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Abstract—We consider an open-world planning setting in
which service robots operate in unknown environments with
incomplete knowledge of objects and actions. Traditional closed-
world approaches with pre-programmed knowledge bases fail
when robots encounter unexpected situations and tasks, posing a
fundamental challenge for autonomous knowledge expansion in
human environments. In this work, we propose an open-world
planning framework that enables robots to automatically gen-
erate, verify, and update hypotheses about their abstract world
models. Our key insight is to explicitly maintain uncertainty-
aware knowledge expansion and integrate hypothesis verifica-
tion into goal-reaching planning. Our framework, Hypothesis-
driven Uncertainty-aware Model Expansion (HUME), leverages
foundation models to generate initial hypotheses over states and
transitions, and applies automated planning to produce action
sequences that jointly address hypothesis verification and task
execution. Through iterative execution and refinement, the robot
expands its knowledge by incorporating verification feedback
from the foundation models when hypotheses prove incorrect.
Extensive experiments in simulated and real-world environments
demonstrate that our framework enables autonomous knowl-
edge expansion and effective operation in open-world settings.
These results indicate that integrating uncertainty-aware model
expansion from robot foundation models with planning advances
the practical deployment of household service robots. Project
website: open-world-planning.github.io

I. INTRODUCTION

Home service robots operate under substantial uncertainty
in real-world household environments, where objects may be
hidden, their attributes unknown, and the effects of actions
underspecified. Consider a daily task such as “serve a heated
chicken burger”, as shown in Fig. 1. To accomplish this task,
a robot must infer the burger’s location, determine whether
it is made of chicken, and, in some cases, reason about
appliance-specific action effects, such as how much the heating
time increases when pressing the ‘+’ button on a microwave.
These challenges make household environments inherently
open-world. Classical automated planning relies on predefined
state representations and transition models [4, 18, 19]. While
effective in well-specified domains, this reliance on manually
designed knowledge and closed-world assumptions limits gen-
eralization to open-world settings with underspecified knowl-
edge. In contrast, Large Language Models (LLMs) exhibit
remarkable reasoning and generalization to predict plausible
plans without explicitly modeling states or transition dynamics
[5, 16, 24, 25, 34]. Yet, in open-world settings with partial
information, these properties can blur the boundary between
reasoning grounded in known facts and reasoning based on
hallucinated knowledge. This motivates a central question of

Hypotheses are uncertain: 
H1, H2, H3, …

H3: may add 10 seconds
of heating time

H1: may be inside the fridge

H2: may be made of chicken

“Heat up a chicken burger”

Fig. 1. Illustration of a service robot operating in an open-world scenario.
To fulfill tasks such as “heat up a chicken burger”, the robot must expand
its abstract world model and account for uncertainty during planning.

this work: how can we combine structured reasoning with the
unstructured open-world knowledge of foundation models?

To bridge this gap, recent research has explored using
foundation models to construct or fix symbolic representations
of the environment [1, 6, 15, 35, 37, 61–63]. These approaches
allow models to generate planning domains [1, 35, 37, 61–
63], infer missing preconditions or effects [6, 15], and con-
struct probabilistic world models [11]. While promising, such
methods largely rely on passive inference: once a model is
generated, it is typically assumed to be correct or only updated
indirectly through execution failures. However, ignoring uncer-
tainty in expanded world knowledge can cause silent failures,
as plans may still be executed even when object attributes or
action effects are incorrectly predicted.

This limitation motivates our core insight: in open-world
planning, model expansion itself must be treated as an uncer-
tain and actively verifiable process. From a decision-theoretic
perspective, this corresponds to a Bayes-adaptive view of
planning [17], in which the agent explicitly reasons over
uncertainty in the underlying world model and selects actions
that jointly achieve task goals and reduce model uncertainty.

Building on this perspective, we propose HUME
(Hypothesis-driven Uncertainty-aware Model Expansion), an
open-world planning framework that integrates structured
symbolic reasoning with the unstructured commonsense
priors of language models through explicit, uncertainty-aware
world model expansion (Fig. 2). The robot maintains a
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Fig. 2. High-level idea. It combines foundation-model priors as hypotheses
with grounded interaction to iteratively expand its environment model.

set of object-centric hypotheses representing unknown or
uncertain aspects of the environment, such as object locations,
attributes, or the effects of actions applied to them. These
hypotheses are generated by foundation models and are
treated as uncertain latent variables rather than as facts. Given
this formulation, the planning problem is formulated over
an augmented representation that includes both the known
model and these uncertain hypotheses. Through appropriate
determinization [64], we demonstrate that a classical planner
can be applied to produce partially grounded plans that
explicitly interleave task execution with verification. During
the execution, the foundation models also help ground and
update these hypotheses based on new sensory observations
and historical information. These hypothesis instances thus
serve as both imagination and memory, enabling continual
active expansion of the world model. We demonstrate
the generality of HUME across diverse open-world tasks,
including Block Processing World, mobile manipulation in
unknown environments, and appliance operation. Experiments
in both simulation and real-world show that our framework
enables autonomous knowledge expansion and effective
task execution in open-world settings for both classical
formal planners and language model planners. Our results
highlight the importance of integrating uncertainty-aware
model expansion into planning, which we believe is critical
for deploying service robots in real open-world environments.

