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Integrated Exploration and Sequential Manipulation on Scene Graph
with LLM-based Situated Replanning
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Abstract—1In partially known environments, robots must
combine exploration to gather information with task planning
for efficient execution. To address this challenge, we propose
EPoG, an Exploration-based sequential manipulation Planning
framework on Scene Graphs. EPoG integrates a graph-based
global planner with a Large Language Model (LLM)-based
situated local planner, continuously updating a belief graph
using observations and LLM predictions to represent known
and unknown objects. Action sequences are generated by
computing graph edit operations between the goal and belief
graphs, ordered by temporal dependencies and movement costs.
This approach seamlessly combines exploration and sequential
manipulation planning. In ablation studies across 46 realistic
household scenes and 5 long-horizon daily object transportation
tasks, EPoG achieved a success rate of 91.3%, reducing travel
distance by 36.1% on average. Furthermore, a physical mobile
manipulator successfully executed complex tasks in unknown
and dynamic environments, demonstrating EPoG’s potential for
real-world applications.

I. INTRODUCTION

To autonomously perform complex tasks, robots require
an environment representation that is both expressive and
readily queryable for planning. Recently, graph-based scene
representations have emerged as a unifying paradigm [1],
modeling scenes from 3D perception [2-4] and augmenting
them with predicate-like attributes [5-7]. These represen-
tations facilitate action-centric reasoning [8] by grounding
symbolic structure in perception, reducing the burden of
manual domain engineering, and supporting complex ma-
nipulation tasks that are difficult to specify or solve with
traditional pipelines [9-12].

Existing planning methods that leverage graph-based scene
representations largely target two classes of problems: ex-
ploration and sequential manipulation. In exploration, robots
navigate unknown or partially observed environments for
objectives such as mapping [3] or object search [11]. These
settings typically involve limited physical interaction with
the scene, which constrains the range of tasks that can
be executed. Sequential manipulation methods, in contrast,
explicitly model interaction [6, 10] but often assume a fully
known, static environment.

Real-world deployment violates these assumptions. A
robot may have incomplete prior knowledge and may not im-
mediately observe changes induced by human activity [13].
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Fig. 1: An example illustrating the challenges of integrating
exploration and sequential manipulation: (a) Robots must pri-
oritize potential exploration locations and balance exploration with
manipulation tasks to execute efficiently. (b) The robot needs to
engage in situated planning to handle unexpected situations.
Consequently, it must interleave information gathering with
task planning, which introduces three coupled challenges:
1) locating task-relevant objects under partial observability,
requiring prioritized exploration; 2) trading off exploration
and manipulation to reduce overall execution cost; and 3) rea-
soning under uncertainty to produce situated, executable
plans. Fig. 1 illustrates these challenges. Although prior work
addresses subsets of them [14-16], existing approaches often
depend on hand-engineered heuristics, which limit robustness
and scalability in long-horizon tasks.

To address these challenges, we propose EPoG, a frame-
work that integrates Exploration and sequential manipula-
tion Planning on Scene Graphs. EPoG adopts a bilevel
planning architecture for partially observed environments,
leveraging pretrained LLMs for informed exploration and
situated replanning. As shown in Fig. 2, the global planner
incrementally constructs a belief graph from onboard ob-
servations and LLM-based predictions, computes graph edit
operations between the belief and goal graphs, and generates
a candidate action sequence via topological sorting. The
robot executes this sequence while continuously updating
the belief graph with new observations and LLM predic-
tions, thereby interleaving exploration and manipulation in a
closed loop. When execution deviates from the nominal plan,
the local planner invokes LLMs for situated replanning to
resolve exceptions. We evaluate EPoG on five long-horizon
object-transport tasks across 46 household scenes from the
ProcThor-10k dataset [17]. Quantitative results demonstrate
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Fig. 2: Overview of the proposed EPoG framework. In the global planner, the belief graph is updated by estimating the locations of
target objects present in the goal graph but missing in the initial graph, using new observations and LLM predictions. The action plan is
then obtained by performing the topological sort on the graph edit operations between the belief and the goal graph. In the local planner,
the LLM generates a situated action sequence to handle exceptions encountered during execution.

