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Abstract— Robots are increasingly expected to perform long-
horizon tasks from high-level instructions such as ‘set a
dining table” or “make dinner.”’ Such instructions are often
underspecified: they name a desired activity without stating the
goal state required to complete it, leaving the robot to infer
intermediate objectives that humans supply effortlessly through
common sense. This common-sense gap is a core obstacle to
humanlike behavior in humanoid robots operating in everyday
human environments. Classical planners require an explicitly
defined goal and cannot operate directly from such instructions,
whereas large language models (LLM)s possess broad common-
sense knowledge but offer no guarantees on plan correctness
or executability. We propose a hybrid framework that assigns
each component the role it is suited for: given the current
environment state (represented as a scene graph) and a high-
level task description, an LLM infers a set of grounded symbolic
subgoals, which are then verified against the planning domain
and solved by an off-the-shelf symbolic planner. We hypothesize
that decoupling goal inference from plan generation lets a
robot complete a broader class of long-horizon tasks while
retaining the reliability of planning-based execution for the
steps it produces. We will evaluate the approach in a simulated
kitchen—-dining domain using task-completion rate, planning
cost, planning time, and agreement between inferred and
ground-truth goals, and we plan a real-world demonstration
that mirrors the simulated domain.

I. INTRODUCTION

Household and service robots, including humanoid robots
intended to act in spaces built for people, are increasingly
expected to perform long-horizon tasks from natural lan-
guage instructions. Unlike traditional planning problems [1],
[21, [3], [4], [5], [6], [7], [8], human instructions are often
underspecified, describing a desired activity without ex-
plicitly specifying the goal state required to complete it.
For example, a user may instruct a robot to set a dining
table or make dinner. Humans readily infer the intermediate
objectives such tasks require, but robots typically need goals
to be specified explicitly before planning can begin.

Consider set a dining table in a household domain. A
person naturally infers that this involves placing clean plates
and bowls on the table, arranging the chairs, and clearing
dirty cups to the sink—yet none of these objectives appear in
the instruction itself. A robot must bridge this gap between
human intent and executable planning goals before it can
produce a valid plan. Closing that gap is precisely what
makes a robot’s behavior feel humanlike: the system supplies
the unstated objectives a person would have assumed.

This problem is challenging because interpreting under-
specified instructions relies largely on common sense. Hu-
mans draw on extensive background knowledge about object
usage, social conventions, and task structure when reading
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Fig. 1: Schematic of our proposed approach. An LLM infers
grounded symbolic goals from a scene graph and an underspecified
instruction; the goals are verified against the planning domain and
solved by a symbolic planner. Figure drawn with assistance from
ChatGPT [9].

high-level requests. Encoding such knowledge explicitly
within symbolic planning models is difficult and scales
poorly to realistic household environments.

Traditional planning approaches assume the desired goal
state is already known and therefore cannot reason about
what a user intended when issuing an underspecified instruc-
tion. Recent commonsense reasoning frameworks and knowl-
edge bases provide semantic information about objects and
activities [10], [11], but they typically depend on manually
curated knowledge and predefined task structures.

Recent advances in LLMs and vision language models
(vLMm)s [12], [13], [14], [15] have created new opportunities
for connecting human instructions to robot planning. While
LLMs possess broad semantic and common-sense knowledge
that lets them infer plausible interpretations of underspecified
instructions, they are not designed to reason explicitly about
action preconditions, effects, and environmental constraints,
and so are better suited to proposing candidate goals than to
producing reliable plans [16]. This motivates a hybrid design
in which an LLM infers grounded planning goals while a
symbolic planner remains responsible for generating valid
action sequences.

In this work, we propose an approach in which an
LLM infers grounded planning goals from underspecified
human instructions. To isolate the goal-inference problem
from perception, we represent the environment as a scene
graph—a sparse semantic description of objects and their
relationships [17], [18], [19] that integrates directly with
symbolic planning. Given the scene graph and a high-
level task description, the LLM produces a set of grounded
symbolic goals capturing the intended outcome; these are
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validated against the planning domain, incorporated into a
planning problem, and solved by a symbolic planner to yield
an executable action sequence. By pairing the common-
sense reasoning of LLMs with the reliability of classical
planning, the framework aims to bridge human intent and
robot execution.

We will evaluate the approach in a simulated kitchen—
dining domain built in PyBullet [20] and inspired by bench-
mark domains [21], [22], involving long-horizon manipu-
lation tasks. We compare against both classical planners
requiring manually specified goals and existing LLM-based
task-decomposition approaches, measuring task-completion
rate, planning cost, planning time, and agreement between
inferred goals and human expectations. Finally, we demon-
strate the approach on a real robot in a setting that mirrors
the simulated domain.

