships, spatial constraints, and multi-step dependencies (e.g., plug-in before activation, �ltration be-
fore boiling). As shown in Fig. 2, despite their scale, closed-source VLMs like GPT-5 produce incor-
rect or incomplete plans, missing prerequisite steps, or misidentifying interaction types. In contrast,
ourGraph-then-Planapproach, which �rst generates a task-speci�c scene graph and then performs
planning, consistently produces correct and complete action sequences aligned with ground-truth
logic. This demonstrates that incorporating structured scene representations signi�cantly enhances
planning accuracy and robustness beyond what direct planning can achieve.

Preliminary Findings 1

• In contrast to directly relying on vision-language models for task planning from raw scene
images, ourGraph-then-Plan strategy—which incorporates task-oriented scene graph
generation as an intermediate structured representation prior to high-level planning, sub-
stantially improves both the accuracy and robustness of task planning.

3.2 ARE SINGLE-RELATIONSHIP GRAPHSADEQUATE FOREMBODIED AGENTS?

To ensure a fair comparison, we retrain our model using the same graph structure as inMomaGraph,
but constrain the edge types to encode only a single kind of relation—either spatial or functional.
This setup allows us to isolate the effect of relation types while keeping the graph topology consis-
tent, thereby directly examining whether single-relation representations are suf�cient for task plan-
ning. To ensure this �nding generalizes beyond one speci�c architecture, we evaluate this compari-
son across different base models using the same dataset and experimental con�gurations. As demon-
strated in Table 1, bothMomaGraph-R1(trained from Qwen-2.5-VL-7B) and LLaVA-Onevision
consistently show superior performance with uni�ed spatial-functional scene graphs compared to
single-relationship variants, supporting our hypothesis that integrated representations are essential
for effective embodied task planning. Detailed training methodology is described in the Sec. 4.2.

Table 1: Comparison betweenMomaGraph-R1and LLaVA variants across task tiers.

Models T1 T2 T3 T4 Overall Models T1 T2 T3 T4 Overall

MomaGraph-R1 (Spatial-only) 69.1 67.0 58.4 45.4 59.9 LLaVA-Onevision (Spatial-only) 63.4 56.7 59.7 36.3 54.0
MomaGraph-R1 (Functional-only) 71.4 65.8 63.6 59.0 64.9 LLaVA-Onevision (Functional-only) 65.1 61.7 55.8 45.4 57.0
MomaGraph-R1 (Uni�ed) 76.4 71.9 70.1 68.1 71.6 LLaVA-Onevision (Uni�ed) 68.6 62.9 67.5 56.5 66.0
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Preliminary Findings 2

• Graph representations that rely solely on spatial relationships or solely on functional re-
lationships are insuf�cient. For embodied agents,a uni�ed representation that jointly
models both spatial and functional relationshipsprovides a more complete and effective
foundation for perception and action.

4 METHOD

4.1 MOMAGRAPH DEFINITION

Given a single indoor room, the agent receives as input a set ofmulti-view imagesfI i gn
i =1 and a nat-

ural language instructionT . The objective is to construct aninstruction-conditioned, task-oriented
scene graphGT = ( NT ; ET

s ; ET
f ). Here,NT denotes the set of nodes representing objects relevant

to taskT . ET
s encodes thespatial relationshipsamong these nodes, andET

f captures theirfunctional
relationships. This task-oriented scene graph provides a minimal yet suf�cient structured represen-
tation that grounds the instructionT in the observed scene and facilitates downstream embodied
task planning. BothET

s andET
f are modeled as directed edges, pointing from thetriggering object

to theaffected object.

4.2 VLMS LEARN SCENE GRAPH REPRESENTATIONS WITHREINFORCEMENTLEARNING

Existing open-source VLMs have demonstrated limited capability in generating accurate task-
oriented scene graphsGT from multi-view observationsfI i gn

i =1 and natural language instructions
T . VLMs do not form structured spatial-functional representations or reason effectively about task-
relevant object relationships needed for embodied tasks. To go further, we want to know:Can
reinforcement learning teach VLMs to build more precise and task-relevant scene graph repre-
sentations withMomaGraph?