the effectiveness of EPoG, and ablations show that: i) the pro-
posed formulation naturally couples exploration and manipu-
lation, reducing total execution effort; ii) EPoG outperforms
purely LLM-based planners on long-horizon tasks, achiev-
ing substantially higher success rates; and iii) LLM-guided
heuristics and the low-level planner reduce manual design
effort while improving execution efficiency. Experiments on
a mobile robot further validate real-world applicability.

A. Related Work

Task planning with LLMs is increasingly popular in
robotics for interpreting natural-language instructions and
leveraging broad commonsense priors [18-20]. They can
translate high-level commands into executable action se-
quences [21], enabling flexible task specifications across di-
verse environments. However, LLMs remain brittle on long-
horizon problems due to limited spatial grounding, imperfect
handling of temporal dependencies, and difficulty reasoning
under environmental uncertainty [22-24]. To mitigate these
limitations, recent work couples LLMs with classical plan-
ning. For example, Zhou et al. [25] use LLMs to generate
Planning Domain Definition Language (PDDL) domain de-
scriptions, while other approaches use LLMs as heuristics
to guide search or exploration [19,26]. Such hybrid systems
combine the contextual flexibility of LLMs with the reli-
ability and verifiability of symbolic planners. Nevertheless,
most of these methods operate over predicate-based symbolic
states, leaving task planning over graph-structured scene
representations comparatively underexplored. Graph-based
representations [3, 6,9—-12] offer a complementary substrate
by integrating perception with structured spatial and semantic
relations, often providing richer geometric context than flat
predicates. This motivates studying how LLMs can be inte-
grated with graph-based planning: LLMs can supply context-
dependent priors and action proposals, while graph structure
provides grounded relational context for reasoning, constraint
checking, and replanning. Together, these ingredients may

yield more robust and efficient planning in complex, partially
observed environments.

Task planning using scene graphs primarily falls into
two distinct categories: methods based on known scene
graphs that leverage predefined information for task plan-
ning [11,27]; and methods based on unknown scene graphs,
which involve robot exploration and the creation of new
graphs for dynamic task execution [8]. However, these ap-
proaches face three key limitations: 1) Current methodologies
predominantly utilize 2D topological relationships while
neglecting essential 3D spatial attributes (e.g., volumetric
occupancy and geometric constraints), which can compro-
mise task feasibility; 2) the inherent context length limits of
transformer-based models, such as LLMs, impose restrictions
on processing large-scale graphs, which is common for real-
world environments; 3) current planning schemes for graph-
based scene representations inadequately capture spatial-
temporal relationships between scene entities that evolve over
time or by human activities. These challenges motivate the
investigation of new frameworks that can effectively harness
both geometric and semantic information from graph-based
scene representations while addressing computational scala-
bility requirements.

Task planning in unknown environments requires robots
to dynamically adapt plans based on new observations and
continuously update their understanding of the environ-
ment [3,28,29]. Effective planning in such settings ne-
cessitates integrating exploration with task execution, bal-
ancing the acquisition of missing information with goal
achievement. Existing approaches either explore the entire
environment before planning [30] or rely on manually de-
fined strategies [31], resulting in inefficiency and limited
adaptability. In contrast, our work integrates exploration and
planning using a graph-based representation that accounts
for movement costs and employs LLMs for local replanning
to handle exceptions, improving execution efficiency and
versatility in dynamic environments.
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II. PRELIMINARY

In this section, we first introduce the graph-based repre-
sentation used in this work and then elaborate on how the
planning problem is formulated using this representation.