II. RELATED WORK

Task Planning for Long-Horizon Tasks  Classical
planning approaches have demonstrated success in generat-
ing action sequences that achieve specified goals using sym-
bolic reasoning, hierarchical decomposition, and integrated
task and motion planning [1], [23], [24], [4], [25]. Bench-
mark environments such as ALFRED [15], BEHAVIOR [26],
and VirtualHome [11] have further motivated research on
long-horizon household tasks. These approaches, however,
generally assume the desired goal state is specified before
planning begins and therefore cannot operate directly from
underspecified human instructions.

LLM-Based Planning and Commonsense Reasoning
LLMs have enabled new ways of injecting common-sense
knowledge into robot planning, including skill selection [27],
task decomposition [14], policy generation [28], execution-
time reasoning [29], and symbolic planning augmenta-
tion [13]; LLM-GROP [12] and AHAT [30] ground abstract
household instructions into task specifications. Closest to our
work, LLM+P [31] translates a problem description into
a Planning Domain Definition Language (PDDL) problem
for an external planner, and Guan et al. [32] use LLMS
to construct PDDL world models. These methods, however,
assume the goal is stated in the instruction. We instead target
the underspecified setting, where the goal must be inferred
from the scene and a high-level description, restricting the
LLM to goal inference and leaving plan generation to a
symbolic planner.

III. PROPOSED APPROACH
A. Preliminaries

To achieve high-level goals—e.g., clearing a table—robots
must carry out high-level actions such as picking up a bowl
and moving through the environment. We represent both
the tasks and the actions available to the robot using the
PDDL [33]. PDDL defines a fully observable, deterministic
planning problem as a tuple (A,s9,G), where A is a set of
parameterized actions, s¢ is the initial state, and G is the goal
condition.

Consider a simple kitchen domain where a robot moves
plates from a table to a dishwasher. The symbolic model
encodes predicates such as on-table and holding, and
actions such as pickup and place. The domain in Fig. 2
indicates whether a plate is on the table or in the dishwasher
and whether the robot is holding an object or has an
empty arm; the accompanying problem instance declares the
objects, initial facts, and goal condition.

(define (domain kitchen) (define (problem pick_place
(:require :domain kitchen)
(:predicates :objects platel plate2)
(on-table ?x) (:init
(on-dishwasher 2x) (on-table platel)
(arm-empty) (on-table plate2)
(holding ?x) (arm-empty) )
:goal (and
(on-dishwasher platel
(on-dishwasher plate2)))

nts :strips :equality)

on pickup
eters (?ob)
econdition (and )
(on-table ?ob)
(arm-empty)
reffect (and
(holding 2ob)
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)
(raction place
:parameters (2ob)
:p dition (holding ?ob
:effect (and
(arm-empty)
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(not (holding ?ob)))
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Fig. 2: PDDL domain, problem instance, and corresponding plan
for a simple kitchen pick-and-place task.

The planner searches for an action sequence T =
(ay,az,...,a,) that transforms s into a state satisfying G, as
shown in Fig. 2. Our approach uses the Fast Downward [34]
planning system.

Unlike traditional planning problems, we consider an
underspecified task description 7 provided by a human user.
The description T does not explicitly specify the goal G, so
the robot must infer planning objectives before planning can
begin.

B. Grounding Underspecified Tasks into Planning Goals

We consider executing an underspecified task description
T in an environment with state sg. Given a planning domain
in PDDL, we assume the available actions A and the initial
state sy are known. Our objective is to infer a symbolic goal
specification G from the pair (so,7) such that the resulting
planning problem P = (A, sy, G) captures the user’s intended
outcome.

To do so, an LLM receives the current environment state (as
a scene graph) and the task description, and generates a set
of grounded symbolic predicates defining the goal condition
G. The inferred predicates are restricted to the vocabulary of
the planning domain so that they can be incorporated directly
into the PDDL problem. An example prompt is shown in
Listing 1.