Reinforcement learning offers a more principled approach by encouraging the model to explore,
reason, and iteratively re�ne its representations through outcome-driven feedback. Rather than
replicating memorized patterns, RL enables models to discover effective strategies for construct-
ing task-relevant scene graphs through structured thinking and reasoning. We apply the DAPO (Yu
et al., 2025). The key innovation lies in our carefully designedgraph-based reward function
R(Gpred

T ; Ggt
T ), whereGpred

T andGgt
T denote the predicted and ground truth task-oriented scene graphs,

respectively, which evaluates how well predicted graphs embody these principles through three key
components.

Action type prediction. Given the task instructionT , we ensure correct prediction of the required
action type throughRaction = I [apred = agt], whereapred andagt denote the predicted and ground
truth action types, respectively.

Spatial-functional integration on edges. We jointly evaluate both spatial relationshipsET
s and

functional relationshipsET
f within each edge, whereET

predandET
gt represent the predicted and ground

truth edge sets:

Redges=
1

jET
gt j

X

ej 2E T
gt

max
ei 2E T

pred

Sedge(ei ; ej ) (1)

whereSedge(ei ; ej ) measures semantic similarity between edgesei andej based on their spatial and
functional relationship labels.

Node completeness.We compute intersection-over-union similarity for task-relevant objects inNT ,
whereN pred

T andN gt
T denote the predicted and ground truth sets of task-relevant nodes:Rnodes =

jN pred
T \N gt

T j

jN pred
T [N gt

T j
.

The �nal reward function integrates these task-oriented design principles with format validation
and length control, whereRformat ensures valid JSON structure andRlength penalizes overly verbose
outputs:

R(Gpred
T ; Ggt

T ) = wa � (Raction+ Redges+ Rnodes) + wf � Rformat + wl � Rlength (2)
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wherewa , wf , andwl are hyperparameters controlling the relative importance of each component.

This reward design directly implements our core insight: scene graphs must simultaneously capture
spatial layout (ET

s ) and functional relationships (ET
f ) while remaining tightly coupled to task re-

quirements (T ). With RL training onMomaGraph-Scenes , we developMomaGraph-R1, a 7B
vision-language model built on Qwen2.5-VL-7B-Instruct (Qwen, 2025), which learns to generate
compact, task-relevant representations that provide concrete guidance for embodied planning.

We demonstrate that RL signi�cantly enhances both the effectiveness and generalizability of open-
source VLMs for scene graph generation in the following section. This aligns with broader �ndings
that combining structured scene representations with reasoning consistently improves VLM scene
understanding. Critically,MomaGraph-R1 achieves robust performance across diverse environ-
ments and task con�gurations, enabling practical deployment in unseen embodied scenarios.

4.3 STATE-AWARE DYNAMIC SCENE GRAPH UPDATE

In realistic environments, multiple objects of the same category may coexist, and their task-related
correspondences are often initiallyuncertain. Take Figure 3 as an example, a kitchen stove may
have several knobs, but only one controls the burner required for the current cooking task. Simply
relying on visual appearance is insuf�cient to determine the correct functional relationship. In this
work, we do not focus on the agent's interaction policy; instead, our emphasis lies onhow to capture
and incorporate observed state changes in the environmentinto the scene graph to resolve such
ambiguities.

Figure 3: MomaGraph captures state changes
in the environment and dynamically updates the
task-speci�c scene graph accordingly, enabling
the graph to evolve as interactions occur and re-
�ecting updated spatial–functional relationships.

Formally, at time stept, the task-oriented scene
graph is represented as:

G( t )
T =

�
N ( t )

T ; ET ;( t )
s ; ET ;( t )

f

�
; (3)

where N ( t )
T denotes the set of task-relevant

candidate objects,ET ;( t )
s encodes their spatial

layout, andET ;( t )
f captureshypothesizedfunc-

tional relationships, which may initially include
one-to-many mappings.