II. RELATED WORK

A. AI Planning with Foundation Models

Recent advances in foundation models have spurred growing
interest in using language models for zero-shot decision-
making, predicting planning outcomes without explicit for-
ward search. These approaches leverage commonsense knowl-
edge encoded in LLMs to directly generate structured plans,
such as action sequences [5, 16, 24, 25, 39, 42, 46], or
executable code [34, 47, 48, 52]. Such plans are often refined
through self-reflection using passive feedback [39, 45, 49, 54],
while retrieval-augmented methods further incorporate past
experiences [55]. Despite these advances, LLM-based plan-
ners still struggle with long-horizon coherence, constraint
enforcement, and active information acquisition under uncer-
tainty [3, 9, 60, 66]. To mitigate these limitations, recent
work integrates LLMs with classical planning frameworks to
combine symbolic structure. In such hybrid systems, LLMs
could assist with goal interpretation [36, 59], planning tool
selection [3], and heuristic guidance [33, 46, 60, 67]. More
recent approaches integrate the concept of model acquisition

[8, 14] with foundation models to extend or revise planning
domains, for example by generating domain descriptions from
demonstrations [1, 35, 37, 58, 61, 62], performing program
induction [11, 65], inventing novel spatial predicates [9, 32], or
inferring missing preconditions and effects [6, 15]. However,
such domain knowledge is often static after generation or
updated only through passive external feedback [6, 11, 68].
Building on this line of work, we explore uncertainty-aware
world model expansion, where robots plan actions to reach in-
formative states for evaluating expanded knowledge. From this
perspective, our approach casts embodied question answering
[12, 43] as a proactive process and integrates it into the
full task-planning pipeline, by explicitly encoding verification
queries within the planning problem itself.

B. Planning in the Open World

To relax closed-world assumptions, some approaches incor-
porate external knowledge bases as priors [7, 27], and rely on
replanning when outcomes deviate from expectations. Without
explicitly modeling uncertainty, such planners struggle to
reason about silence failures and risks. Belief-space planning
addresses this challenge by maintaining probabilistic beliefs
over world states [10, 20, 29], enabling principled reasoning
under partial observability and environmental uncertainty. This
formulation has been widely and successfully applied to open-
world tasks, e.g., object search [2, 53, 57]. However, construct-
ing such structured belief models typically requires extensive
hand-engineering of concepts such as objects, attributes, and
action effects, along with their associated priors and belief
update mechanisms, which significantly limits scalability in
open-world scenarios. In contrast, LLMs encode rich unstruc-
tured priors over world knowledge, enabling implicit reasoning
about objects, actions, and outcomes, which is leveraged by
[50] to generate information-gathering actions in short-horizon
tasks. To bridge unstructured priors with uncertainty-aware
planning, [11] uses LLMs to specify observation models and
belief updates over predefined POMDP abstractions, but does
not explicitly model uncertainty in the generated knowledge
and relies on predefined passive feedback for updates. [51]
demonstrates the ability of LLMs to generate high-quality
particle beliefs over object locations and human goals for
online POMDP planning. Recent work [66] combines vi-
sual predicate evaluation with uncertainty-aware planners for
undefined object attributes, yet relies on manually specified
information-gathering actions and does not address object
locations or action effects. Our method addresses the gaps by
integrating LLM-derived priors into structured, uncertainty-
aware knowledge expansion as hypotheses over factorized
object locations, attributes, and action effects, conceptually
aligning with Bayes-adaptive planning [17], in which uncer-
tainty arises from unknown or evolving models of the world.

III. PROBLEM FORMULATION

A. Problem Setting

We consider planning under an incomplete world model,
in which a robot operates in an environment with missing
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content:
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cup* cup) (A plate* diningtable 2))
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Fig. 3. Overview of the HUME. The robot iteratively generates hypotheses to expand its model, plans with a model augmented by uncertain hypotheses,
and executes actions to verify and update these hypotheses using newly acquired observations.

object-centric knowledge. The robot is equipped with an
abstract environment model M = ⟨S,P,A, T ⟩, where S
denotes the symbolic state space defined by a predicate set
P , A is the action space, and T : S × A → S is a
deterministic transition function over known predicates. The
true environment is governed by an unknown ground-truth
model Mgt = ⟨Sgt,Pgt,A, Tgt⟩, which may include additional
objects, predicates, or transition effects not captured in M.
As a result, M provides only a partial abstraction of the real
world. Tasks are specified via natural language instructions
L, corresponding to an unknown goal set G ⊆ Sgt. The
robot starts from an initial state s0 ∈ S and aims to reach
a state s ∈ G. We therefore define a planning problem as
Π = ⟨s0,G,M⟩. Since critical knowledge required to reach G
may be missing fromM, planning directly in the initial model
is generally infeasible. The central challenge is therefore to
plan and act effectively under model incompleteness.

