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Abstract

Recent LLM-based embodied agents have ad-
vanced in high-level task planning. Yet, they
frequently suffer from hallucinations and brittle
reasoning due to passive observation—either
omitting fine-grained attributes or overwhelm-
ing the planner with irrelevant information. We
propose SCENEQUERYPLANNER, a memory-
environment dual-grounded agent that inte-
grates active information seeking into the plan-
ning loop by decomposing instructions and
selectively executing environmental interac-
tions or structured queries over a dynamic
3D scene graph to retrieve task-relevant in-
formation on demand. By treating informa-
tion acquisition as a first-class planning ac-
tion, our approach enables explicit verifica-
tion and supports reliable long-horizon rea-
soning over object attributes. For rigorous
evaluation, we introduce ATTPLAN-BENCH, a
benchmark of multi-room, long-horizon house-
hold tasks requiring attribute-aware reason-
ing. Experiments demonstrate that our dual-
grounding strategy outperforms passive base-
lines, yielding more stable and scalable rea-
soning across diverse tasks. Our code is avail-
able at https://github.com/Choi-JaeWoo/
SceneQueryPlanner

1 Introduction

Grounding natural language in physical environ-
ments has become one of the core challenges
in computational linguistics (Ichter et al., 2023;
Driess et al., 2023)—how do we enable systems
to bridge the gap between symbolic language ex-
pressions and executable actions? Consider the
instruction “Place the wooden items from the sink
into a box to prevent them from getting wet.” Suc-
cessfully executing this task requires more than
surface-level language understanding—it demands
semantic parsing of implicit constraints (material

*Equal contribution.
†Corresponding author.

properties, spatial relations), and structured reason-
ing over spatial and temporal dependencies.

Despite recent advances, current large language
model (LLM)-based agents face a crucial dilemma:
they either (1) process exhaustive descriptions of
all objects, relations, and hierarchies—leading to
context dilution, computational inefficiency, and
increased hallucination risk (Liu et al., 2024)—or
(2) rely on passive retrieval mechanisms that pro-
vide fragmented knowledge (Rana et al., 2023;
Honerkamp et al., 2024)—potentially reasoning
over incomplete or irrelevant information. Rather
than meticulously seeking the specific information
to resolve ambiguities or verify constraints, these
systems make decisions within constrained con-
texts. Furthermore, conventional benchmarks pro-
vide only flat lists of detected objects, thereby lack-
ing the fine-grained attribute information needed
for nuanced semantic decisions.

We formulate active information-seeking, in
which agents dynamically populate knowledge
through environmental interaction and strategically
extract information—treating knowledge acquisi-
tion as a first-class action and learning when and
what to query. Human intelligence is inherently ac-
tive and goal-directed (Gibson, 1966): rather than
passively absorbing all information, we strategi-
cally seek specific details to resolve ambiguities
and verify assumptions. Inspired by this cogni-
tive principle, we propose SCENEQUERYPLAN-
NER, a memory-environment dual-grounded agent
unifying reasoning, acting, and structured memory
querying within a single policy, grounding each
step in verified facts (Fig. 1).

Specifically, SCENEQUERYPLANNER com-
bines two complementary grounding mechanisms.
Through environment grounding, the planner ob-
tains partial observations for immediate context
and local scene graph fragments and dynamically
updates a hierarchical 3D scene graph (3DSG)
memory. Through memory grounding, it actively
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“Put the wooden object near the dish sponge onto the 

shelf to prevent it from getting wet.”

“I need to find and pick up the wooden object near the 

dish sponge, find the shelf, and put it down. First, I 
need to find dish sponge.”

Think

“go to sink 1”

Act

“You moved to the sink (1). You see shelf (1), faucet 

(1), cup (1, 2), dish sponge (1), pencil (1), pot (3).”

Observation

“Dish sponge 1 is on the sink 1. Now, I need to check 

what is near dish sponge 1.”

Think

“get_edges_for_node({‘node_id’: ‘dish sponge 1’})”

Query

“[(‘dish sponge 1’, ‘sink 1’, ‘ON’), (‘dish sponge 1’, ‘cup 

1’, ‘CLOSE’), (‘dish sponge 1’, ‘pencil 1’, ‘CLOSE’), …

Memory-Grounding

Information

“read_node({‘node_id’: ‘cup 1’})”

Query

“{‘materials’: ‘plastic’, ‘properties’: ‘pickupable’, … }”

Information

“read_node({‘node_id’: ‘pencil 1’})”

Query

“{‘materials’: ‘wood’, ‘properties’: ‘pickupable’, … }”

“The wooden object near the dish sponge 1 is 

pencil 1. Now, I need to pick it up.”

Think
…

“I picked up pencil 1. Now, I need to find the shelf 

to put down pencil 1.”

Think

“find_objects({‘label’: ‘shelf’})”

Query

Information

“{‘id’: ‘shelf 1’, ‘node_type’: ‘asset’, ‘room’: 

‘kitchen 1’, ‘properties’: … }”

Act

“go to kitchen 1”

…

Figure 1: Overview of SCENEQUERYPLANNER. SCENEQUERYPLANNER maintains a dynamic 3D scene graph as
a memory and actively issues structured queries for relevant information retrieval.

formulates structured queries to extract targeted
information—specific objects, spatial relations,
or fine-grained attributes required for the current
step—rather than passively consuming serialized
memory. This selective retrieval enables attribute-
aware reasoning and mitigates hallucinations from
unverified assumptions, while each query serves as
an interpretable semantic bridge between language
and structured knowledge.

Another key contribution of our work is
ATTPLAN-BENCH: a comprehensive benchmark
designed to evaluate structured language under-
standing in complex, multi-room environments
where success requires (1) parsing instructions with
implicit attribute and relational constraints, (2) ac-
tive knowledge seeking across hierarchical scene
representations, and (3) dynamic re-planning in re-
sponse to environmental changes. Compared to re-
cent benchmarks that scale to multi-room environ-
ments but remain largely centered on transporting
items with object-centric instructions, ATTPLAN-
BENCH extends long-horizon household tasks with
richer state transitions (ATTPLAN-BASE) and, criti-
cally, introduces attribute-centric tasks where goals
are specified through object properties such as ma-
terial and spatial proximity (ATTPLAN-ATTR).

In summary, our contributions are as follows:
• We propose SCENEQUERYPLANNER, which ele-

vates information acquisition to a first-class plan-
ning action, enabling the agent to learn when and
what to verify from task experience.

• We introduce ATTPLAN-BENCH: ATTPLAN-
BASE for long-horizon household tasks and

ATTPLAN-ATTR for attribute-centric tasks.
• Experiments show state-of-the-art results on both

ATTPLAN-BENCH and the external WAH-NL
benchmark. We publicly release our code and
benchmark.1

2 Related Work

LLM and VLM-based Embodied Agents. Con-
temporary embodied agents increasingly lever-
age LLMs for high-level planning from language
instructions, employing strategies such as affor-
dance filtering (Ichter et al., 2023), feedback loops
(Huang et al., 2023), self-refinement (Shinn et al.,
2023; Sun et al., 2023), tree-based search (Hao
et al., 2023; Zhao et al., 2023; Choi et al., 2026),
and trajectory learning (Xiong et al., 2024; Qiao
et al., 2024). However, these planners predom-
inantly rely on passive observations—typically
flat object lists from detectors—that lack the fine-
grained attribute information (e.g., material, state)
required for complex tasks. While vision-language
model (VLM) agents process visual inputs directly,
they often exhibit weaker long-horizon reasoning
compared to LLM agents (Su et al., 2024; Yang
et al., 2025).
LLM Agents with External Memory. To ground
LLM agents in household environments, 3DSG-
based memory systems are increasingly adopted
(Kim et al., 2020; Hughes et al., 2022; Gu et al.,
2024; Yan et al., 2025). SAYPLAN (Rana et al.,
2023) conducts semantic search over a pre-built

1https://github.com/Choi-JaeWoo/SceneQueryPlanner
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static 3DSG to extract task-relevant subgraphs,
while MOMA-LLM (Honerkamp et al., 2024)
maintains dynamic graphs but inserts rule-based
textual descriptions into the prompt. However,
these methods passively serialize memory contents
into prompts, potentially including task-relevant
attributes but burying them among irrelevant de-
tails rather than selectively retrieving what the cur-
rent step requires. Recent approaches further se-
lect task-relevant information via embedding-based
subgraph retrieval (Booker et al., 2024) or LLM-
based filtering of irrelevant objects (Mohammadi
et al., 2025). In both cases, however, these op-
erations occur outside the planner’s action space,
and the planner passively consumes the result. In
NLP, knowledge graph reasoning (Sun et al., 2024;
Jiang et al., 2023) has shown that LLMs can ac-
tively navigate graphs to extract precise informa-
tion. SCENEQUERYPLANNER adapts this query-
driven paradigm to embodied agents, enabling
structured queries over a dynamic 3DSG to actively
retrieve task-relevant facts from evolving environ-
ments on demand.
Benchmarks for Embodied Agents. Embodied
benchmarks have evolved from early instruction-
following datasets (Shridhar et al., 2020; Puig et al.,
2021) to large-scale multi-room environments, ex-
panding task diversity and realism (Li et al., 2023;
Choi et al., 2024; Chang et al., 2025). However,
even with large-scale procedural environments
such as ProcTHOR (Deitke et al., 2022), existing
benchmarks rarely require fine-grained attribute
reasoning (e.g., material, state) combined with
dynamic information acquisition in long-horizon
tasks. Our ATTPLAN-BENCH addresses this limita-
tion by introducing multi-room tasks that explicitly
demand dynamic, attribute-centric reasoning.

3 SCENEQUERYPLANNER

3.1 Problem Formulation

We consider an embodied agent that follows a
natural-language instruction g (e.g., “prepare break-
fast using only ripe fruit and clean dishes”) in a
partially observable environment E . To enable
grounded planning, we define the agent’s action
space as A = Aenv ∪ Area ∪ Aqry: physical en-
vironmental actions (Aenv), internal reasoning ac-
tions (Area), and active memory querying actions
(Aqry). At each time step t, the agent selects an
action at ∈ A conditioned on the decision history
ht = (o1, a1, o2, . . . , at−1, ot). Each observation

ot represents the textual information obtained after
executing the preceding action, derived from either
environmental perception or memory retrieval.