After the agent executes an actionat and ob-
serves the new environment statest +1 , the
scene graph is re�ned as:

G( t +1)
T = U

�
G( t )

T ; at ; st +1

�
; (4)

where the update functionU(�) removes incon-
sistent hypotheses and strengthens con�rmed correspondences based on the observed state transi-
tion. As illustrated in Fig. 3, if rotating a speci�c knob ignites the burner while others have no
effect, the functional edge[control] between that knob and the burner is established, while
edges from other knobs are pruned. This process enables the scene graph to evolve from ambigu-
ous, one-to-many hypotheses into a compact,state-aware dynamic representationwith unique and
reliable object-to-object correspondences.

5 DATASET AND BENCHMARK

5.1 MOMAGRAPH-SCENESDATASET

Existing scene graph datasets for 3D indoor environments are often constrained to a single rela-
tionship: some focus exclusively onspatial layoutsof objects (Armeni et al., 2019; Koch et al.,
2024b), while others emphasizefunctional interactions(Dong et al., 2021; Zhang et al., 2025).
However, these scene graph representations that are restricted to a single relationship type are in-
suf�cient for embodied agents, as task execution in household environments requires reasoning
about bothwhere objects areand how they can be used. To address these limitations, we in-
troduceMomaGraph-Scenes , the �rst dataset designed to provide a more comprehensive and
task-relevant scene representation.MomaGraph-Scenes jointly encodesspatial relationships
andfunctional relationships, covering9 spatial relationship types and 6 functional relationship

6



Published as a conference paper at ICLR 2026

types, explicitly representing interactive elements such as handles and buttons. Our dataset con-
sists of approximately 1,050 task-oriented subgraphs and 6278 multi-view RGB images, collected
from a combination of manually collected real-world data, re-annotated existing datasets (Zhang
et al., 2025; Delitzas et al., 2024), and simulated environments built with AI2-THOR (Kolve et al.,
2017). These samples span more than350 diverse household scenesand encompass93 distinct
task instructions. Compared with prior datasets, our annotations are signi�cantly more detailed,
and capturing interaction semantics at both the object and part levels. This broad coverage en-
sures rich variability in scene layouts, object con�gurations, and interaction types, supporting robust
learning and evaluation of embodied reasoning.

5.1.1 DATASET ANNOTATION

Multi-View Observation. The multi-view images provided for each graph are not constrained to
always contain every relevant object within each single view. We also do not impose restrictions on
the number of viewpoints or their exact con�gurations. This �exible setup better re�ects realistic
perception conditions, where embodied agents must reason across partial and diverse observations
to build consistent scene graph representations.

Task Instruction. It is worth noting that the task instructions in our dataset do not explicitly mention
all the objects required to accomplish the task. Instead, they are expressed in simple and natural
forms (e.g., “Fill the bathtub”), where the relevant objects such as thebathtub, faucet, andbutton
must be inferred by the model. This design encourages the model to learn how to ground natural
instructions into the appropriate set of objects and relationships, rather than relying on object names
being explicitly stated.

Nodes. NT primarily consists of the objects necessary to accomplish the instruction. When the
task execution requires interacting with speci�c parts, the graph may additionally includepart-level
interactive elements(e.g., handles, knobs, or buttons). For example, for the instruction “Open the
fridge,” NT includes both thefridge and itshandle; for the instruction “Turn on the light,”NT
consists of theswitchand theceiling light.

Edges. Edges in the task-oriented scene graph capture bothfunctional and spatial relationships
between nodes.