A. Graph-Based Scene Representation

Following [2, 5, 10], the graph-based scene representation
is structured as a tree, providing a hierarchical semantic
abstraction of the environment. A scene graph G = (V, E, A)
consists of scene nodes V, edges FE, and task-dependent
attributes A associated with the nodes, which define the
potential interactions with each node.

Scene Nodes v; € V represent the entities in the scene,
where v; = {0;,¢;, M;, B;). Here, o; is the object’s unique
identifier in the graph, ¢; is its semantic label, M; = {m] |
j=1,...,|M;|} is the set of geometric primitives describing
its full geometry, and B; is its 3D bounding box.

Scene Edges e; ; € I/ are directed edges representing the
supporting relationship between nodes. Each edge e;; =
(v, v5,ti5,¢ 5 is defined by a spatial transformation ¢; ;
from the parent node v; to the child node v; and a semantic
description ¢; ; of the supporting relationship, such as ¢; ; €
{on, contain}.

Attributes A = {(A, A?) | i < |V]|} represent the
attributes assigned to each node v;, where A? is a supporting
attribute indicating whether an object v; can support another.
The attribute A¢ is optional and only assigned to container
objects. Both attributes are used to verify whether a sup-
porting relationship ¢; ; holds, which helps determine the
feasibility of an action during task planning.

Based on the above definition, in this paper, an indoor
scene is hierarchically structured into four levels: Level O:
a House as the root; Level 1: Rooms within the House;
Level 2: Receptacles like containers and surfaces within
the rooms, which serve as support structures; and Level
3+: Objects, which are the primary task targets. This
hierarchical mapping supports downstream tasks and has
demonstrated good results. Fig. 3 provides an example
illustration of an indoor scene with this structure.

B. Problem Definition

In this work, we address the problem of sequential
manipulation planning in a setting with unknown ob-
ject states, a finite number of actions, and determinis-
tic transitions. This problem P is represented by a tuple
(8, A, T,0, 5init, Sgoat)- Given an environment state s € S,
an action a € A can be selected from the set of applicable
actions. The transition function 7' : s 5 s defines the
dynamics of the environment, indicating that executing action
a; in the state s results in a new state s’. The details of these
actions will be introduced in Section III. The observation
obs = {Vops, Eops} € O is what the robot perceives upon
reaching a new state. A solution to the planning problem P
is a sequence of actions m = (aq,...,a;) that transforms
the initial state s;,,;; to the goal state sgoq1.

In this paper, the state s is defined as G. The ini-
tial state s;,;¢ typically includes only House, Room, and
Receptacle nodes, as well as the edges between them,
excluding Ob ject nodes, assuming the robot does not know
object locations. This assumption is valid, as rooms and large

OHouse . Rooms

Fig. 3: An example illustration of an indoor scene.

@ Receptacles 0 Objects

objects are less likely to be frequently moved by humans,
whereas smaller objects may be. The goal state 5404 is
also represented as a graph, including all task-relevant nodes
and their relationships. Object relationships are simplified for
clarity into semantic descriptions, e.g., apple on table.

III. EPOG FRAMEWORK

The proposed EPoG framework addresses task planning
for robots in partially known environments using scene
graphs as the planning representation. It integrates explo-
ration and sequential manipulation to generate efficient ac-
tion sequences, enabling robots to explore unknown environ-
ments while completing tasks. A pre-trained LLM facilitates
situated replanning to handle unexpected situations, improv-
ing robustness and reducing design effort. The following
sections detail the framework and its components.

A. EPoG Overview

Algorithm 1 outlines the EPoG framework, which uti-
lizes a bi-level planning scheme. The global planner begins
with an initial belief graph representing the environment,
combining known and unknown objects and their relation-
ships. This graph is built from prior knowledge, including
object locations, relationships, and spatial constraints, while
accounting for uncertainty in areas that the robot has yet
to explore, using commonsense knowledge from LLMs. As
the robot executes tasks and gathers new observations, the
belief graph is dynamically updated, supporting long-horizon
planning through Graph Edit Distance (GED) and topological
sorting. The process iterates until task completion. If excep-
tions occur during execution, an LLM-based local planner
recursively resolves the issues until the action succeeds. The
following sections detail the global and local planners.