3.2 Dynamic 3D Scene Graph Memory
To support context-aware and attribute-related rea-
soning, the agent maintains a structured working
memory in the form of a dynamic hierarchical
3DSG (Kim et al., 2020; Xu et al., 2025). At time
t, memory is a global graph Gt = (Nt, Et), where
nodes Nt and edges Et encode accumulated envi-
ronmental knowledge. The graph evolves over time
and is maintained as a queryable belief state.
Hierarchy & Attributes. We adopt a three-layer
hierarchy following Rana et al. (2023): object
nodes N 1

t (e.g., mug, apple), asset nodes N 2
t (e.g.,

countertop, fridge), and room nodes N 3
t (e.g.,

kitchen, bedroom). Each node n ∈ Nt stores
fine-grained attributes such as semantic label, type,
dynamic state (e.g., CLEAN, OPEN), and 3D posi-
tion. Edges e ∈ Et represent spatial relations
from ni to nj as ordered triplets (ni, nj , r), where
r ∈ {INSIDE, ON, CLOSE}.
Dynamic Update. Unlike static approaches,
our memory evolves via incremental fusion—
reasoning and querying operate over the most re-
cent representation of the environment. At each
time step t, a newly perceived local scene graph
o

graph
t+1 is merged into the global belief state Gt

through an update operator (Honerkamp et al.,
2024): Gt+1 = Update(Gt, o

graph
t+1 ). This mech-

anism supports not only adding newly discovered
nodes but also updating attributes of existing nodes
(e.g., CLEAN → DIRTY) to reflect environmental
changes (see Appendix G for full details).

3.3 The SCENEQUERYPLANNER Framework
Our approach is a dual-grounded decision-making
loop that interleaves reasoning, environment inter-
action, and memory retrieval (Fig. 1). At each step
t, the agent samples an action at ∼ π(· | g, ht)
from an expanded action space A = Area ∪Aenv ∪
Aqry, explicitly modeling information acquisition
as part of the policy and enabling the agent to de-
cide both what to do and what it needs to know,
in contrast to prior agents that passively consume
observations or static memory.
Reasoning (Area) generates free-form thoughts to
decompose goals or analyze current states (e.g., “I
need to check if the apple is sliced”). This step en-
ables the agent to plan logically before committing
to physical or querying actions—explicitly formu-
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lating hypotheses that can later be verified through
grounding actions.
Environment Grounding (Aenv) executes phys-
ical actions, after which the perception module
converts raw sensory inputs into two modalities:
a textual observation otext

t+1 appended to the history
ht+1 for immediate context, and a local scene graph
o

graph
t+1 fused into the global memory to maintain an

up-to-date world model. This continual ground-
ing prevents drift inherent in purely prompt-based
agents without feedback.
Memory Grounding (Aqry) actively formulates
structured queries to retrieve task-relevant infor-
mation from Gt (Sec. 3.4). This action acquires
missing attributes or relations required for reason-
ing. Retrieved information is returned as a textual
answer oanswer

t+1 and appended to the decision his-
tory, grounding decisions in verified facts rather
than in implicit context. Unlike prior approaches
that serialize memory into prompts for passive con-
sumption, our framework enables selective prob-
ing of structured memory along hierarchical, rela-
tional, and attribute axes—integrating information
retrieval directly into planning.

Taken together, the three action modes estab-
lish a new planning paradigm in which reasoning,
acting, and information seeking are jointly opti-
mized. By explicitly modeling knowledge acquisi-
tion, SCENEQUERYPLANNER mitigates the risk of
irreversible decisions based on unverified assump-
tions—a critical limitation of passive LLM agents.

3.4 Active Structured Querying
To support memory grounding and address the at-
tribute blindness of standard LLM agents, we de-
sign a lightweight structured query interface that
enables the agent to actively retrieve and verify spe-
cific facts from the global memory Gt, rather than
relying on passive retrieval of broad subgraphs.

Each node n ∈ Nt is represented as an attribute
dictionary and identified by a unique node_id (e.g.,
fridge 1), while each edge e ∈ Et is encoded as a
tuple (e.g., (bowl 1, desk 1, ON)). The interface
provides the following functions:
• find_objects(predicate): Retrieves a list

of node dictionaries given predicate (e.g,
find_objects({‘label’: ‘mug’, ‘state’:
‘clean’}) returns all clean mugs)—enabling the
agent to identify specific targets or filter candi-
dates using fine-grained attributes beyond flat
object lists.

• get_child_nodes(node_id): Returns a list of

node dictionaries corresponding to the children
of the specified node in the hierarchy. This allows
the agent to inspect the detailed contents of a
container or room (e.g., objects inside fridge 1).

• get_edges_for_node(node_id): Returns a
list of edges adjacent to the target node,
(e.g., (bread 1, countertop 1, ON)), enabling
the agent to inspect spatial relations such as con-
tainment or proximity for relational reasoning.

• read_node(node_id): Returns the full attribute
dictionary of a node. This is used to inspect
detailed properties such as checking if a device
is toggled on or off.

In contrast to passive memory retrieval, our
interface enables information selection and
compositional reasoning along orthogonal axes:
hierarchical (get_child_nodes), relational
(get_edges_for_node), and attribute-level
(read_node).
Query Execution & Feedback Loop. By com-
posing these primitives, SCENEQUERYPLANNER

issues structured queries to retrieve task-relevant
information, where a query action at ∈ Aqry reads
from Gt and returns a textual answer oanswer

t+1 ap-
pended to the history ht+1. While inspired by
Knowledge-Graph-augmented LLMs (Jiang et al.,
2023; Chen et al., 2024), our approach differs fun-
damentally: queries operate over a dynamic, par-
tially observed world model rather than a knowl-
edge graph. This distinction enables a continuous
feedback loop where the agent tests hypotheses
against the evolving environment state, enforcing a
verification-first paradigm that prevents cascading
errors from unverified assumptions.

3.5 Learning Active Information Seeking
The expanded action space defines what the agent
can do; we now describe how it acquires effec-
tive information-seeking strategies from task ex-
perience. We first bootstrap a pool of success-
ful planning trajectories from a training set: start-
ing from a small set of human-collected seeds,
we run the planner on the training split and re-
tain only trajectories that fully complete the task
(Appendix A.2). At each step t, the agent con-
structs a prompt by concatenating: (1) a system
prompt Psys defining the action space A and query
grammar (Appendix A.1); (2) few-shot examples
Pex retrieved from the pool via semantic similar-
ity (Reimers and Gurevych, 2019) (Appendix A.3);
(3) the instruction g; and (4) the current history
ht. The next action is sampled from the language
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model as: at ∼ pLLM(· | Psys, Pex, g, ht). By
conditioning on trajectories that demonstrate suc-
cessful query patterns for similar tasks, the agent
transfers information-seeking strategies—when to
verify and what to query—to novel instructions.

The same trajectory pool also serves as super-
vised data for LoRA fine-tuning (Hu et al., 2022),
which optimizes a next-action prediction objective
while masking instruction and observation tokens
so that all action types—reasoning, acting, and
querying—contribute to the loss (Appendix C),
yielding further gains over ICL (Sec. 5.3). ICL is
used as the default setting unless otherwise noted.

4 ATTPLAN-BENCH

We introduce ATTPLAN-BENCH, a benchmark for
evaluating goal-driven and attribute-aware embod-
ied planning in realistic household environments.
Built on ProcTHOR-10K (Deitke et al., 2022) and
AI2-THOR (Kolve et al., 2017), it leverages a rich
action space and detailed object-attribute annota-
tions to support both standard and attribute-centric
household tasks involving spatial relations, mate-
rial semantics, and affordances. The benchmark
comprises two complementary subsets: ATTPLAN-
BASE, which extends ALFRED-style tasks (Shrid-
har et al., 2020) into long-horizon multi-room set-
tings, and ATTPLAN-ATTR, which focuses on in-
structions requiring attribute-aware reasoning.

4.1 Dataset Generation Pipeline

We construct a large-scale dataset using a
semi-automated, LLM-guided generation pipeline
(Chang et al., 2025) (Fig. 2) using the LLaMA
3.3 70B instruction-tuned model (Grattafiori et al.,
2024). Our pipeline has four stages: (1) task type
definition, (2) executable task generation, (3) in-
struction paraphrasing, and (4) task goal genera-
tion.
Task type definition. We define ten task types
covering diverse household activities. Using de-
tailed scene specifications (room layouts, object in-
stances, receptacles, and attribute annotations), we
prompt an LLM to generate candidate instructions
from the 1,000 environments in the ProcTHOR-
10K test split. Human annotators then cluster these
instructions into ten ALFRED-style task types
spanning varying levels of difficulty, from simple
object relocation to tasks involving state transitions
(e.g., heating) and sequential dependencies. These
task types constitute the basis of both ATTPLAN-

“ Turn on the (light_source) 
while holding a (object). ”

Task Type: 
Examine in Light

Task type definition

Instruction Template

“ Turn on the desk lamp 
while holding a book. ”

Executable task generation

“ Turn on the desk lamp 
while holding a book. ”

“ Examine the book under 
the light of the desk lamp. ”
“ Hold a book and illuminate 

it with desk lamp. ”
“ View the book by turning 

on the desk lamp. ”

Instruction paraphrasing

“ Illuminate the paper 
object using nearby light 

to check its contents. ”

Attribute-centric task

“ isPickedUp_book ”: 1
“ visible_desklamp ”: 1
“ isToggled_desklamp ”: 1

Task goal generation

Environment informations

: LLM : Human

Figure 2: Dataset generation pipeline. We construct the
dataset via a semi-automated, LLM-powered pipeline.