• Functional Relationships. We de�ne a functional relationship as the ability of one object to
change the state of another object. In indoor environments, common tasks can be broadly cate-
gorized asParameter Adjustment, Device Control, Open/Close the Cabinet or Door, Water Flow
Control, Power Supply, and Assembly. Accordingly, we identify six major types:
[OPEN OR CLOSE], [ADJUST], [CONTROL], [ACTIVATE], [POWER BY], [PAIR WITH].
Notably, [PAIR WITH] does not alter the internal state of objects but instead modi�es their spatial
con�guration, which is essential for assembly tasks (Qi et al., 2025). Since such tasks are criti-
cal for robotic interaction and task planning, we explicitly include [PAIR WITH] as a functional
relationship. Through this de�nition, our dataset extends beyond physical and electronic interac-
tions to encompass �ne-grained reasoning about assembly and pairing, enhancing its utility for
downstream action execution and planning.

• Spatial Relationships.Capture geometric dependencies between objects and parts. The dataset
primarily annotates:
Directional: [LEFT OF], [RIGHT OF], [IN FRONT OF], [BEHIND], [HIGHER THAN],
[LOWER THAN].
Distance-based:[CLOSE], [FAR], [TOUCHING].
These annotations provide the rich context necessary for reasoning about layout, reachability, and
interaction feasibility.

5.2 MOMAGRAPH BENCHMARK AND EVALUATION

We introduceMomaGraph-Bench , the �rst benchmark that jointly evaluates �ne-grained scene
understanding and task planning abilities across diverse levels of dif�culty. Our design principle
for MomaGraph-Bench is to evaluate whether advances in scene understanding provide tangible
improvements in downstream task planning and reasoning. Our evaluation framework examines six
essential reasoning capabilities in four tiers of dif�culty levels: (1)Action Sequence Reasoning, (2)
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Figure 4: Examples of evaluation Multi-Choices VQA tasks in theMomaGraph-Bench . We show-
case example questions covering six core reasoning capabilities. Beyond these core capabilities, we
further design tasks onDynamic Veri�cationandLong-horizon Task Decompositionto evaluate tem-
poral reasoning and multi-steps planning.

Spatial Reasoning, (3)Object Affordance Reasoning, (4)Precondition & Effect Reasoning, (5)Goal
Decomposition, and (6)Visual Correspondence(with concrete examples shown in Fig. 4).

MomaGraph-Bench is formulated as a multi-choice VQA task which comprises 294 diverse in-
door scenes with 1,446 multi-view images, featuring 352 task-oriented scene graphs spanning 1,315
instances that range from simple step object manipulation(Tier 1) to complex multi-step replanning
(Tier 4) scenarios (detailed breakdown in Appendix A.4).MomaGraph-Bench offers the most
comprehensive assessment for embodied agents' capacity to generalize across tasks and scenarios.
To ensure that the evaluation truly re�ects generalization rather than memorization, all scenarios are
drawn from entirely unseen environments.

6 EXPERIMENTS

6.1 BENCHMARK EVALUATION FOR EMBODIED TASK PLANNING

We compare the performance of ourMomaGraph-R1 with other models across all task tiers in
MomaGraph-Bench to rigorously assess embodied planning, including state-of-the-art closed
source models (Claude-4.5-Sonnet, GPT-5, Gemini-2.5-Pro) and leading open source models (In-
structBLIP, LLaVA-V1.5, DeepSeek-VL2, InternVL2.5, LLaVA-OneVision, Qwen2.5). We further
examine whetherGraph-then-Planbrings performance gains by evaluating each model under two
controlled settings: (i)Direct Plan (w/o Graph): the model is directly evaluated on task planning
in MomaGraph-Bench using multi-view observations and instructions; (ii)Graph-then-Plan (w/
Graph): the model �rst generates a task-oriented scene graphGT , capturing nodes, spatial and func-
tional edges, and action types, and then performs task planning conditioned on the graph.

6.1.1 RESULT ANALYSIS.

The results in Table 2 yield several key insights:

(1) Effectiveness of Graph-then-Plan.Across all models, thew/ Graphsetting consistently outper-
forms thew/o Graphbaseline, demonstrating that explicitly structuring task-oriented scene graphs
provides a tangible bene�t for downstream planning. This validates our central hypothesis that dis-
entangling scene representation from action generation improves reasoning reliability.
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