B. Planning with Uncertain Model Expansion

To address model incompleteness, we introduce a
hypothesis-driven planning formulation that explicitly repre-
sents missing knowledge. We define a model expansion as a
set of factorized hypotheses H = {h1, . . . , hn}, where each
hypothesis hi encodes an object-centric fact, such as object
existence, attribute membership, or previously unmodeled ac-
tion effects. Collectively, these hypotheses parameterize an ex-
panded world model. Hypotheses are generated by a function
g : (M, L) → H, which produces task-relevant hypotheses
conditioned on the current model and instruction, avoiding
exhaustive reasoning over all unknowns. The truth of each hy-
pothesis hi is defined by v(hi) ∈ {0, 1}. The robot maintains
a belief over the truth of hypotheses b(H) = p(v1, . . . , vn | τ),
capturing uncertainty about the true environment model. For
each hypothesis hi, a verification action is generated by a
function ϕ : hi → Ai

verify, where Ai
verify denotes information-

gathering actions. The overall action space is augmented as
A′ = A∪{Ai

verify}. Decision-making is formulated as a Bayes-
adaptive MDP [17] with state (s0, b(H)). Given an action a ∈
A′, transitions follow the expected modelM∗ =M◦H under

Algorithm 1 Hypothesis-Driven Open-World Planning
Require: Task L, Model M0, State s

1: Initialize hypothesis set H ← ∅, M←M0

2: History Chist ← ∅
3: G ← TRANSLATOR(L)
4: while not done and i < Imax do
5: i← i+ 1
6: H ← HYPOTHESESGENERATOR(H,M, s,G, Chist)
7: π ← PLANNER(s,G,M, b(H))
8: for action a ∈ π do
9: if a = ah

verify then
10: v(h)← VERIFY(h,Chist)
11: Chist ← Chist ∪ {v(h)}
12: else
13: s, obs← EXECUTE(a)
14: Chist ← Chist ∪ {(a, s, obs)}
15: end if
16: end for
17: end while

the current hypotheses, and the hypotheses are updated based
on observed outcomes. The planning objective is to compute
a plan π : S × b(H) → A∗, i.e., an action sequence, that
maximizes expected cumulative reward by jointly reasoning
over task execution and hypothesis verification.

IV. OPEN-WORLD PLANNING WITH HYPOTHESIS-DRIVEN
UNCERTAINTY-AWARE MODEL EXPANSION

We propose a hypothesis-driven framework for open-world
planning in which a robot incrementally expands its world
knowledge by generating, reasoning over, and verifying miss-
ing object-centric knowledge. As illustrated in Fig. 3, the
framework operates in an iterative loop of model expansion,
planning, and execution. It starts from an initial symbolic
model that provides only a partial abstraction of the envi-
ronment, consisting of environment knowledge represented
as a scene graph and domain knowledge represented as a
PDDL domain file. Given a task-specified goal state that
cannot be achieved under the current model, a hypothesis
generator identifies missing knowledge and formulates object-
centric hypotheses, such as unknown object locations, novel



attributes, or unmodeled action effects required for the task.
The planner treats these hypotheses as uncertain variables
and, given the current model, hypotheses, and goal, constructs
action sequences that both make progress toward the task
and verify the hypotheses on which the plan depends. During
execution, verification actions invoke a vision–language model
to confirm or reject hypotheses, triggering model updates and
replanning when necessary. Through this closed-loop process
(Algorithm 1), the robot progressively adapts its world model
and improves performance in previously unseen environments.

A. Model Initialization

We assume that for each task class there exists an initial
symbolic model M capturing the robot’s prior knowledge of
the environment. This model encodes known objects and loca-
tions, a predicate vocabulary, and transition dynamics defined
by action preconditions and effects. In our framework, the
world model is decomposed into environment knowledge and
domain knowledge. Environment knowledge is represented as
a scene graph of rooms, locations, and objects, along with their
relations. Domain knowledge is specified in PDDL format
[18], defining the preconditions and effects of actions. An
example action definition is shown below.
(:action pick

:parameters (?r - Robot ?o - Obj ?l - Location)
:precondition (and (HandEmpty ?r) (At ?r ?l)
(At ?o ?l))

:effect (and (¬HandEmpty ?r) (Holding ?r ?o)
(¬At ?o ?l))

)

Since PDDL provides a deterministic description of action
dynamics, the initial model typically captures only limited
transition knowledge. In practice, this model may be obtained
through manual specification by domain experts or automati-
cally extracted offline from large-scale datasets by prompting
language models with task descriptions and demonstrations
[62]. In open-world settings, however, critical information is
inevitably missing, including object locations, object attributes,
and object-specific action effects.