BASE and ATTPLAN-ATTR, enabling systematic
evaluation across different planning complexities.
Additional descriptions, examples, and prompts are
provided in Appendix B.
Executable task generation. For each task type,
we specify a natural language instruction template
and provide the LLM with environment-specific
context to generate grounded, executable instruc-
tions (e.g., template: “Collect (a/an) (two or three
objects) and place them (on/in) the (receptacle)”
→ instance: “Collect a laptop and a credit card
and place them on the armchair.”). The authors cu-
rate all generated instructions without external an-
notators to ensure clarity, feasibility, and attribute-
constraint alignment. Executability is guaranteed
via an automated oracle check: every task gets
simulated in AI2-THOR, and any instance found
to be physically inconsistent or infeasible is dis-
carded. We retain 100 valid instructions per task
type, yielding 1,000 task instructions.
Instruction paraphrasing. To ensure linguistic
diversity, we paraphrase each instruction into three
additional variants using the LLM, resulting in four
semantically equivalent but lexically diverse ver-
sions. During evaluation, one variant is selected at
random to prevent overfitting to fixed syntax.
Task goal generation. Finally, we derive a struc-
tured goal representation for each instruction to
enable automatic evaluation. For example, the
instruction “Make a mug of coffee and cook a
potato and an egg, then place everything on
the dining table,” is converted into a goal state
{‘isCooked_potato’:1, ‘isCooked_egg’:1,
...} that explicitly encodes the desired object
states and spatial arrangements, allowing consistent
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Dataset Planner LLaMA 3.1 8B LLaMA 3.1 70B Qwen 2.5 7B Qwen 2.5 72B
TSR (%) SSR (%) TSR (%) SSR (%) TSR (%) SSR (%) TSR (%) SSR (%)

WAH-NL

ReAct 5.00 21.22 23.00 42.77 7.00 23.63 21.00 39.37
SayPlan 2.00 11.10 5.00 13.18 4.00 10.12 19.00 30.55
MoMa-LLM 0.00 9.73 6.00 22.88 2.00 12.02 8.00 31.00
SceneQueryPlanner 10.00 29.88 26.00 44.60 11.00 26.90 29.00 45.73

AttPlan-Base

ReAct 34.60 47.74 50.80 59.79 35.20 47.39 52.00 62.33
SayPlan 38.00 49.68 51.20 59.10 26.80 36.82 19.80 26.02
MoMa-LLM 17.60 32.77 30.40 47.16 13.40 28.79 30.00 46.77
SceneQueryPlanner 46.60 57.23 62.20 70.14 44.80 57.57 65.40 72.62

AttPlan-Attr

ReAct 38.80 44.51 46.80 52.24 28.80 35.33 44.00 48.99
SayPlan 16.40 22.75 18.00 25.78 7.20 12.35 5.60 9.00
MoMa-LLM 20.80 25.97 37.20 46.41 15.60 22.22 32.00 41.29
SceneQueryPlanner 54.40 61.45 69.60 74.55 49.60 56.00 68.00 73.65

Table 1: Performance on WAH-NL and ATTPLAN-BENCH. TSR denotes Task Success Rate, and SSR denotes
Subgoal Success Rate. The best and second-best results are highlighted in bold and underlined, respectively.

evaluation across planners.
Dataset Split. We split the dataset into 500 training
and 500 testing examples. The training set is used
for bootstrapped in-context learning or fine-tuning,
while the testing set is reserved for evaluation.

4.2 Attribute-Centric Task

In the real world, users often specify goals using
attributes such as spatial relations, materials, or af-
fordances rather than object categories alone, e.g.,

“Place the glass cup next to the bread” or “Move
the wooden items near the sink into the box to
keep them dry”—requiring attribute-aware reason-
ing beyond object-centric commands. However,
most existing benchmarks (Shridhar et al., 2020;
Puig et al., 2021; Choi et al., 2024) primarily fo-
cus on object-centric instructions, overlooking such
attribute-aware reasoning.

To address this gap, we construct ATTPLAN-
ATTR by augmenting instructions from ATTPLAN-
BASE. Given an original instruction (e.g., “Put the
pen in the box”) and object attributes (e.g., pen:
{material: wood, parent: sink}), an LLM
rewrites it into an attribute-aware form (e.g., “Put
the wooden object on the sink into the box.”). After
filtering unnatural or infeasible generations, we
curate 500 instructions with a 250/250 train/test
split to explicitly evaluate attribute grounding and
relational reasoning.

5 Experiments

5.1 Experimental Settings

Environment and datasets. We evaluate SCENE-
QUERYPLANNER on two complementary bench-
marks: WAH-NL (Puig et al., 2021; Choi et al.,

2024) and our ATTPLAN-BENCH. WAH-NL fo-
cuses on multi-room, long-horizon tasks dominated
by simple Pick & Place operations, where success
mainly depends on object localization and trans-
port. In contrast, ATTPLAN-BENCH supports a
richer action space and explicitly requires attribute-
and relation-conditioned reasoning with multi-step
state transitions (e.g., heating, cleaning, toggling)—
reflecting real-world household tasks.
Metrics. We report Task Success Rate (TSR) and
Subgoal Success Rate (SSR); TSR compares the
final state with the goal condition, and SSR mea-
sures the ratio of successfully completed subgoals.
Further, we measure the average number of deci-
sion steps per task (Steps), average input/output
tokens per step (I/O Tokens), and total execution
time (Time) to assess computational cost.
Baselines. We compare SCENEQUERYPLANNER

against three representative approaches: (1) RE-
ACT (Yao et al., 2023) relies solely on textual
observations without external memory; (2) SAY-
PLAN (Rana et al., 2023) uses a static full 3DSG
and performs semantic search to retrieve task-
relevant subgraphs; and (3) MOMA-LLM (Hon-
erkamp et al., 2024) maintains a dynamic 3DSG
but passively translates graph states into structured
textual observations via rule-bases.
LLM Backbones. We evaluate all planners with
LLaMA 3.1 (8B, 70B) (Grattafiori et al., 2024) and
Qwen 2.5 (7B, 72B) (Yang et al., 2024), covering
two model families at both small and large scales.

5.2 Main Results

Active Querying Outperforms Both Pure Ob-
servation and Passive Memory: Table 1 shows
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Query:  read_node({‘node_id’: 
‘pencil 1’})
Info:  {‘id’: ‘pencil 1’, ‘materials’: 
[‘wood’], ‘properties’: 
[‘pickupable’], ‘states’: []}

Think:  On desk 1, the item 
made of wood is pencil 1.
Now, I need to pick it up.

Query:  read_node({‘node_id’: 
‘bowl 1’})
Info:  {‘id’: ‘bowl 1’, ‘materials’: 
[‘ceramic’], ‘properties’: 
[‘canFillWithLiquid’, ‘breakable’, 
‘pickupable’], ‘states’: []}

Query:  read_node({‘node_id’: 
‘house plant 1’})
Info:  {‘id’: ‘house plant 1’, 
‘materials’: [‘ceramic’, ‘organic’], 
‘properties’: [‘canFillWithLiquid’], 
‘states’: []}Think:  Bowl 1, house plant 1, pencil 1, 

mug 1, and alarm clock 1 are on desk 1. 
Now, I need to check each object to find 
the item made of wood.

Act:  go to desk 1
Obs:  You arrive at the desk (1). 
You see bowl (1), house plant (1), pencil 
(1), mug (1), alarm clock (1) on desk (1).

Environment-Grounding

Instruction:  To prevent it from getting broken, place the wooden item from the desk into a box and put that box on the bed.
 Init  go to bedroom 1  go to desk 1  go to pencil 1  pick up pencil 1  go to box 1  open box 1  put down pencil 1  pick up box 1  go to bed 1  put down box 1

Memory-Grounding

< SceneQueryPlanner >

Memory-GroundingMemory-Grounding

Figure 3: Step-by-step trajectory of SCENEQUERYPLANNER on the ATTPLAN-ATTR task using LLaMA 3.1 70B.

SCENEQUERYPLANNER consistently achieves the
highest TSR and SSR across all benchmarks
and model scales. SAYPLAN and MOMA-LLM,
despite accessing the same 3DSG as SCENE-
QUERYPLANNER, frequently underperform RE-
ACT, which uses no external memory at all—for
instance, on ATTPLAN-ATTR with LLaMA 3.1
70B, REACT achieves 46.80% TSR while SAY-
PLAN and MOMA-LLM reach only 18.00% and
37.20%, respectively. In contrast, SCENEQUERY-
PLANNER attains 69.60%, substantially outper-
forming all baselines. This indicates that access to
structured memory is insufficient; indiscriminate
consumption can even hurt by introducing irrele-
vant context. What matters is not whether the agent
can access information, but whether it retrieves
precisely what the current planning step requires.

SCENEQUERYPLANNER Achieves the Strongest
Cross-Dataset Stability: SCENEQUERYPLAN-
NER remains robust across datasets, whereas base-
lines suffer marked performance degradation under
distribution shifts. For instance, SAYPLAN attains
competitive results on ATTPLAN-BASE yet fails on
WAH-NL despite using a large model. In contrast,
SCENEQUERYPLANNER maintains stable, top-tier
performance on both ATTPLAN-BENCH and exter-
nal WAH-NL. We attribute this stability to active
querying addressing different bottlenecks in each
setting: in WAH-NL, it mitigates errors from long
interaction histories; in ATTPLAN-BASE, it sup-
ports multi-step state tracking; and in ATTPLAN-
ATTR, it enables fine-grained attribute verification.

Qualitative Evidence Shows Mechanistic Differ-
ences in Reasoning: Fig. 3 shows a representative
trajectory from ATTPLAN-ATTR. The task requires
identifying a “wooden item.” SCENEQUERYPLAN-
NER resolves ambiguity by iteratively querying

Dataset Learning
Strategy

LLaMA 3.1 8B Qwen 2.5 7B
TSR SSR TSR SSR

AttPlan-Base ICL 46.60 57.23 44.80 57.57
LoRA 59.40 69.03 61.40 70.76

AttPlan-Attr ICL 54.40 61.45 49.60 56.00
LoRA 60.40 68.17 60.80 68.97

Table 2: Comparison between ICL and LoRA fine-
tuning on ATTPLAN-BENCH.

the material attributes of candidate objects, cor-
rectly distinguishing the wooden pencil from other
items. In contrast, an observation-only agent RE-
ACT relies on implicit assumptions and incorrectly
identifies a ceramic bowl as wooden, leading to
cascading errors and task failure (see Fig. 7 and
Lists 7–8 in the Appendix F). Beyond error preven-
tion, we also observe emergent recovery: when the
agent misses a target during exploration, it issues
find_objects to re-locate the item and corrects
its plan without an explicit recovery module (see
Fig. 8 in Appendix F).
Gains Persist with GPT-4o: SCENEQUERYPLAN-
NER also outperforms REACT with GPT-4o on
all three benchmarks, with the largest gain on
ATTPLAN-ATTR (+17.2 TSR). As GPT-4o does not
expose token log-probabilities, we use free-form
generation followed by executable-action mapping;
full results and details are provided in Appendix I.