B. Global Planner

EstimateBeliefGraph (-) estimates the distribution
of task-relevant objects and their relationships before plan-
ning. Initially, the belief graph may miss nodes and edges
for task-relevant objects. For each missing node, a pre-
trained LLM infers probable object locations, which are
added to the belief graph. Two prompts are generated per
object: (1) estimate the Room where the object is likely
located, and (2) predict the Receptacle where it might
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Algorithm 1: EPoG

Algorithm 2: Optimized Graph-Based Task Planner

Input : Initial Graph Gini; Goal Graph Gy
// Global Planner
// Initial estimation of the belief graph
Gy <« EstimateBeliefGraph (Ginit);
// Planning on scene graph; see Algorithm 2
P, < GraphBasedPlanner (Gy, Gy);
while P, is not empty do
action < Pop (Py) ;
obs, exception «<— RollOut (action);
Gy, replan < UpdateGraph (Gs, 0bs);
if replan is not none then

‘ P, <« GraphBasedPlanner (Gy, Gy);
end
else if exception is not none then

\ LocalPlanner (exception);
end

D-TE--IEN B Y L S

P <
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end
/I Local Planner
Function LocalPlanner (exception):
/I LLM-based planner; see Section III-C
actions < LLMPlanner (exception) ;
foreach action in actions do
obs, exception < RollOut (action);
/I Recursively resolving exceptions
if exception is not none then
‘ LocalPlanner (exception);
end
end

SIS WO NN D e e =
IEHRRBVBRRELT I

be placed. To complete the belief graph G}, we add task-
relevant nodes V44 and attributes A4, from G4, and edges
E.,; based on the predicted relationships. For each edge
e; = {vi,vj,t; 5, ¢ ), we do not predict the transformation
t;4, as the object pose remains unknown until detection.
In addition, we assume that the information for missing
nodes v; = {o;,¢;, M;, B;) is given in the G4. The final
description of the updated belief graph is thus Gb = (Vinit U
‘/task; Eznzt Y Eesta Aznzt Y Atask)-

RollOut (-) is performed using a motion planner to
generate the motion plan [20] before executing an action.
If the motion planner raises an exception, the action will not
be executed. Otherwise, it is carried out in the environment.
After execution, the robot receives a new observation obs =
{Viobs, Eobs}, Where Vs represents the visible objects and
E,;s denotes the relationships between them. In this work,
we assume that whenever the robot enters a Room, it can
observe all objects and their relationships, except those
contained within a closed Receptacle.

UpdateGraph (-) maintains the belief graph in sync
with current observations, O = (Vops, Eops), Where Vs
represents visible objects (nodes) and F,s captures their
spatial and semantic relationships (edges). If a target object’s
initial position estimate e is absent from V4, the global
planner updates the belief graph by replacing (v;, €err) With
a new estimate (v;, €,¢) based on Gy. For instance, if an
apple is expected on a table but is not found there, the planner
re-estimates its location.

GraphBasedPlanner (-), as detailed in Algorithm 2,
is invoked after updating the belief graph to generate a task
plan with topological sort. Given an initial and goal graph,

Input : Belief graph G4, Goal graph Gy
Output : Optimal plan 7*
1 // Step 1: Generate primitive actions
2 K <« GED (Gy, Gy) ;
operations
3 C « GetConstraints (K) ;
between actions