B. Model Expansion as Hypotheses

To reason beyond the initial symbolic abstraction, we ex-
plicitly represent model expansion through a set of hypotheses.
Each hypothesis h ∈ H corresponds to an object-centric fact
with an initially unknown truth value. Hypotheses act as ten-
tative extensions to the world model and can be incrementally
introduced, reasoned over, and verified. For example, consider
the following object existence hypothesis:
{

id: h1,
type: object_existence,
description: There may be a plate in fridge2 in
kitchen2,

content: add_fact(plate*, (Obj plate*) (Is
plate* plate) (At plate* fridge2)),
condition: None,
verification_condition: (At ?r fridge2) (IsOpen
fridge2)

}

This hypothesis introduces a hypothetical object instance
(plate*) into the symbolic model and assumes its possible
existence at a specific location. The content field defines
an API call that modifies the PDDL problem file; in principle,
this API can also be generated by a language model. The
verification condition specifies how the hypothesis can be
tested, for example by requiring the robot to be co-located
with the object in an accessible open area. More hypotheses
can be constructed by conditioning on other ones. For instance,
an attribute hypothesis may depend on a previous hypothesis:
{

id: h2,
type: object_attribute,
description: The plate* is orange,
content: add_fact(plate*, (Orange plate*)),
condition: h1,
verification_condition: (Holding ?r plate*)

}

Here, hypothesis h2 assumes an attribute of the object
introduced by h1 and is meaningful only if the object exists.
Its verification requires a more informative interaction, such
as the robot holding the object. Hypotheses can also encode
action effects, such as the outcome of pressing a button:
{

id: h3,
type: action_effect,
description: Pressing button1 may turn on the
kitchen1 light,
content: add_effect(press, (when (= ?o button1)
(light_on kitchen1))),

condition: None,
verification_condition: (At ?r kitchen1)

}

Collectively, the hypothesis set factorizes uncertainty over
a single, unknown expanded world model. The content
field specifies the structural model expansion introduced by a
hypothesis, while the verification_condition defines
the preconditions required to verify it. If the verification
condition is None, the hypothesis is assumed to be true in
our pipeline without requiring explicit verification.

C. Task-Oriented Hypothesis Generation

We formulate hypothesis generation as a structured genera-
tion problem in which a large language model (LLM) maps a
natural language instruction and the robot’s current knowledge
of the environment into a hypothesis space. Let L denote the
natural language instruction, and let M0 represent the initial
symbolic world model. The objective is to identify a set of
hypotheses H that bridges the gap between the goal state
implied by L and the current scene graph s0 ∈ S.

Given an instruction L, we first parse it into a formal
goal specification G, represented as a conjunction of logical
predicates. For example, the instruction “Serve me a hot veggie
burger at a desk” is parsed as: (exists (?o ?l) (and
(burger ?o) (veggie ?o) (hot ?o) (desk ?l)
(at ?o ?l))). By comparing the goal specification g with
the current scene graph and domain knowledge in M0, the
robot identifies missing objects Omiss and missing predicates
Pmiss. To facilitate more structured reasoning, the LLM is



prompted to further categorize the missing predicates into
attribute predicates (e.g., visual or semantic properties) and
effect predicates (e.g., state changes resulting from interac-
tions), yielding Pmiss → {Pattr,Peff}. Hypothesis generation
is then performed by an LLM-based generator ΦLLM, which
conditions on the current scene s, the goal condition G, the
categorized missing predicates, and a historical context Chist:

H = ΦLLM(s0, g, {Pattr,Peff}, Chist,M), (1)

where H denotes a set of plausible hypotheses. To ensure con-
sistency and avoid redundant exploration, the history context
Chist maintains a trace of execution, previously generated hy-
potheses, and their verification outcomes, thereby preventing
cyclic generation of hypotheses that have already been refuted.