5.3 Learning Strategy Analysis

We compare ICL with parameter-efficient LoRA
fine-tuning (Hu et al., 2022) to assess the effec-
tiveness of SCENEQUERYPLANNER across learn-
ing paradigms (Table 2). Both methods use the
same bootstrapped pool of successful trajectories,
isolating the effect of learning strategy. Training
configurations are provided in Appendix C.
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Figure 4: Comparison between SCENEQUERYPLAN-
NER with Naive WM and a structured query interface
using LLaMA 3.1 70B.

LoRA fine-tuning consistently outperforms ICL
across both subsets and model backbones, demon-
strating that active information-seeking strategies
can be reliably internalized through parameter-
efficient adaptation. The gains are observed not
only on ATTPLAN-BASE, where the larger train-
ing set (500 trajectories) and unambiguous instruc-
tions facilitate procedural learning, but also on
ATTPLAN-ATTR (250 trajectories), confirming that
the dual-grounding framework benefits from para-
metric learning even for attribute-centric tasks.

5.4 Interface Analysis

To isolate the impact of structured querying, we
compare SCENEQUERYPLANNER with a naive
working memory (Naive WM) baseline (Choi et al.,
2026) that supports only a single query primi-
tive (recall_location_of). Fig. 4 shows Naive
WM outperforms the structured query interface
on WAH-NL, where object localization alone suf-
fices, and both variants perform comparably on
ATTPLAN-BASE. However, the gap widens sub-
stantially on ATTPLAN-ATTR, where the struc-
tured query interface achieves a clear advantage
through fine-grained attribute and relation verifica-
tion. These results indicate that embodied planning
is constrained not by memory capacity but by the
expressiveness of memory access. Full numerical
results are provided in Appendix D.

We further analyze query primitive usage across
successful trajectories on ATTPLAN-ATTR with
Qwen 2.5 72B. Among 1,090 queries, read_node
is used most frequently (50.8%), followed by
find_objects (33.9%), get_edges_for_node
(9.7%), and get_child_nodes (5.6%). All four
primitives are used non-trivially, with the domi-
nance of read_node consistent with the attribute-
centric nature of ATTPLAN-ATTR. Together with

Planner Steps I/O Tokens Time (ms)

ReAct 28.1 5065.2/11.6 1644.1
SayPlan - 6258.1/34.5 2812.6
MoMa-LLM 100.6 5748.0/12.7 5901.1
Naive WM 29.4 5057.7/10.6 1662.1
SceneQueryPlanner 36.6 5531.7/10.7 1706.8

Table 3: Computational complexity comparison on
ATTPLAN-BASE, measured using LLaMA 3.1 70B with
4×NVIDIA A100 GPUs.

the Naive WM ablation, this usage pattern supports
the practical relevance of the richer query interface
rather than suggesting that its additional primitives
are largely redundant.

5.5 Computational Efficiency
Table 3 compares the computational costs on
ATTPLAN-BASE (Appendix E for other models).
We exclude SAYPLAN from the decision-step com-
parison, as it produces a full plan in a single step.

REACT is the most lightweight baseline, requir-
ing the fewest steps and shortest execution time due
to its memory-free design, but this efficiency comes
at the cost of weaker reasoning and lower suc-
cess rates. SCENEQUERYPLANNER incurs mod-
est overhead from structured querying yet remains
far more efficient than MOMA-LLM, whose re-
peated prompt re-encoding leads to hundreds of
steps and the highest runtime. Although SAY-
PLAN plans in one pass, it generates excessively
long outputs, inflating token cost. SCENEQUERY-
PLANNER achieves execution times close to RE-
ACT while substantially improving task success—
targeted querying offers a balanced efficiency-
performance trade-off without significant computa-
tional burden.

5.6 Robustness to Perception Noise
To assess robustness under imperfect percep-
tion, we conduct noise robustness experiments on
ATTPLAN-BENCH by injecting noise into the par-
tial scene graph o

graph
t+1 after each action. Five noise

types are applied independently with probability
p ∈ {0.1, 0.2, 0.3}: (1) node omission, (2) cate-
gory confusion, (3) attribute flip, (4) edge omission,
and (5) edge relation swap. The same protocol is
applied to both ATTPLAN-BASE and ATTPLAN-
ATTR. The corrupted graph affects both textual
observations and, for SCENEQUERYPLANNER, the
3DSG memory—while REACT is exposed only to
(1)–(2). Because noise is applied to every eligi-
ble element at every step, corruption compounds
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Figure 5: Robustness to perception noise on ATTPLAN-BASE and ATTPLAN-ATTR with Qwen 2.5. Shaded regions
indicate the performance gap between SCENEQUERYPLANNER and REACT.

Query syntax
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Figure 6: Distribution of primary failure categories
across 80 failed trajectories of SCENEQUERYPLAN-
NER on ATTPLAN-ATTR with Qwen 2.5 72B.

throughout the episode. We omit SAYPLAN and
MOMA-LLM due to their lower clean performance
(Table 1). Details are in Appendix H.

Fig. 5 shows that, on ATTPLAN-BASE, SCENE-
QUERYPLANNER with the 72B backbone outper-
forms REACT across all noise levels, including
the most severe (p = 0.3). With the 7B back-
bone, however, its advantage largely disappears
under stronger corruption. On ATTPLAN-ATTR,
in contrast, SCENEQUERYPLANNER consistently
outperforms REACT across all noise levels and
both backbones. However, the advantage narrows
as p increases, since ATTPLAN-ATTR relies on
fine-grained attribute information whose corrup-
tion directly undermines reliable verification.

5.7 Failure Analysis

To understand the remaining limitations of SCENE-
QUERYPLANNER, one of the authors manually
inspected all 80 failed trajectories on ATTPLAN-
ATTR with Qwen 2.5 72B and categorized each
into one of seven categories based on its primary
cause. Fig. 6 summarizes the resulting distribution.

Long-horizon planning is the largest category
(29%), involving incorrect action ordering, incom-
plete exploration, and subgoal sequencing errors
(e.g., attempting to slice without first picking up
a knife or revisiting explored rooms while leav-

ing others unexplored). Goal understanding errors
(19%) arise from misinterpreting the instruction or
declaring completion before all subgoals are satis-
fied. Hallucination (15%) refers to asserting facts
that contradict the agent’s own observations, such
as claiming to have found an object that is absent or
denying the presence of an observed object. Incor-
rect reasoning (15%) denotes misinterpreting query
results or drawing invalid inferences from correct
information. Recovery failures (14%) occur when
the agent repeats failed actions instead of adapting
its strategy. The remaining failures involve incor-
rect action execution (5%), where the action does
not match the intended reasoning, and incorrect
query syntax (4%), such as malformed queries or
references to non-existent labels.

Overall, most failures stem from higher-level
planning, goal understanding, reasoning, and re-
covery, while misuse of the query interface is rel-
atively rare. These results suggest that stronger
long-horizon planning and failure-aware replan-
ning could further improve the framework.

6 Conclusion

We presented SCENEQUERYPLANNER, a dual-
grounded embodied planning framework that treats
information acquisition as a first-class action via
structured querying over a dynamic 3DSG. By ex-
plicitly retrieving task-relevant objects, relations,
and attributes, it reduces hallucination and enables
reliable long-horizon planning under partial observ-
ability. We also introduced ATTPLAN-BENCH for
evaluating attribute-aware and relational reason-
ing in multi-room tasks. Experiments show that
active, verification-driven grounding outperforms
observation-only and passive-memory baselines
while maintaining competitive efficiency. Over-
all, our results highlight structured and selective
information seeking as a key mechanism for robust
and generalizable embodied reasoning.
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Limitations

First, the effectiveness of SCENEQUERYPLANNER

partly depends on upstream perception for dynamic
3DSG. Although the planner actively verifies in-
formation through structured queries, inaccuracies
in object detection or attribute estimation may still
lead to decisions grounded in incorrect premises.

Second, the active information seeking is cur-
rently conducted by a pre-defined set of structured
query primitives. Future work could explore learn-
ing a dynamic query interface or leveraging natural
language-to-graph translation to support broader
and more flexible investigative capabilities.

Lastly, our evaluation with physics-based sim-
ulators enables scalable and reproducible experi-
mentation but does not fully capture the variability
of real-world environments—particularly low-level
execution and sensor noise. Bridging the gap is an
important direction for future work.
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A Implementation Details

We provide the detailed implementation settings for
our proposed SCENEQUERYPLANNER and three
baselines: REACT (Yao et al., 2023), SAYPLAN

(Rana et al., 2023), and MOMA-LLM (Honerkamp
et al., 2024). All planners are implemented in
an in-context learning setting without additional
fine-tuning. Further implementation details are de-
scribed below.

A.1 System Prompt
We use system prompts for each planner as shown
in Lists 1, 2, 3, and 4. For baselines, we adopt
prompts that closely follow those used in their orig-
inal papers.