// min-cost edit

// constraints

4 // Step 2: Initialize search frontier
5 Stack stack — &
6 min_cost «— o0
7 —
8 foreach a € UnconstrainedActions ((K,C)) do
9 stack.push(([a], K\{a}, C\{a})) ; // Search
Node
10 end
11 // Step 3: Depth-first search
12 while —stack.empty() do
13 (7, Ky, C)) < stack.pop()
14 cost «—HeuristicCost (m)
15 // Prune suboptimal branches
16 if cost = min_cost then
17 | continue
18 else
19 // Goal check
20 if IsGoalReached () then
21 7' « InsertWalkActions ()
22 if cost < min_cost then
23 min_cost «— cost
24 ¥ — '
25 end
26 continue
27 end
28 /I Expand successors
29 foreach a € NextActions (K,, C,) do
30 Tnew <— TDa ; // append action
31 me — K. \{a} ; // remove action
32 Chew “\{a}; // remove
constraints
33 stack.push((Tnew, Knew, Crew))
34 end
35 end
36 end

37 return ¥

GED provides a set of graph edit operations that transform
the initial graph into the goal graph with minimal action cost.
Formally,

M»

GED(G1,Gs) = cost (a;) (1)

{ai,... ak}EIC (G1, Gz

where {ai,...,a;} € K(G1,G2) denotes a set of edit

operations transforming G; into G, and cost(a) = 0 is

the cost of each graph edit operation a. We consider four

types of edit operations, corresponding to robot actions:

o delete(e; j) — Pick(v;, v;): Pick object v; from v;.

« insert(e; ;) — Place(v;, v;): Place object v; on v;.

o substitute(A§, opened) — Open(v;): Open door v; to
make contained objects accessible and observable.

« substitute(A$, closed) — Close(v;): Close door v; to
make contained objects inaccessible and unobservable.
Based on this correspondence, we use GED to obtain a
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Fig. 4: Examples of exceptions in motion planning. (a) Blocking:
The robot must avoid collisions with other objects while placing or
picking up objects. (b) Inaccessibility: Successful object retrieval
or placement within a container requires the container to be opened
first. (c) Collision: The robot must ensure that placed objects do
not collide with the environment. (d) Instability: The robot must
maintain the stability of stacked objects during manipulation; for
example, retrieving a book beneath a cup may cause instability.

set of necessary graph edit operations between the belief and
goal graphs, resulting in a set of unsorted actions K. These
actions have temporal dependencies, forming a partially
ordered set. For example, for node v;, the action pick(v;,
v;) must occur before place(v;, -). These temporal depen-
dencies create a constraint set C' = {(a;, a;) | ¢ # j}, where
each action pair (a;, a;) must satisfy the condition a; < aj,
meaning that a; must occur before a;. This ensures that
actions are performed in the correct sequence, respecting the
temporal order necessary to complete the task.

The task planning problem on G can then be formulated
as a topological sorting problem on (K, C), to generate a
sorted sequence of actions 7. To address this, we define a
search node NV = (K’,C’,x’), where K/ < K represents
the unexplored actions, ¢/ < C' denotes the remaining
temporal constraints, 7' < 7 is the subsequence of the action
sequence. K\{a} is the action set except for the action {a}.

HeuristicCost (-) estimates the robot’s travel dis-
tance for the current action sequence. Since some object
poses are unknown to the robot, a Walk action is inserted
where the robot first moves near its parent Receptacle
node. The simple yet effective A* algorithm is used to
estimate the travel distance between actions. As a result,
GraphBasedPlanner accounts for the robot’s movement
cost and seeks to minimize travel distance. Additionally,
a pruning strategy is employed to continuously update the
upper bound of the moving cost, effectively reducing the
search space and optimizing the path planning.

C. Local Replanning

Robots often lack full awareness of environments with
novel objects, leading to failures in global planners that
account for positional uncertainties (e.g., object location
errors) but overlook manipulative space constraints (e.g.,
joint limits, end-effector accessibility). Rule-based methods
like those in [10] offer partial solutions via handcrafted
heuristics but lack adaptability for long-horizon reasoning.
As shown in Fig. 4, we introduce a local planner module
to handle four motion planning exceptions. This taxonomy

System message: As an assistive robot, you must implement cor-
rective actions to address errors that arise during task executions.
Task description: You will resolve errors during task executions
using the following primitives: Pick(x, y) to pick item x from
y, Place(x, y) to place item x on y, Open(x) to open X, and
Close(x) to close x. Additionally, you may temporarily place
objects in a designated parking area.