D. Planning Under Hypothesis Uncertainty

We model the open-world planning problem as a tuple
Π = ⟨S+,P+,A+, T +, s0,G⟩, where uncertainty is explicitly
represented through a set of hypotheses H generated by the
hypothesis generator. Each hypothesis h ∈ H corresponds to
a proposition whose truth value is not known a priori. For
each hypothesis h, we introduce a belief variable b(v(h)) ∈
{True,False,Unknown}, indicating the estimated truth of
the hypothesis. The augmented state space is defined as
S+ = S×B, where B denotes the space of belief assignments
over all hypotheses. Initially, all hypotheses are unverified,
i.e., ∀h ∈ H, b(v(h)) = Unknown. To resolve hypoth-
esis uncertainty, we introduce a set of verification actions
Averify ⊂ A+. For each hypothesis h ∈ H, an abstract action
ahverify is generated to observe its truth value through sensing
or interaction. Executing ahverify yields a non-deterministic
outcome, turning b(v(h)) to either True or False.

To enable efficient planning with classical deterministic
planners, we apply all-outcomes determinization [64] to ver-
ification actions, which allows the planner to reason over
individual outcomes of an otherwise non-deterministic action.
Specifically, each verification action ahverify is determinized into
two actions, ah+verify and ah−verify, corresponding to the hypothesis
being verified or refuted, respectively. In our setting, we further
apply an explicit branch cut by excluding ah−verify from the
planning graph. This is because falsified hypotheses cannot
satisfy the current goal specification and therefore do not
contribute to successful plans under the current hypothesis
expansion. As a result, the planner is encouraged to adopt
an optimistic strategy in the face of hypothesis uncertainty,
while negative outcomes are handled at execution time through
hypothesis rejection and replanning.

The PDDL definition of a verification action ahverify follows
the template:

(:action verify_h
:parameters (?r - Robot ?o - Obj ?l - Location)
:precondition (and (At ?r ?l) (¬True ?h) (Related

?h ?o) ϕcond ϕverify)
:effect (and (True ?h))

)

where ϕcond encodes dependencies between hypotheses and
ϕverify specifies the sensing or interaction constraints required
to verify h. To bias the planner toward resolving uncertainty
early, we associate a high cost with actions that rely on
unverified hypotheses. Specifically, for any action a involving
an object associated with hypothesis h, an additional penalty
cost c ≫ 0 is incurred if b(v(h)) = Unknown. This design
encourages the planner to schedule verification actions ahverify
before manipulation actions that depend on h, effectively trad-
ing short-term verification cost for reduced execution risk due
to incorrect hypotheses. The resulting deterministic planning
problem is solved using the Fast Downward planner [22].

E. Hypothesis Verification and Model Update

During execution, standard actions are carried out by the
robot’s low-level skill library. When the plan prescribes a
verification action a ∈ Averify, the system invokes a dedicated
verification routine. Since the planning process explicitly rea-
sons about the preconditions verification_condition
required for hypothesis verification, such actions are executed
only when the robot is already in a state suitable for reliable
verification, as predicted by the language model. In practice,
verification actions are grounded using either prebuilt percep-
tion modules or a VLM, depending on the type of hypothesis.
In our implementation, hypotheses concerning object existence
are verified by comparing the hypothesized objects against
a newly observed scene graph, whose nodes are constructed
by object detectors. For more fine-grained hypotheses, such
as object attributes or action effects, a VLM is queried with
the current image or the latest several images together with
the hypothesis description to perform question answering.
Based on the resulting sensory feedback, each hypothesis
is either confirmed or refuted. If a hypothesis is verified,
the corresponding fact is incorporated into the world model,
provided that it does not conflict with existing knowledge. If
the hypothesis is refuted, it is marked as false (vh ← False)
and recorded in the history context Chist. The hypothesis
generator is then re-invoked to produce alternative hypotheses
conditioned on the accumulated history and newly available
observations, triggering a replanning cycle.

F. Necessary Assumptions

We summarize the key assumptions underlying our frame-
work for extending automated planning with open-world
knowledge from foundation models. These assumptions are
consistent with prior work in automated planning and LLM-
based planning, and are necessary for making the problem
tractable and empirically feasible. Our framework relies on
the following assumptions: (1) Task Scoping: We focus on
uncertainty from underspecified symbolic world modeling
and assume reliable execution of a library of atomic skills
when under full observability. (2) Goal Requirements: Task
goals must be expressible in structured logic, and define the
abstraction of missing knowledge and be verifiable using the
robot’s sensing capabilities at some known configurations. In
particular, missing object concepts and predicates are assumed
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Fig. 4. Overview of the analysis of six planning categories, organized by
representation and inference methods.

to be encoded in the task instructions. (3) Language Model:
The language model is assumed to be able to generate correct
hypotheses within a bounded number of attempts, possess the
internal reasoning ability to propose verification conditions,
and evaluate hypotheses from raw sensory observations.

V. EXPERIMENTS AND RESULTS

To examine the usage and impact of uncertainty-aware
model expansion in open-world planning, we evaluate HUME
guided by the following research questions:

RQ1: Does explicitly representing model expansion enable
effective planning under incomplete knowledge?