Listing 1: System Prompt for SceneQueryPlanner
You are an advanced robot with the ability

to think and act. You can perform one
of the following tasks:

1. Think: Use reasoning to satisfy the
current goal condition.

2. Act: Execute a specific action to
accomplish the current goal condition.
You should use one of the actions of
this list: [go to, pick up, put down,
open, close, turn on, turn off, slice,
drop, done, failure]

3. Query: Interact with the 3D scene graph.
You should use one of these queries:

- find_objects({'label': str, 'attrs':
dict})

- get_child_node_names({'parent_node_id':
str, 'child_node_attrs': dict})

- get_edges_for_node({'node_id': str,
'relation': str})

- read_node({'node_id': str, 'attrs': str
or list})

Available attrs: 'toggleable',
'canFillWithLiquid', 'cookable',
'breakable', 'isHeatSource',
'isColdSource', 'sliceable',
'openable', 'pickupable', 'isToggled',
'isFilledWithLiquid', 'isCooked',
'isSliced', 'isOpen', 'isPickedUp',
'isBroken'

Available relations: 'CLOSE', 'ON', 'INSIDE'

Listing 2: System Prompt for ReAct
You are an advanced robot with the ability

to think and act. You can perform one
of the following tasks:

1. Think: Use reasoning to satisfy the
current goal condition.

2. Act: Execute a specific action to
accomplish the current goal condition.
You should use one of the actions of
this list: [go to, pick up, put down,
open, close, turn on, turn off, slice,
drop, done, failure]

Listing 3: System Prompt for SayPlan
Agent Role: You are an excellent graph

planning agent. Given a graph
representation of an environment, you
can explore the graph by expanding
nodes to find the items of interest.
You can then use this graph to generate
a step-by-step task plan that the agent
can follow to solve a given instruction.

Environment Functions:
go to: Navigate to the object or room.
pick up: Pick up the object. You need to

use the go to (object_name) command
first to move close to the object
before picking it up. You can only hold
one object at a time.

put down: Place the object currently held
in your hand onto the nearest available
receptacle.

open: Open the object that is currently
closed.

close: Close the object that is currently
opened.

turn on: Turn on the object that is
currently turned off.

turn off: Turn off the object that is
currently turned on.

slice: Slice a cuttable object. You must be
holding a knife or butter knife to
perform this action. When you perform
this action, a new object named sliced
(object_name) will appear in the
environment.

drop: Drop the object currently held in
your hand.

done: Call this when the task is completed.
Environment State:
OPEN: Asset can be closed or kept open
CLOSED: Asset can be open
ON: Asset is currently on
OFF: Asset is currently off
Environment API:
expand_node(<node>): Reveal assets/objects

connected to a room node.
contract_node(<node>): Hide assets/objects,

reducing graph size for memory
constraints.

Output Response Format:
{chain_of_thought: break your problem down

into a series of intermediate reasoning
steps to help you determine your next
command,

reasoning: justify why the next action is
important

mode: "exploring" OR "planning"
command: {"command_name": Environment API

call
"node_name": node to perform an operation on
"plan": task plan if in planning mode}}

Listing 4: System Prompt for MoMa-LLM
You are an advanced robot with the ability

to reason and act in a household
environment.

You have the following actions available
that you can use to achieve this task:
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1. go to: Navigate to the object or room.
2. pick up: Pick up the object. You need to

use the go to (object_name) command
first to move close to the object
before picking it up. You can only hold
one object at a time. When you go to an
object, you will be able to observe
nearby objects (on or around it).

3. put down: Place the object currently
held in your hand onto the nearest
available receptacle.

4. open: Open the object that is currently
closed.

5. close: Close the object that is
currently opened.

6. turn on: Turn on the object that is
currently turned off.

7. turn off: Turn off the object that is
currently turned on.

8. slice: Slice a cuttable object. You must
be holding a knife or butter knife to
perform this action. When you perform
this action, a new object named sliced
(object_name) will appear in the
environment.

9. drop: Drop the object currently held in
your hand.

10. done: Call this when the task is
completed.

11. failure: Call this if you are unable to
take any further actions.

* To find the location of a target object
(e.g., pencil), follow this exploration
strategy:

- Visit unexplored rooms or unexplored
objects in the environment.

- For each room, check the objects within
it by using go to (object) actions.

- Each time you go to an object (e.g.,
countertop, cabinet, table), you will
observe its nearby items.

- Use these observations to determine
whether the target object is present.

- Avoid revisiting the same rooms/objects
unless necessary.

* Example - Find a pencil and place it on
the countertop:

1. Explore unexplored rooms: Use go to
bedroom 1, go to kitchen 2, etc., to
enter unexplored rooms.

2. Explore objects in the room: In each
room, use actions like go to cabinet 1,
go to desk 1, or go to countertop 1 to
examine nearby items. You will observe
surrounding objects (e.g., pencil) when
you move to one.

3. If you find the pencil (e.g., pencil 1):
First, go near it: go to pencil 1

4. Then, pick it up: pick up pencil 1
5. To place the pencil on a countertop

(e.g., countertop 1): Make sure you are
in the same room as countertop 1. If
not, you must first navigate to the
room containing it.

6. Then, move to the countertop: go to
countertop 1

7. Finally, put the pencil down: put down
pencil 1

Output Response Format:
Think: Use reasoning to satisfy the current

goal condition.
Act: Execute a specific action to

accomplish the current goal condition.

A.2 In-Context Example Pool Curation

To construct a robust pool of in-context examples,
we adopt a bootstrapping strategy. Human experts
initially collect a small number of successful trajec-
tories for each task type—specifically, one example
per task type for WAH-NL, and two examples each
for ATTPLAN-BASE and ATTPLAN-ATTR. These
seed trajectories are then used to run all planning
methods on the training split of each benchmark us-
ing LLaMA 3.1 70B (Grattafiori et al., 2024). Only
trajectories that successfully complete the task are
retained to form the final pool of in-context exam-
ples.

A.3 In-Context Example Retrieval

During inference, relevant in-context examples are
retrieved based on sentence embedding similarity
between the target task instruction and candidate
instructions in the pool, computed using Sentence-
BERT (Reimers and Gurevych, 2019). To ensure
a fair comparison, we limit the total number of to-
kens for in-context examples to 5,000 across all
methods. An exception is made for SAYPLAN,
which employs a semantic search module that ex-
tracts task-relevant subgraphs from the full scene
graph using expand and collapse operations, result-
ing in a textual representation that often exceeds
the 5K token limit. To accommodate this, we al-
low SAYPLAN to use only the single most relevant
in-context example.

A.4 Experimental Settings

Maximum Decision Steps. All planners, ex-
cept SAYPLAN, are allowed a maximum of 200
decision steps per task across all benchmarks:
WAH-NL, ATTPLAN-BASE, and ATTPLAN-ATTR.
SAYPLAN consists of two separate processes—
semantic search and iterative replanning—each in-
volving structured decision-making in the form of
chain-of-thought, reasoning, and command (for se-
mantic search) or plan (for iterative replanning), as
described in the original paper. Due to the high
token consumption of semantic search, we allocate
a maximum of 30 decision steps for this phase. For
iterative replanning, which generates a complete
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plan in a single decision rather than step-by-step
actions, we set the maximum decision steps to 60,
which is sufficient despite being lower than the
200-step budget used for other methods.
LLM Generation Setup. To reduce latency, min-
imize tokenization artifacts, and enable caching,
we employ Microsoft’s Guidance framework (Mi-
crosoft, 2023). For environment action generation,
we implement the LLM agent such that it selects
the skill with the highest likelihood from the cur-
rently executable skill set. For reasoning and struc-
tured query generation, we use free-form text gen-
eration with a temperature of 0.0.

B More Details on ATTPLAN-BENCH

We introduce ATTPLAN-BENCH, a benchmark for
evaluating goal-driven and attribute-aware embod-
ied planning in realistic household environments.
Unlike prior benchmarks that predominantly em-
phasize object-centric instructions or short-horizon
execution, ATTPLAN-BENCH is designed to stress-
test long-horizon planning under partial observabil-
ity, where success often requires resolving implicit
constraints over object attributes (e.g., material,
state) and relations (e.g., proximity, containment).

ATTPLAN-BENCH comprises two complemen-
tary subsets. ATTPLAN-BASE extends ALFRED-
style tasks into long-horizon, multi-room settings
that require compositional navigation and manip-
ulation over extended trajectories. ATTPLAN-
ATTR targets instructions that explicitly demand
attribute-centric grounding, where goals are speci-
fied through object properties (e.g., “wooden item,”
“toggleable object,” “clean dish”) rather than in-
stance names. The dataset is constructed via a
semi-automated generation pipeline, which enables
scalable task creation while maintaining physical
feasibility through validation and filtering.

Table 4 presents the instruction templates for
the ten task types used to instantiate ATTPLAN-
BASE. Table 5 summarizes representative example
instructions and their structured goal conditions
across both ATTPLAN-BASE and ATTPLAN-ATTR,
illustrating how tasks require reasoning over object
states (e.g., isCooked, isClean, isToggled) and
spatial outcomes (e.g., on, in, visible).
Prompts for data generation. To clarify how
task instances were generated using LLMs and
to support reproducibility, we provide the ex-
act prompts employed in our data generation
pipeline. The prompt for task type definition is

provided in List 5, while the prompt for generating
environment-grounded executable task instances
is presented in List 6. These prompts show how
structured environment descriptions (rooms, ob-
jects, receptacles, and attribute annotations) are
transformed into natural language instructions that
are grounded in the current scene and executable
by the embodied agent.

Listing 5: Prompt for Task Type Definition
# System Prompt
You are a helpful assistant embedded in a

household robot. You receive a
structured description of the
environment, including:

- The names of the rooms in the current
environment,

- A list of objects, each with its type,
attributes (e.g., 'toggleable',
'canFillWithLiquid', 'cookable',
'breakable', 'isHeatSource',
'isColdSource', 'sliceable',
'openable', 'pickupable',
'salientMaterials'), and its location
(parentReceptacles),

- A list of receptacles, each with its
type, attributes, and what objects they
contain (receptacleObjectIds).

Your task is to generate natural,
realistic, and physically possible
human instructions that could be given
to a household robot in this specific
environment.

Instructions should be:
- Grounded in the current environment (only

use objects and receptacles listed),
- Feasible based on the physical

constraints (e.g., pickupable == true),
- Contextually appropriate (e.g., putting

food in a fridge, throwing trash in a
bin),

- Expressed as a single clear sentence in
natural spoken English, like something
a person would say to a robot assistant,

- Only refer to object types, not instance
IDs.