Example: The motion exception is: "Placing vi on vs fails
because v collides with vs. The parking place is vo.”
Analysis: Object v1 collides with vs, so vs must be adjusted to
allow v to be placed on vs.

Robot Hand State: Since the failed action was a placement, my
hand is occupied with v;.

Steps to Resolve:

1. Place v in the parking area: Place(l, 0).

2. Remove the collision by picking vs: Pick(3, 2).

3. Move vs3 to the parking area: Place(3, 0).

4. Pick vy from the parking area: Pick(1, 0).

5. Retry the failed action by placing v1 on ve: Place(l, 2).

1 summarize the action sequence: [Place(l, 0), Pick(3, 2),
Place(3, 0), Pick(l, 0), Place(l, 2)]

Question: You attempted to (failure_action), but it failed due
to {exceptiony. The parking place is (parking_place).

Fig. 5: Prompt templates used by LLMPlanner. Chain of thought
(CoT) prompts, and action primitives prompts.

addresses two key limitations: 1) While global planning
considers positional uncertainty, it neglects constraints from
robotic embodiment (e.g., reachability, stability). Our classi-
fication systematically captures these interaction constraints;
2) The exception types align with standard motion plan-
ner diagnostics, allowing direct mapping to native planner
outputs (e.g., Virtual Kinematic Chain (VKC)’s collision
checking [32])—a critical feature for real-time exception
handling in manipulation tasks. The prompts for guiding
the LLM in inserting corrective actions for these exceptions
during task execution are summarized in Fig. 5.

IV. SIMULATION AND EXPERIMENT

In simulations, we conduct an ablation study of the EPoG
framework on five complex, long-horizon daily object trans-
portation tasks across realistic scenes from the ProcThor-
10k dataset [17]. Then, we illustrate the planned action
sequences, highlighting EPoG’s efficiency in task execution.
We finally validate the EPoG framework through experiments
on a physical robotic mobile manipulator with perception,
confirming its effectiveness in real-world scenarios.

A. Simulation Setup

We evaluate five complex, long-horizon daily object trans-
portation tasks, summarized in Table I: 1) Breakfast Prepa-
ration, 2) Bedroom Work, 3) Movie and Snack Preparation,
4) Tea Making and Relaxation, and 5) Bath Preparation.
A total of 46 scenes were filtered from the ProcThor-10k
dataset, each containing task-relevant objects. Four types of
exceptions were randomly generated near these objects in
each scene, with two exceptions present per scene. In the
study, each task is performed once for each scene, and the
following metrics are evaluated: %SR: The percentage of
successfully completed tasks out of the total scenes. %EN:
The average percentage difference in newly explored nodes.
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% TD: The average percentage difference in travel distance
(in meters) required to complete the task in each scene. Both
%EN and %TD are calculated relative to the results of EPoG.

TABLE I: Benchmark tasks and their goal predicates.

No. Task Scenes  Goal Conditions

1 Breakfast Prep. 10 {apple, bread, fork} —
plate

plate — diningtable

2 Bedroom Work 10 {alarmclock, CD, laptop,

pencil} — desk
3 Movie & Snack 10

remote — sofa
bread — plate; plate —

diningtable

4 Tea & Relax 10 kettle — countertop; cup —
diningtable
remote — sofa

5 Bath Prep. 6 {socapbottle, cloth} —

faucet

B. Ablation Study

To evaluate embodied task planning under environmental
uncertainty systematically, we designed three baselines for
the ablation study:

o The LLM Planner isolates data-driven planning by testing
how LLMs overcome geometric infeasibility via iterative
self-correction without explicit environment modeling—a
scenario common in zero-shot deployments [21,29].

o The Exploration+LLM Planner variant proactively ex-
plores the environment with optimized travel distance,
establishing an upper bound for perception-planning
pipelines in the absence of environmental priors. This
configuration evaluates the extent to which exploration
mitigates manipulative uncertainty.

o The Exploration+PoG variant implements a traditional
rule-based planner with explicit exception handling
from [10], serving as a reference for planners that rely
on predefined spatiotemporal constraints and revealing
differences in handling open-world task variance.