RQ2: How does the planner’s awareness of hypothesis un-
certainty influence decision-making and exploration behavior?

A. Approaches

We compare six approaches that differ along two principal
axes: (1) Representation, namely whether model expansion
is explicit and whether uncertainty awareness is incorporated;
and (2) Inference Method, which distinguishes between for-
mal symbolic planners and Large Language Models (LLMs).
See Fig. 4 for an overview. We use gpt-4.1-2025-04-14
as the language model across all modules and approaches.
1) Formal Planner w/o Model Expansion: A standard PDDL

planner operating on the initial partial model.
2) LLM as Planner w/o Model Expansion: An LLM Planner

that directly predicts action sequences from observations
and instructions, without explicit world model expansion,
representing a set of LLM-based methods [25, 34, 48, 49].

3) Formal Planner with Model Expansion: A PDDL planner
augmented with hypotheses generation, treating all hypoth-
esized knowledge as definite facts. This represents a set of
language-augmented symbolic planners [6, 15].

4) LLM as Planner with Model Expansion: An LLM Planner
uses the same hypothesis generation mechanism, but relies
on an LLM to plan over the expanded knowledge base.

5) Formal Planner with Uncertain Model Expansion: A
PDDL planner considers hypotheses as uncertain object-
centric facts, enabling plans that both achieve task goals
and actively verify assumptions.

6) LLM as Planner with Uncertain Model Expansion: An
LLM Planner considers hypotheses as uncertain object-
centric facts, enabling direct comparison with symbolic
planning under same representation.

B. Simulation Scenarios

1) Block Processing World: As illustrated in Fig. 5 left,
Block Processing World extends the classic Blocks World
domain with multiple block processors, each producing a

Fig. 5. Illustration of the Simulation Setup: Block Processing World (Left)
and Mobile Manipulation in Unknown Environments (Right).

specific effect, such as cleaned, wet, or hot. The robot does
not know each processor’s effect a priori and needs to interact
with processors to discover their effects. Similar to Blocks
World, the goal is to build a target configuration while ensuring
selected blocks exhibit designated effects. See the Appendix
for more details.

2) Mobile Manipulation in Unknown Environments: In this
setting (Fig. 5, right), a mobile manipulator operates in a
household-like environment with objects of unknown locations
and attributes. The robot must rearrange objects to achieve
a target configuration, such as delivering an object with a
specific attribute to a target location. Since object location,
properties, and action effects are unknown, the robot must
actively explore and interact with the environment to infer
object attributes, uncover hidden objects, and predict action
outcomes. We implement the benchmark in AI2-THOR [31]
and evaluate eight tasks across five ProcTHOR houses [13],
with three trials per house.
T1. Store the remote control in a drawer.
T2. Take a fork to the dining table.
T3. Take a transparent bowl to the countertop.
T4. Move a damask-style pillow to a sofa.
T5. Carry a metal kettle to a fridge.
T6. Place a polished-gold vase on a desk.
T7. Deliver coffee in a mug with a logo to the dining table.
T8. Take a wet teal cloth to the countertop.
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Fig. 6. Simulation Results on Block Processing World: Success Rate and
Success weighted by Path Length (SPL).

C. Results and Analysis in Simulation

We evaluate the proposed approaches in both the Block Pro-
cessing World and the AI2-THOR mobile manipulation tasks.
As shown in Fig. 6, explicitly representing and performing
model expansion is critical for effective planning under incom-
plete world knowledge. Both the LLM-based planner and the
formal PDDL planner achieve substantial performance gains
when hypotheses are introduced and maintained, while plan-
ners without model expansion consistently fail, demonstrating
that static initial models are insufficient for open-world tasks.
The formal planner benefits from explicit hypothesis repre-
sentation which restores solvability, whereas the LLM planner
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Fig. 7. Simulation Results on the Block Processing World: Performance
Trends with Varying Numbers of Blocks and Regions.
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Fig. 8. Simulation Results on Mobile Manipulation in Unknown Environ-
ments: Success Rate and Success weighted by Path Length (SPL)

relies on heuristic plan generation via implicit reasoning,
which is less reliable without explicit hypothesis maintenance.
Incorporating uncertainty awareness into the expanded model
further improves performance across planners. Uncertainty-
aware model expansion consistently outperforms deterministic
expansion in both success rate and SPL, highlighting the
importance of reasoning about hypothesis validity rather than
only generating hypotheses. Similar trends are observed in Fig.
7 as the number of regions increases, where uncertainty-aware
expansion yields more robust performance under increasing
task complexity. In Fig. 7, as problem openness increases
or task complexity decreases, explicit and uncertainty-aware
model expansion becomes a stronger determinant of success
than the specific choice of planner. In these regimes, the
performance gap between LLM-based and formal planners
narrows, while proper handling of uncertain hypotheses re-
mains the dominant factor affecting performance, suggesting
a planner-agnostic advantage.