* Only return one instruction per
environment. Do not explain. Do not
list multiple instructions.

### Input:
Room information:
{rooms}

Object information:
{objects}

Receptacle information:
{receptacles}

### Output format:
Generate one valid instruction that can be

executed in the current environment.
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Task Type Instruction Template

Pick & Place Single Pick up (a/an) (object) and put it (on/in) the (receptacle).

Pick & Place Multiple Collect (a/an) (two or three objects) and place them (on/in) the (receptacle).

Pick & Place Implicit Move all the objects from the (receptacle 1) to the (receptacle 2).

Examine in Light Turn on the (light_source) while holding (a/an) (object).

Heat & Place Heat (a/an) (object) and place it (on/in) the (receptacle).

Cool & Place Place a cold (object) (on/in) the (receptacle).

Clean & Place Clean the dirty (object) and place it (on/in) the (receptacle).

Stack & Place Place (a/an) (container) containing (a/an) (object) (on/in) the (receptacle).

Turn Off Toggle off all (objects) that are currently on.

Cook & Place Use the coffee machine to brew coffee into (a/an) (container), then place the coffee (on/in) the
(receptacle).
Cook (a/an) (object) using a microwave and then place it (on/in) the (receptacle).
Toast a slice of bread using a toaster and then place it (on/in) the (receptacle).

Table 4: Instruction templates for each task type.

# User Prompt
Now, generate an instruction that is

executable in the current environment,
using the provided information and
following the specified output format.

Listing 6: Prompt for Executable Task Generation (Cool
& Place task)

# System Prompt
You are a system that adapts user

instructions to be executable by a
household robot, specifically for
cool-then-place tasks, based on the
specific objects and receptacles
available in the environment.

Do not explain or elaborate. Your output
must be a valid, well-formed
instruction string only.

Given the list of object and receptacle
information from a simulated
environment, your task is to generate a
cool-then-place instruction that:

- Uses only objects and receptacles that
are actually present in the provided
object or receptacle information.

- Puts the object into or onto a target
that has "receptacle": true.

- The instruction must be semantically
appropriate based on real-world
affordances between the object and the
cool source.

- The generated instruction must start with
a capital letter, and the rest of the
sentence must be in lowercase.

- Use only the objectType field, not the
object name.

### Input:
Cool source information:
{is_CoolSource}

Object information:
{objects}

Receptacle information:
{receptacles}

### Output format:
Generate one revised instruction based on

the following template:
Place a cold (object) (on/in) the

(receptacle).

# User Prompt
Now, generate a revised instruction that is

executable in the current environment,
using the provided information and
following the specified output format.

C LoRA Fine-Tuning Details

For fine-tuning, we adopt a standard LoRA con-
figuration (Hu et al., 2022) that inserts low-rank
adapters into attention (q/k/v/o) and MLP layers,
with rank 16, scaling factor 32, and dropout 0.1.
Each training example is constructed by concate-
nating instructions and target outputs while mask-
ing instruction and observation tokens so that
only action predictions—encompassing reason-
ing, environment actions, and structured queries—
contribute to the loss. The model is trained with a
sequence length of 4096, batch size 1 with gradient
accumulation, and a learning rate of 5× 10−5; dur-
ing inference, only the adapter weights are retained,
enabling lightweight deployment.
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Task Type Instructions Task Goal
AttPlan-Base
(Pick & Place Single)

Slice an apple and put it in the bowl.
Put a sliced apple in the bowl.
Take an apple, slice it, and put it in the bowl.

“in_apple_bowl”: 1,
“isSliced_apple”: 1

AttPlan-Base
(Pick & Place
Multiple)

Collect a pencil, a pen, and a book and place them on
the countertop.
Gather a pencil, a pen, and a book, and set them on the
countertop.
Place a pencil, a pen, and a book side by side on the
countertop.

"on_pencil_countertop": 1,
"on_pen_countertop": 1,
"on_book_countertop": 1

AttPlan-Base
(Pick & Place Implicit)

Move all the objects from the side table to the dining
table.
Remove everything from the side table and put it on
the dining table.
Clear off the side table by moving all objects to the
dining table.

"empty_sidetable": 1,
"moveTo_diningtable": 1

AttPlan-Base
(Examine in Light)

Examine the book under the floor lamp’s light.
Hold a book and turn on the floor lamp to see it clearly.
View the book by the illumination of the floor lamp.

"isToggled_floorlamp": 1,
"isPickedUp_book": 1,
"visible_floorlamp": 1

AttPlan-Base
(Heat & Place)

Heat a tomato and place it on the dining table.
Place a heated tomato onto the dining table.
Put the tomato on the dining table after it has been
heated.

"temperatureHot_tomato": 1,
"on_tomato_diningtable": 1,
"on_temperatureHot_tomato_diningtable":
1

AttPlan-Base
(Cool & Place)

Place a cold bottle on the countertop.
Put the bottle in the fridge first, then set it on the
countertop.
Chill the bottle in the fridge, then transfer it to the
countertop.

"temperatureCold_bottle": 1,
"on_bottle_countertop": 1,
"on_temperatureCold_bottle_countertop":
1

AttPlan-Base
(Clean & Place)

Clean the cloth and place it in the box.
Wash the cloth at the sink basin and then put it in the
box.
Make sure the cloth is clean before you place it in the
box.

"isClean_cloth": 1,
"in_cloth_box": 1,
"in_isClean_cloth_box": 1

AttPlan-Base
(Stack & Place)

Place a plate containing an egg on the dining table.
Put a plate with an egg on it onto the dining table.
Set a plate holding an egg onto the dining table.

"stack_egg_plate_diningtable": 1,
"on_egg_plate": 1,
"on_plate_diningtable": 1

AttPlan-Base
(Turn Off)

Toggle off all televisions and floor lamps that are cur-
rently on.
Switch off any floor lamps and televisions that are cur-
rently in use.
Make sure all televisions and floor lamps have been
turned off.

"toggleOff_television": 1,
"toggleOff_floorlamp": 1

AttPlan-Base
(Cook & Place)

Use the coffee machine to brew coffee into a mug and
toast a slice of bread using a toaster, then place the
coffee and toast on the countertop.
Brew coffee into a mug and toast some bread, then put
the coffee and toast on the countertop.
Make a mug of coffee using the coffee machine and a
piece of toast with the toaster, then set them down on
the countertop.

"isCooked_breadsliced": 1,
"fillLiquid_coffee_mug": 1,
"on_breadsliced_countertop": 1,
"on_mug_countertop": 1

AttPlan-Attr Move the wooden items near the sink to the countertop
to prevent them from getting wet.

"on_pencil_countertop": 1

AttPlan-Attr To make a salad, slice all sliceable items in the fridge
and place them in the bowl.

"in_apple_bowl": 1,
"in_tomato_bowl": 1,
"isSliced_apple": 1,
"isSliced_tomato": 1

AttPlan-Attr Use the desk lamp to illuminate the paper on the
dresser and read what it says.

"isToggled_desklamp": 1,
"isPickedUp_newspaper": 1,
"visible_desklamp": 1

AttPlan-Attr Use a ceramic item from the desk to make coffee with
the coffee machine, and serve it on the countertop.

"fillLiquid_coffee_mug": 1,
"on_mug_countertop": 1

Table 5: Overview of task types in ATTPLAN-BENCH with sample instructions and goal conditions.
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D Interface Ablation

This section provides a detailed ablation analy-
sis to isolate the contribution of the structured
query interface in SCENEQUERYPLANNER. While
the full model actively issues attribute-, relation-,
and hierarchy-aware queries over a dynamic 3D
scene graph, we compare against a Naive Work-
ing Memory (Naive WM) variant that only sup-
ports a single query primitive for object localiza-
tion (i.e., recall_location_of), following prior
work (Choi et al., 2026).

Experimental setup. Both variants share the same
environment grounding, perception module, in-
context learning setup, and maximum decision
budget. The only difference lies in the expres-
siveness of memory access: Naive WM can re-
trieve object locations but cannot inspect attributes
(e.g., material, state) or relations (e.g., CLOSE,
INSIDE). We evaluate both planners on WAH-NL,
ATTPLAN-BASE, and ATTPLAN-ATTR using iden-
tical prompts and model backbones.

Results and analysis. Table 6 reports the full nu-
merical results. On WAH-NL, Naive WM per-
forms comparably to the structured query interface,
and slightly better. This is expected, as WAH-NL
is dominated by long-horizon Pick & Place tasks
where object localization is the primary bottleneck
and fine-grained attribute reasoning is rarely re-
quired.

In contrast, the performance gap becomes sub-
stantial on ATTPLAN-BENCH. On ATTPLAN-
BASE, the structured query interface consistently
improves both Task Success Rate (TSR) and Sub-
goal Success Rate (SSR) across all model sizes.
The gap further widens on ATTPLAN-ATTR, where
instructions explicitly specify goals through at-
tributes and relational constraints. Without the
ability to interrogate attributes or relations, Naive
WM frequently commits early misidentifications
that cascade into irreversible failures.

These results demonstrate that embodied plan-
ning performance is not limited by the amount
of stored memory, but by the expressiveness of
memory access. By enabling selective, struc-
tured queries over attributes and relations, SCENE-
QUERYPLANNER transforms the scene graph from
a passive record into an actionable reasoning sub-
strate, which is essential for reliable planning under
realistic task complexity and attribute ambiguity.

E Computational Efficiency

We provide a detailed analysis of the computational
cost of SCENEQUERYPLANNER in comparison to
prior embodied agents. We report (1) the average
number of decision steps per episode, (2) the aver-
age number of input/output tokens processed by the
language model, and (3) the total execution time.

Measurement protocol. All measurements are
conducted on ATTPLAN-BASE. Experiments with
LLaMA 3.1 70B and Qwen 2.5 72B are run on
4×NVIDIA A100 GPUs, while smaller models
(LLaMA 3.1 8B, Qwen 2.5 7B) are evaluated on
8×NVIDIA A30 GPUs. To ensure fairness, all
planners (except SAYPLAN) are constrained to a
maximum of 200 decision steps.