Our baseline design shows that planners integrating LLMs,
including the Exploration+PoG, leverage the LLM’s open-
world understanding to facilitate execution efficiency. How-
ever, LLMs may suffer from hallucinations and reasoning in-
consistencies in complex or uncertain environments, whereas
traditional symbol-based planners tend to achieve higher
success rates due to their deterministic, rule-following nature.

Table II summarizes the results. Overall, the LLM planner
exhibits lower success rates, particularly in long-horizon
planning, as it often fails (with a maximum of 20 retries
allowed per scene) to predict the next action correctly, such
as walking to the wrong location for pick or place, or failing
to find all task-relevant objects. This is because the LLM
struggles to reason over complex, information-rich scene
graphs and use them effectively for planning. Additionally,
even in successful cases, the LLM planner generates less
efficient plans for higher %TD. In contrast, EPoG achieves
an overall success rate of 91.3%, with a reduction of 40.0%
in explored nodes and 36.2% in travel distance compared

to the Exploration+PoG baseline. This is due to EPoG’s
integrated manipulation planning and informed exploration
strategy, which results in lower %EN and %TD. EPoG
continuously updates the belief graph with LLM heuris-
tics and observations, optimizing both exploration and task
execution. However, EPoG still encounters 8.7% planning
failures under compound exception conditions. Although
EPoG’s global planning algorithm guarantees complete task
accomplishment through graph editing operations, its local
planning module manifests cognitive ambiguities when han-
dling compound exceptions induced by combinatorial object
configurations. Despite minor performance losses in the local
planner, the LLM-based local planner effectively handles
random exceptions without requiring manually defined rules.

C. Case Study

Fig. 6 provides a graphical illustration of the robot’s
paths during two tasks. For clarity, only movements between
Rooms or Receptacles are shown, omitting actions
performed on Objects within the same Receptacle. In
Fig. 6(a), EPoG demonstrated efficient task execution by first
placing items on a plate in the kitchen (1) — @) — (3)), then
transporting the plate to the living room (— @)). In contrast,
the LLM-based method did not effectively use the plate as
a transport tool, instead opting to carry objects separately,
leading to a longer action sequence and increased travel
distance. In Fig. 6(b), EPoG initially used the LLM’s com-
monsense knowledge to incorrectly estimate the cloth’s
location on the nightstand. However, EPoG enabled the robot
to update the belief graph dynamically with new observations
and regenerate a task plan. The robot then efficiently located
the cloth in a cabinet and completed the task. Both tasks
demonstrate EPoG °’s ability to seamlessly integrate explo-
ration and planning, resulting in efficient task execution by
reducing overall travel distance. In contrast, exploration-first
strategies led the robot to explore unnecessary locations. The
LLM planner struggled with the complexity of large scene
graphs, resulting in unnecessary travel between irrelevant
locations and increased total travel distance. Although the
PoG method optimized the plan, the separation of exploration
and planning led to higher execution effort due to longer
travel distances.

D. Experiment Setup

We conducted two real-world experiments on a physical
mobile manipulator to evaluate EPoG’s ability to plan with
unknown object states and resolve exceptions during task
execution. Notably, our physical robot experiments focus
on validating the task planning performance of the EPoG
framework in real-world environments, while deliberately
abstracting away implementation details of robot perception.
The experiments utilized VKC-based mobile manipulation
planning [32,33] and Curobo [34] to generate real-time
whole-body trajectories for object interactions.