These trends extend to the AI2-THOR mobile manipula-
tion benchmark (Fig. 8), where both planners benefit from
model expansion and uncertainty-aware reasoning. However,
the relative improvement of the LLM-based planner is smaller
than in BlockWorld, likely due to the increased complexity
arising from the large number of objects and locations in
mobile manipulation environments, which makes verification
and planning constraints harder for LLMs to enforce.

D. Real World Experiments

We validate HUME on a physical Fetch mobile manipulator
[56] operating in a typical home environment comprising a
kitchen, living room, and meeting room (Fig. 9). For per-
ception, the robot maintains a 3D scene graph based on an
existing localization map, while new objects are instantiated
through a modular perception pipeline. This pipeline employs
OWLv2 [41] for object detection and the Segment Anything

Cabinet

Sink

Kitchen Counter

Fridge

Kitchen Island

Table

SofaCoffee Table

Trash Can

Control Panel

Microwave

Fig. 9. The real-world experimental setup comprising a kitchen, living room,
and dining room, with a Fetch mobile manipulator.

model [30] for mask extraction, with RGB-D observations
fused for 3D back-projection. For low-level control, we im-
plement a set of modular skills, including navigate, pick,
place, and trigger, as well as learning-based skills like
open and close. The learning-based skills are obtained via
post-training of the π0.5 model [26] on collected demonstration
data. Further details of the real-world mobile manipulation
system are provided in the Appendix.

The robot is evaluated on five tasks exhibiting substantial
openness (T1–T5):
T1. Deliver a zero-sugar drink to the table.
T2. Place the remote with a red button into the cabinet.
T3. Move the smiley-face mug to the fridge.
T4. Serve a heated chicken burger on the coffee table.
T5. Throw away the blue-floral bowl and turn off the living room

light.

To isolate planning performance from execution noise, we
mitigate random execution failures by retrying conceptually
feasible low-level skills until success. When execution failures
result in invalid states (e.g., object drops), we manually reset
the state based on the expected outcome. We evaluate all five
planners on these five tasks, with three trials per task.
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Fig. 10. Real-World Experiment Results: Success Rate and Success weighted
by Path Length (SPL)

1) Result and Analysis: As demonstrated in Fig. 10, the
real-world experimental results show that uncertainty-aware
model expansion significantly improves task performance for
both LLM-based and formal planners. Compared to simula-
tion, the real-world tasks more closely resemble the harder
simulation settings (T3–T8), as they exhibit greater openness
in object attributes due to the presence of distracting objects
and longer task horizons. See Appendix for additional analysis.

Fig. 11 and Fig. 12 illustrate the execution of two real-world
long-horizon household tasks using the proposed hypothesis-
driven PDDL planner. In Fig. 11 (T1: Deliver a zero-sugar
drink to the table), the robot first hypothesizes that a drink
is inside the refrigerator and that it is zero-sugar. It navigates
to the refrigerator, opens it, observes candidate drinks, and



Fig. 11. Snapshot of completing the task T1: Deliver a zero-sugar drink to the table. The robot is required to infer the drink’s location, identify the zero-sugar
option, and deliver it to the table.

Fig. 12. Snapshot of completing the task T5: Throw away a blue-floral bowl and make the living room light-off. The robot is required to locate the bowl,
identify the blue-floral pattern, and determine how to turn off the living room light.

verifies object existence. After picking up a drink, attribute
verification rejects the initial hypothesis, triggering hypothesis
regeneration and replanning. The robot then explores the
kitchen island, where both the existence and attribute hypothe-
ses are verified. It takes the correct drink and delivers it to the
table. In Fig. 12 (T5: Throw away a flower-patterned bowl and
turn off the living room light), the robot first hypothesizes the
bowl’s location and attribute, as well as a switch’s location and
its action effect. It searches the kitchen island and rejects the
initial bowl-location hypothesis. After regenerating hypotheses
and navigating to the kitchen counter, the robot observes two
bowls, rejects the first through attribute verification, confirms
the second, and discards it into the trash can. The robot moves
to the panel area and successfully verifies the existence of
switches. Based on its initial hypothesis, it presses the first
switch, moves to the living room, and determines that the first
switch does not control the living room light. It then updates
its hypothesis, generates a new plan accordingly, and confirms
that the second switch successfully turns off the living room
light. These examples highlight the importance of maintaining
and verifying hypotheses in real-world tasks, and demonstrate
the intelligent behavior enabled by the proposed mechanism.
Further analysis is provided in the Appendix and video.