Comparison with baselines. Table 7 summarizes
the results. REACT is the most lightweight base-
line, as it issues a single prompt per action with-
out any explicit memory access. However, this
efficiency comes at the cost of significantly lower
success rates, particularly on attribute-centric tasks.
MOMA-LLM, on the other hand, incurs the high-
est computational overhead due to repeated prompt
re-encoding of serialized scene graph states, of-
ten resulting in hundreds of decision steps and the
longest execution times. SAYPLAN generates a
complete plan in a single reasoning pass, but this
design leads to disproportionately large output se-
quences and high token consumption, making it
less efficient in terms of language model usage.

Despite introducing an explicit querying mech-
anism, SCENEQUERYPLANNER maintains a fa-
vorable efficiency-performance trade-off. While it
requires slightly more decision steps than REACT,
its total execution time remains close, and its token
usage is substantially lower than that of MOMA-
LLM and SAYPLAN. This efficiency stems from
targeted information acquisition: rather than re-
peatedly re-encoding the full memory state, the
planner retrieves only the specific attributes or rela-
tions required at each step.

Overall, these results show that structured query-
ing does not impose prohibitive computational over-
head. Instead, it enables grounded and reliable
reasoning with moderate additional cost, achiev-
ing a balanced trade-off between efficiency and
task success that is well-suited for long-horizon,
attribute-aware embodied planning.
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Dataset Planner LLaMA 3.1 8B LLaMA 3.1 70B Qwen 2.5 7B Qwen 2.5 72B
TSR (%) SSR (%) TSR (%) SSR (%) TSR (%) SSR (%) TSR (%) SSR (%)

WAH-NL Naive WM 13.00 31.88 37.00 54.32 18.00 32.85 34.00 47.78
Structured Query 10.00 29.88 26.00 44.60 11.00 26.90 29.00 45.73

AttPlan-Base Naive WM 39.20 49.56 60.60 68.53 40.00 52.23 62.00 70.56
Structured Query 46.60 57.23 62.20 70.14 44.80 57.57 65.40 72.62

AttPlan-Attr Naive WM 33.60 41.42 45.20 52.83 28.40 34.79 44.80 51.60
Structured Query 54.40 61.45 69.60 74.55 49.60 56.00 68.00 73.65

Table 6: Comparison between SCENEQUERYPLANNER with Naive Working Memory (Naive WM) and Structured
Query interface.

Planner LLaMA 3.1 8B LLaMA 3.1 70B Qwen 2.5 7B Qwen 2.5 72B
Steps I/O Tokens Time Steps I/O Tokens Time Steps I/O Tokens Time Steps I/O Tokens Time

ReAct 24.0 4940.6/11.6 1457.8 28.1 5065.2/11.6 1644.1 18.9 4683.1/11.5 1467.8 24.5 4660.4/11.9 1884.2
SayPlan - 5854.6/33.3 1698.1 - 6258.1/34.5 2812.6 - 5566.4/25.4 1344.2 - 5647.9/27.2 2397.4
MoMa-LLM 110.9 5765.0/11.9 2434.6 100.6 5748.0/12.7 5901.1 128.5 5690.2/13.6 2733.8 99.9 5657.8/13.0 8163.5
Naive WM 36.6 5139.6/10.5 1244.3 29.4 5057.7/10.6 1662.1 27.0 4838.3/10.2 1217.3 25.7 4930.6/10.7 1781.8
Ours 33.5 5448.5/11.0 1337.1 36.6 5531.7/10.7 1706.8 28.2 5319.3/11.7 1679.6 34.9 5435.2/10.5 2765.9

Table 7: Computational complexity comparison. Measurements for LLaMA 3.1 70B and Qwen 2.5 72B were
conducted using 4×NVIDIA A100 GPUs, while LLaMA 3.1 8B and Qwen 2.5 7B were measured using 8×NVIDIA
A30 GPUs.

Query:  read_node({‘node_id’: 
‘pencil 1’})
Info:  {‘id’: ‘pencil 1’, ‘materials’: 
[‘wood’], ‘properties’: 
[‘pickupable’], ‘states’: []}

Think:  On desk 1, the item 
made of wood is pencil 1.
Now, I need to pick it up.

Query:  read_node({‘node_id’: 
‘bowl 1’})
Info:  {‘id’: ‘bowl 1’, ‘materials’: 
[‘ceramic’], ‘properties’: 
[‘canFillWithLiquid’, ‘breakable’, 
‘pickupable’], ‘states’: []}

Query:  read_node({‘node_id’: 
‘house plant 1’})
Info:  {‘id’: ‘house plant 1’, 
‘materials’: [‘ceramic’, ‘organic’], 
‘properties’: [‘canFillWithLiquid’], 
‘states’: []}Think:  Bowl 1, house plant 1, pencil 1, 

mug 1, and alarm clock 1 are on desk 1. 
Now, I need to check each object to find 
the item made of wood.

Act:  go to desk 1
Obs:  You arrive at the desk (1). 
You see bowl (1), house plant (1), pencil 
(1), mug (1), alarm clock (1) on desk (1).

< ReAct > 

Act:  go to desk 1
Obs:  You arrive at the desk (1). You see bowl (1), house 
plant (1), pencil (1), mug (1), alarm clock (1) on desk (1).

Think:  Bowl 1, house plant 1, pencil 1, mug 1, and alarm 
clock 1 are on desk 1. I think the one made of wood is bowl 1. 
Now, I need to pick up bowl 1.

Environment-Grounding

Instruction:  To prevent it from getting broken, place the wooden item from the desk into a box and put that box on the bed. 
 Init  go to bedroom 1  go to desk 1  go to pencil 1  pick up pencil 1  go to box 1  open box 1  put down pencil 1  pick up box 1  go to bed 1  put down box 1

Memory-Grounding

< SceneQueryPlanner > 
 Init  go to bedroom 1  go to desk 1  go to bowl 1  pick up bowl 1  go to box 1  open box 1  put down bowl 1  pick up box 1  go to bed 1  put down box 1

Memory-GroundingMemory-Grounding

Figure 7: Comparison of SCENEQUERYPLANNER and REACT on the ATTPLAN-ATTR task using LLaMA 3.1 70B.

F Additional Qualitative Results

We include qualitative results in Fig. 7. The fig-
ure illustrates the action sequences produced by
SCENEQUERYPLANNER and the REACT baseline
when executing the instruction: “To prevent it from
getting broken, place the wooden item from the desk
into a box and put that box on the bed.” The inter-
mediate decision processes for both planners are
shown beneath their respective action sequences.

SCENEQUERYPLANNER correctly identifies the
target objects through structured queries, whereas
REACT relies solely on raw observations and con-
sequently selects an incorrect object, leading to task
failure. The corresponding full text trajectories are
provided in List 7 and List 8.

We present additional qualitative results in
Fig. 8. Both SCENEQUERYPLANNER and RE-
ACT initially fail to detect the target object. How-
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Think:  I saw pencil 2 on dining 
table 2.

Query:  
get_edges_for_node({‘node_id’: 
‘pencil 2’})
Info:  [(‘pencil 2’, ‘dining table 2’, 
‘ON’), (‘pencil 2’, ‘book 2’, ‘CLOSE’), 
(‘pencil 2’, ‘bowl 2’, ‘CLOSE’), …

Query:  find_objects({‘label’: 
‘pencil’})

Info:  [{‘name_id_nl’: ‘pencil 2’, 
‘node_type’: ‘object’, ‘properties’: 
[‘pickupable’], ‘states’: []}]

Think:  I need to check whether 
I have seen the pencil.

Instruction:  Place a pencil on the countertop.
 Init  go to 

 living room 1
 go to chair 5  go to 

 dining table 2
 go to sofa 1  go to 

 dining table 2
 go to pencil 2  pick up pencil 2  go to kitchen 1  go to countertop 1  put down pencil 2

Memory-Grounding Memory-Grounding

< SceneQueryPlanner >
 Init  go to 

 living room 1
 go to chair 5  go to 

 dining table 2
 go to sofa 1  go to kitchen 1  go to chair 1  go to chair 2  go to countertop 1  go to 

 dining table 1

...
< ReAct >

Figure 8: Comparison of SCENEQUERYPLANNER and REACT on the ATTPLAN-BASE task using LLaMA 3.1 70B.
Although the pencil was located on dining table 2, both planners initially failed to recognize it and moved past the
object. However, before leaving the room, SCENEQUERYPLANNER performs an error-correction step to verify
whether the target object was missed, allowing it to recover from the mistake. In contrast, REACT fails to recover
and repeatedly continues exploration, eventually leading to task failure.

ever, SCENEQUERYPLANNER revises its reasoning
through active queries and recovers from the earlier
mistake, ultimately completing the task success-
fully. In contrast, REACT fails to correct the initial
error, and the mistake propagates through subse-
quent steps—eventually resulting in task failure.
This example highlights the advantage of active
information acquisition, which enables the agent
to verify task-relevant facts via memory-grounding
and recover from earlier errors during long-horizon
planning.

Listing 7: Full Trajectory of SceneQueryPlanner
Your task is to: To prevent it from getting

broken, place the wooden item from the
desk into a box and put that box on the
bed.

- You are in the house, and there are 3
rooms: bedroom (1), kitchen (1), living
room (1). You are in the middle of a
living room (1). Looking quickly around
the room, you see TV stand (1), dining
table (3), dog bed (1), shelf (1, 2, 3,
4, 5, 6), sofa (1).

- Think: To solve the task, I need to find
and pick up the item made of wood from
the desk, put it in box, pick up and
place box on bed.

- OK.
- Think: First, I need to find and pick up

the item made of wood from the desk.
Now, I need to find desk.

- OK.
- Query: find_objects({'label': 'desk'})
- Info: [{'name_id_nl': 'desk 1',

'node_type': 'asset', 'properties': [],
'states': [], 'room': 'bedroom 1'}]

- Think: Desk 1 is in bedroom 1.

- OK.
- Act: go to bedroom 1
- You move to the bedroom (1). Looking

quickly around the room, you see bed
(1), chair (1, 2), desk (1), dining
table (1), drawer (1, 2, 3, 4, 5, 6, 7,
8, 9, 10, 11, 12), dresser (1), garbage
can (1), laundry hamper (1), painting
(1, 2), television (1).