Fig. 7 illustrates the task setup. In the first experiment
(Fig. 7(a)), the robot is tasked with moving a basket onto a
coffee table and placing a toy cabbage and a cup into the
basket. Initially, the robot is aware of the cabbage and basket
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TABLE II: Ablation Study

Method Breakfast Prep. Bedroom Work Movie and Snack Prep. Tea Making & Relax. Bath Prep. Total
%SR?  %EN| %TD| %SR? %EN| %TD| %SRt %EN| %TD| %SRt %EN| %TD| %SRt %EN| %TD| %SRt %EN| %TD|
LLM 10.0 +0.0 +110 10.0 +0.0 +48.7 10.0 +0.0 +179 40.0 +103  +115 16.7 +0.0 +16.7 174 +2.05  +93.9
Exp. + LLM  40.0 +77.9  +80.6 40.0 +75.9  +84.0 40.0 +50.4  +248 60.0 +75.0  +124 16.7 +168  +63.2 413 +89.4  +120
Exp. + PoG 100 +77.2  +59.0 100 +504  425.0 100 +66.5  +112 100 +67.9  +122 100 +104  +60.5 100 +732  +75.6
EPoG (ours) 100 521 35.8 100 50.8 52.1 80.0 529 33.0 90.0 521 23.5 833 46.4 43.6 91.3 51.9 37.8
Initial State LLM Planner Exploration + LLM Planner Exploration + PoG EPoG(ours)

~——> Travel to

<«————> Travel to and from
Explore

I
(b) Bath Preparation

Fig. 6: Ilustrations of the robot’s paths for two tasks, highlighting key locations and actions.

states, but the cup’s location is unknown. Using LLM, the
robot infers that the cup might be on the coffee table, and the
global planner of EPoG generates an optimized task plan to
minimize travel distance. The robot first places the cabbage
in the basket, moves the basket to the table, and then plans
to retrieve the cup from the coffee table and place it into the
basket. However, when the cup is not found on the table,
the robot updates its belief graph and ultimately locates the
cup on top of a cabinet, successfully completing the task.
In the second experiment (Fig. 7(b)), the robot is instructed
to place a tissue box on a coaster on the coffee table. The
robot must handle exceptions like inaccessibility, blocking,
and potential collisions during the task. The LLM correctly
estimates the tissue box to be inside a closed closet, but the
contents of the closet are unknown. After opening the closet,
the robot discovers that a cup is blocking the tissue box, so
it temporarily moves the cup to a shelf. Similarly, when a
tea can obstructs the coaster, the robot sets down the tissue
box, removes the tea can, and successfully places the box on
the coaster. Throughout the process, EPoG primarily relies
on its local planning module to manage these exceptions
effectively. The robot’s execution details are documented in
the supplementary video.

House

Livingroom

O Nodes . Receptacle
@ House () Objects’ End State
. Rooms O Objects’ Start State

House

Livingroom

3 V oD Tissuebox

Fig. 7: Real-world experiments. (a) The robot must place three
objects (with one unknown object) on a coffee table. (b) The robot
must retrieve a tissue box from a closet and place it on a coaster, first
removing a cup and a tea can that obstruct task execution. Object

states in the closet and on the coffee table are initially unknown.
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V. CONCLUSION

In conclusion, we presented EPoG, a planning framework
that effectively integrates exploration and task planning
within unknown environments using graph-based represen-
tations. By utilizing a bi-level planning scheme, EPoG com-
bines graph-based sequential planning with LLM-based local
replanning, enabling robust long-horizon operation and effec-
tive handling of unexpected situations. Studies across daily
complex object transportation tasks demonstrated EPoG °’s
efficiency in task execution and potential for real-world
robotic applications. Future integration of a 3D scene graph
perception module, along with the incorporation of Task and
Motion Planning (TAMP) methods [35,36], could further
improve its practicality, advancing robots’ capabilities in
real-world scenarios.
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