E. Application in Appliance Operation

To demonstrate the generalizability of HUME to broader
applications, we apply it to an appliance-operation task using
the Autolife S2 humanoid robot. (see Appendix for the detailed
setting). In this setting, the robot is required to operate
a microwave to defrost the food for 40 seconds. For the
PDDL solver, since the FastDownard doesn’t support numeric
planning, we use the numeric planner called ENHSP [44] with
Unified-Planning library [40]. As shown in Fig. 13, the robot
scans the buttons, matching known templates to corresponding
PDDL operators, while the increase and decrease buttons lack
predefined numerical effects. The robot first hypothesizes a
10-second time increase from pressing the increase button in
time-defrost mode and plans and acts accordingly. Verification
using the past two frames indicates that the time increases by

Fig. 13. Demonstration of a robot discovering microwave button functions
through interaction.

5 seconds, prompting the robot to revise its hypothesis. The
updated hypothesis is then used for subsequent planning and
execution without requiring further verification, successfully
setting the time to 40s. Further details are provided in the
Appendix and video.

VI. DISCUSSION

Our experiments show that hypothesis-driven uncertainty-
aware model expansion (HUME) offers a principled way to
connect structured symbolic planning with the open-world
knowledge of LLMs. Classical planning systems provide
logical and geometric rigor but are brittle under incomplete
models, while LLMs are flexible but unreliable as standalone
planners. Our key insight is to use LLMs not to replace formal
planning, but to propose uncertain model expansions whose
validity is tested through planning and execution, allowing
the planning system to manage uncertainty over preconditions,
dependencies, and feasibility.

Despite its effectiveness, the proposed framework makes
several simplifications that limit its generality and highlight
important open challenges.

a) Choice of uncertainty representation and planning
under uncertainty. The current system represents generated
hypotheses as ternary beliefs: true, false, or unknown. Ver-
ification actions are treated optimistically during planning,



with negative outcomes handled through replanning. This
design supports tractable, real-time planning, but limits the
system’s ability to reason about graded confidence or risk.
We adopt it because foundation models do not yet provide
reliably calibrated probabilities over generated knowledge, and
richer uncertainty-aware planning remains computationally
challenging in long-horizon settings. Consequently, the system
may behave overly optimistically when risk-sensitive decisions
are required. In future work, we aim to integrate uncertainty
calibration tools [38] into the model expansion process and
explore more advanced online POMDP solvers [23, 28] for
risk-aware planning under uncertainty.

b) Hypothesis verification conditions. We assume that
language models can propose verification conditions sufficient
to determine a hypothesis and that these conditions can be
enforced by a formal planner. However, some real-world
verification conditions depend on geometry, long-horizon in-
teractions, or complex perception, which may be difficult to
infer from language alone. In such complex cases, deciding
how to verify a hypothesis itself becomes an active perception
or planning problem. Future work will extend the current
approach by integrating language-predicted verification condi-
tions with geometry- and perception-aware reasoning, making
hypothesis verification more suitable for integrated task and
motion planning (TAMP) settings [21].

c) Source of abstraction. Our current implementation re-
quires the task instruction to define the abstraction of missing
knowledge. This means that missing object concepts and
predicates are explicitly encoded in the task goals. We make
this assumption to ensure methodological completeness and to
keep hypothesis generation task-oriented. In future work, we
aim to explore failure reasoning modules [39] as an additional
source of abstraction, using execution feedback to identify
missing concepts and formulate new hypotheses that are not
directly specified by the task goals.

d) Open-ended exploration in open-world settings. We
avoid allowing the LLM to terminate hypothesis generation
when it deems a task impossible, in order to prevent overly
pessimistic early termination. Our task scope assumes that
the task is achievable in the underlying environment and
focuses on optimistically uncovering missing knowledge. In
practice, termination is bounded by the maximum number
of hypothesis-generation attempts and replanning steps. More
broadly, proving task impossibility in open-world settings is
generally intractable, a challenge shared across the open-world
planning literature. Extending the framework to incorporate
impossibility reasoning, such as belief-space pruning or con-
tradiction detection, is an interesting direction for future work.

VII. CONCLUSION

We presented a hypothesis-driven framework for open-
world robot planning that treats model expansion as an explicit
and uncertain process integrated into goal-directed planning.
By actively generating and verifying hypotheses, the proposed
approach enables robots to operate effectively under incom-
plete and evolving world models. Experiments in simulation

and the real world show that uncertainty-aware model expan-
sion significantly improves robustness and success for both
symbolic and LLM-based planners. Our results highlight the
importance of integrating uncertainty-aware model expansion
into planning systems for deploying service robots in real
open-world environments, while more fine-grained uncertainty
estimation and tighter integration with advanced uncertainty-
aware planning algorithms remain important directions for
future work. Additional discussion of insights, limitations, and
future work is provided in the appendix.
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