- Act: go to desk 1
- You arrive at the desk (1). You see alarm

clock (1), bowl (1), chair (1), desk
(1), house plant (1), mug (1), pencil
(1).

- Think: Now, I need to find and pick up
the item made of wood from the desk.
First, I need to check what is on top
of desk 1.

- OK.
- Query: get_edges_for_node({'node_id':

'desk 1', 'relation': 'ON'})
- Info: [('alarm clock 1', 'desk 1', 'ON'),

('bowl 1', 'desk 1', 'ON'), ('house
plant 1', 'desk 1', 'ON'), ('mug 1',
'desk 1', 'ON'), ('pencil 1', 'desk 1',
'ON')]

- Think: Now, I need to check each object
to find the item made of wood.

- OK.
- Query: read_node({'node_id': 'alarm clock

1'})
- Info: {'name_id_nl': 'alarm clock 1',

'salientMaterials': ['Metal',
'Plastic', 'Glass'], 'properties':
['pickupable'], 'states': []}

- Query: read_node({'node_id': 'bowl 1'})
- Info: {'name_id_nl': 'bowl 1',

'salientMaterials': ['Ceramic'],
'properties': ['canFillWithLiquid',
'breakable', 'pickupable'], 'states':
[]}

- Query: read_node({'node_id': 'house plant
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1'})
- Info: {'name_id_nl': 'house plant 1',

'salientMaterials': ['Ceramic',
'Organic'], 'properties':
['canFillWithLiquid'], 'states': []}

- Query: read_node({'node_id': 'mug 1'})
- Info: {'name_id_nl': 'mug 1',

'salientMaterials': ['Ceramic'],
'properties': ['canFillWithLiquid',
'breakable', 'pickupable'], 'states':
[]}

- Query: read_node({'node_id': 'pencil 1'})
- Info: {'name_id_nl': 'pencil 1',

'salientMaterials': ['Wood'],
'properties': ['pickupable'], 'states':
[]}

- Think: On desk 1, the item made of wood
is pencil 1. Now, I need to pick it up.

- OK.
- Act: go to pencil 1
- You arrive at the pencil (1). You see

alarm clock (1), book (1), bowl (1),
chair (1), desk (1), drawer (1, 2, 5,
6, 7, 8, 9, 10, 11), dresser (1), house
plant (1), mug (1), pencil (1), statue
(1).

- Act: pick up pencil 1
- You pick up pencil (1). You hold pencil

(1).
- Think: Now, I need to find box and put

down pencil 1.
- OK.
- Query: find_objects({'label': 'box'})
- Info: [{'name_id_nl': 'box 2',

'node_type': 'asset', 'properties':
['openable', 'pickupable'], 'states':
[], 'room': 'bedroom 1'},
{'name_id_nl': 'box 1', 'node_type':
'asset', 'properties': ['openable',
'pickupable'], 'states': [], 'room':
'bedroom 1'}]

- Think: Box 1 is in bedroom 1.
- OK.
- Act: go to box 1
- You arrive at the box (1). The box (1) is

closed. You see basket ball (1), box
(1, 2), chair (2), dining table (1).
You hold pencil (1).

- Act: open box 1
- You open box (1). You see basket ball

(1), box (1, 2), chair (2), dining
table (1). You hold pencil (1).

- Act: put down pencil 1
- You put pencil (1) in box (1).
- Think: Now, I need to pick up box 1.
- OK.
- Act: pick up box 1
- You pick up box (1). You hold box (1).
- Think: Now, I need to find bed and put

down box 1.
- OK.
- Query: find_objects({'label': 'bed'})
- Info: [{'name_id_nl': 'bed 1',

'node_type': 'asset', 'properties': [],
'states': [], 'room': 'bedroom 1'}]

- Think: Bed 1 is in bedroom 1.
- OK.
- Act: go to bed 1
- You arrive at the bed (1). You see bed

(1), pencil (1), pillow (1, 2), tennis

racket (1). You hold box (1).
- Act: put down box 1
- You put box (1) on bed (1).
- Think: Now I complete the task.
- OK.
- Act: done

Listing 8: Full Trajectory of ReAct
Your task is to: To prevent it from getting

broken, place the wooden item from the
desk into a box and put that box on the
bed.

- You are in the house, and there are 3
rooms: bedroom (1), kitchen (1), living
room (1). You are in the middle of a
living room (1). Looking quickly around
the room, you see TV stand (1), dining
table (3), dog bed (1), shelf (1, 2, 3,
4, 5, 6), sofa (1).

- Think: To solve the task, I need to find
and pick up the item made of wood from
the desk, put it in box, pick up and
place box on bed.

- OK.
- Think: First, I need to find desk and

find the item made of wood from the
desk. The desk is more likely to appear
in bedroom 1.

- OK.
- Act: go to bedroom 1
- You move to the bedroom (1). Looking

quickly around the room, you see bed
(1), chair (1, 2), desk (1), dining
table (1), drawer (1, 2, 3, 4, 5, 6, 7,
8, 9, 10, 11, 12), dresser (1), garbage
can (1), laundry hamper (1), painting
(1, 2), television (1).

- Act: go to desk 1
- You arrive at the desk (1). You see alarm

clock (1), bowl (1), chair (1), desk
(1), house plant (1), mug (1), pencil
(1).

- Think: On desk 1, the item made of wood
is bowl 1. Now, I need to pick it up.

- OK.
- Act: go to bowl 1
- You arrive at the bowl (1). You see alarm

clock (1), book (1), bowl (1), chair
(1), desk (1), drawer (1, 2, 5, 6, 7,
8, 9, 10, 11), dresser (1), house plant
(1), mug (1), pencil (1), statue (1).

- Act: pick up bowl 1
- You pick up bowl (1). You hold bowl (1).
- Think: Now, I need to find box and put

down bowl 1. The box is more likely to
appear in bedroom 1.

- Act: go to box 1
- You arrive at the box (1). The box (1) is

closed. You see basket ball (1), box
(1, 2), chair (2), dining table (1).
You hold bowl (1).

- Act: open box 1
- You open box (1). You see basket ball

(1), box (1, 2), chair (2), dining
table (1). You hold bowl (1).

- Act: put down bowl 1
- You put bowl (1) in box (1).
- Think: Now, I need to pick up box 1.
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- OK.
- Act: pick up box 1
- You pick up box (1). You hold box (1).
- Think: Now, I need to find bed and put

down box 1.
- OK.
- Act: go to bed 1
- You arrive at the bed (1). You see bed

(1), pencil (1), pillow (1, 2), tennis
racket (1). You hold box (1).

- Act: put down box 1
- You put box (1) on bed (1).
- Think: Now I complete the task.
- OK.
- Act: done

G 3DSG Update Procedure

At each time step t, the perception module pro-
duces a partial scene graph o

graph
t+1 from the cur-

rent observation. This partial graph is merged into
the global belief state Gt via the update operator
Gt+1 = UPDATE(Gt, o

graph
t+1 ), which follows four

rules applied in order:
Node update. Every node present in o

graph
t+1 up-

dates its corresponding entry in Gt with the latest
observed attributes. New nodes not yet in Gt are
inserted.
Active entity edges. For active entities—the agent
and any object currently being grasped—all pre-
viously connected edges in Gt are removed and
replaced entirely with the edges from o

graph
t+1 . This

prevents stale spatial relations from persisting as
the agent moves through the environment.
Observed pair edges. For any two nodes that are
both present in o

graph
t+1 , all existing edges between

them in Gt are deleted and replaced with the newly
observed edges. This ensures that local spatial
relationships within the current field of view are
always up to date.
Maintenance. All nodes and edges in Gt that do
not fall under the above conditions are preserved
unchanged.

This incremental strategy ensures that the update
cost scales linearly with the size of each partial ob-
servation rather than the full graph. Furthermore, it
avoids serializing the complete graph into the LLM
context—a practice that becomes intractable as en-
vironments grow—and instead enables selective
retrieval via structured queries.

H Perception Noise Injection Details

We design five noise types that target complemen-
tary aspects of the perceived partial scene graph
o

graph
t+1 , simulating realistic perception failures in

Dataset REACT SQP

TSR SSR TSR SSR

WAH-NL 44.00 58.75 47.00 59.78
ATTPLAN-BASE 65.00 71.73 68.40 74.72
ATTPLAN-ATTR 54.00 58.85 71.20 76.51

Table 8: Performance with GPT-4o as the backbone.
SQP denotes SCENEQUERYPLANNER.

embodied environments: (1) Node omission. A
node is removed from o

graph
t+1 , simulating missed

detections. (2) Category confusion. An object
node’s semantic label is replaced with a visually
similar category (e.g., mug → cup, bowl → plate),
simulating misclassification. (3) Attribute flip.
A binary attribute of a node is inverted (e.g.,
CLEAN → DIRTY, OPEN → CLOSED), simulating
state estimation errors. (4) Edge omission. A spa-
tial edge is removed, simulating failures in spatial
relation detection. (5) Edge relation swap. An
edge’s relation type is replaced with another (e.g.,
ON → INSIDE), simulating spatial reasoning errors.

All five types are applied simultaneously at each
step. For each eligible element (node, attribute, or
edge), each noise type is triggered independently
with a shared probability p. Corrupted partial
graphs affect both the textual observation (derived
from the graph) and the global 3DSG memory (via
the update operator). REACT, which lacks graph
memory, is affected only through the textual obser-
vation and is thus subject to noise types (1) and (2)
only.

I GPT-4o Evaluation

Table 8 reports REACT and SCENEQUERYPLAN-
NER with GPT-4o (Hurst et al., 2024) as the back-
bone, using the same in-context example pool and
decision budget as in Sec. 5.1. Because GPT-4o
does not expose token log-probabilities, we cannot
apply the likelihood-based skill selection used for
open-weight models. Instead, the model generates
an action in free-form text, which is mapped to the
closest executable skill by Sentence-BERT similar-
ity (Reimers and Gurevych, 2019). This mapping
occasionally introduces errors such as repetitive
action loops, introducing an additional source of
inference noise for both planners.
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