Restricting the LLM to goal inference rather than plan
generation lets the framework use common-sense reason-
ing to interpret underspecified instructions while keeping
plan synthesis under the planner’s control. The reliability
guarantee, however, applies only to the plan relative to the
inferred goal: a planner returns a sound plan for G, but



it cannot detect whether G itself misrepresents the user’s
intent. We therefore introduce a verification step between
inference and planning. Each inferred predicate is checked
against the domain’s predicate and object vocabulary and
discarded if malformed; the candidate goal G is then tested
for satisfiability and reachability from sg. If the planner
reports the problem unsolvable or a constraint is violated, the
failure signal is returned to the LLM for a bounded number
of repair attempts. This loop keeps an erroneous inference
from silently producing a valid-but-wrong plan and makes
the separation of inference from execution robust in practice.
Figure 1 illustrates the overall architecture.

Listing 1: Example prompt for goal inference.

You are a robot planning assistant.

Input:

% Current environment
as a scene graph.

* A list of available objects.

state represented

%+ A list of valid PDDL predicates.

% A task description.

Task:

Infer the intended task outcome and return

ONLY symbolic goal predicates
provided predicate vocabulary.

using the

Task Instruction:
”Set the dining table”

Output:
(on platel
(on plate2 table)
(on bowll table)
(arranged chairl)
(at dirty_cup sink)

table)

Once verified, the predicates defining G are incorporated
into the PDDL problem, and the symbolic planner returns a
plan 7w = (a;,as,...,a,) transforming the environment from
so into a state satisfying G.

C. Scene Graph Representation

To isolate goal inference from perception, we represent
the environment as a 3D scene graph [17], [18], [19]. The
scene graph S = (V,E) comprises object and region nodes V
connected by semantic and spatial relationships E, such as
on or inside. This gives a compact symbolic description
that is naturally compatible with PDDL predicates and can
be consumed directly by the LLM for goal inference.

IV. PROPOSED EXPERIMENTS

We will evaluate the approach in a simulated
kitchen—dining environment using tasks derived from
the BEHAVIOR-1K benchmark [35], which contains a
diverse collection of everyday household activities. The
robot is given the current environment state and a high-level
natural language instruction. We will report results over N
tasks (N > 50) with multiple random seeds per task.

We compare the proposed approach against two baselines.

TABLE I: Evaluation metrics.

Metric Description

Success Rate

Goal Precision/Recall
Invalid-Goal Rate
Planning Cost
Planning Time

Goal Agreement

Completed tasks / total tasks

Inferred vs. ground-truth goal predicates
Malformed or unsatisfiable inferred goals
Cost of the generated plan

Planning runtime

Human rating

Oracle Planner A symbolic planner given manually speci-
fied goals representing the intended outcome. It serves
as an upper bound on planning performance when the
correct goal is known.

ProgPrompt An LLM-based approach [14] that generates
task decompositions directly from natural language,
evaluating language-model task specification without
explicit symbolic goal inference.

LLM+P An LLM-based approach [31] that translates a natu-
ral language problem description into a complete PDDL
problem for an external planner. Unlike our method, it
assumes the goal is stated in the instruction.

Ours The proposed approach, which uses an LLM to in-
fer grounded symbolic goals from the underspecified
instruction, verifies them, and solves the resulting plan-
ning problem with a symbolic planner.

We evaluate at two levels. At the goal level we measure
how well the inferred goal matches intent, since this is the
component our method introduces: goal precision and recall
against ground-truth goals, the rate of malformed (out-of-
vocabulary) predicates, and the fraction of inferred goals that
are unsatisfiable or unreachable from sy. At the plan/execu-
tion level we measure task-completion rate, planning cost,
and planning time. We additionally collect a human judgment
of goal agreement. Human evaluators will be presented with
a task description and the corresponding inferred goals and
asked whether the generated goals accurately capture the
intended task outcome. Metrics are summarized in Table I.

We will also measure how the underlying model affects
goal inference by substituting GPT-4o0 [36], Claude Son-
net [37], and an open-source model such as Qwen-VL [38],
holding the rest of the pipeline fixed.

Finally, we demonstrate the approach on a real robot in
a kitchen—dining environment. The robot receives a natural
language instruction, infers and verifies planner-ready goals
with an LLM, and executes the plan produced by the sym-
bolic planner, evaluating practicality in a realistic household
setting.

V. CONCLUSION

We propose a framework for executing underspecified
long-horizon tasks by combining LLM-based goal inference
with symbolic planning. Given a natural language instruction
and the current environment state, an LLM infers grounded
symbolic goals that are incorporated into a PDDL planning
problem and solved using a classical planner. By separating
goal inference from plan generation, the proposed approach
leverages the common-sense reasoning capabilities of LLMs



while preserving the reliability and correctness guarantees
of symbolic planning. We will evaluate the approach on
household manipulation tasks in both simulation and will
demonstrate in real-world scenario reflecting our simulated
domain.
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