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Abstract—Long-horizon robotic tasks are hard due to contin-
uous state-action spaces and sparse feedback. Symbolic world
models help by decomposing tasks into discrete predicates that
capture object properties and relations. Existing methods learn
predicates either top-down, by prompting foundation models
without data grounding, or bottom-up, from demonstrations
without high-level priors. We introduce UniPred, a bilevel
learning framework that unifies both. UniPred uses large lan-
guage models (LLMs) to propose predicate effect distributions
that supervise neural predicate learning from low-level data,
while learned feedback iteratively refines the LLM hypotheses.
Leveraging strong visual foundation model features, UniPred
learns robust predicate classifiers in cluttered scenes. We further
propose a predicate evaluation method that supports symbolic
models beyond STRIPS assumptions. Across five simulated and
one real-robot domains, UniPred achieves 2 ∼ 4× higher success
rates than top-down methods and 3 ∼ 4× faster learning than
bottom-up approaches, advancing scalable and flexible symbolic
world modeling for robotics. For more information and project
materials (video, code...) please visit https://unipred.github.io/

Index Terms—Predicate Discovery, Hierarchical Planning,
Foundation Models for Manipulation

I. INTRODUCTION

FOR a robot that must make decisions over hours or days,
it is neither practical nor necessary to predict every pixel-

level detail of world transitions [3], [4], [5]. Instead, it should
plan and reason at a higher level of abstraction. Consider the
example in Figure 1: when learning to clean up a cluttered
table, the exact color or type of each toy is irrelevant to high-
level decisions. One thing truly matters is whether the toys
have all been packed into the box so that the table is ready
to be wiped. By capturing such essential concepts, symbolic
world models [6], [7], [8] offer an efficient and generalizable
framework for long-horizon tasks, allowing the robot to reason
about what needs to be done before deciding how to do it.

Bilevel planning [7], [9], [10], [11], [12], [13], [14],
[15], [16] provides a hierarchical framework that exploits
the relational structure of symbolic world models for long-
horizon, generalizable decision-making. In this paradigm,
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(b) Frameworks for Predicate Invention
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Fig. 1: (a) Planning Framework: Given an initial RGB image,
UniPred extracts object-centric features using a foundation model
(e.g., DinoV3 [1]) and abstracts them into invented ground atoms.
These atoms are input into the learned Bilevel Planner to generate a
hybrid plan toward the goal. In intermediate steps, UniPred infers
corresponding atoms from observed images to facilitate potential
replanning. (b) Predicate Invention: UniPred effectively invents predi-
cates by unifying top-down knowledge from the foundation model [2]
with bottom-up feedback derived from data.

low-level continuous states (e.g., RGB images) are ab-
stracted into high-level discrete symbols using predicates (e.g.,
Clean(?table)). Planning then proceeds jointly in the
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symbolic space—deciding what to do—and the continuous
space—deciding how to do it. By leveraging AI planning
principles [17], [18], such a bilevel structure achieves greater
efficiency and generalization than planning solely in the low-
level space. Nonetheless, most classical planning systems [19],
[20] require exhaustive manual engineering of the symbolic
model, which largely limits their scalability. To address this
problem, recent work has explored how to learn the abstrac-
tions required for bilevel planning—such as predicates [11],
[15], [16], PDDL operators [9], [13], samplers [14], and
skills [10]—directly from demonstrations.

Among these abstractions, predicates form the core com-
ponent. As shown in Figure 1 (a), at the high level, they
define the preconditions and effects of planning operators,
providing a relational reasoning space in which an AI planner
can generate novel solutions to unseen problems [9]. At the
low level, predicates specify the constraints that samplers
must satisfy [21] and determine the initiation and termination
conditions of motor skills [22]. Broadly, two paradigms exist
for learning symbolic predicates and the associated classifiers.
Top-down approaches [12], [23], [24] generate predicates in a
zero-shot manner using pre-trained foundation models—such
as large language models (LLMs) [2], [25] and visual foun-
dation models (VFMs) [26], [1]—leveraging their embedded
common-sense priors. However, because these models are
trained on broad, general-purpose knowledge, their zero-shot
application to specialized robotic domains typically requires
carefully engineered, domain-specific prompts [27], [28], [29],
[30]. Moreover, purely foundation-model-driven methods [12],
[23] often struggle in cluttered scenes because their predicate
proposal and classification pipelines rely entirely on test-time
prompts, making them unstable to scene variability. Bottom-up
approaches [11], [16], [5], [31], in contrast, directly optimize
predicates from low-level data without relying on priors from
foundation models. They are also generally applicable to
diverse and noisy states, such as cluttered tabletop scenes in
Figure 1, but suffer from low efficiency due to the combina-
torial complexity of the predicate search space [3], [16].

To unify these two families of approaches, we present a
highly integrated bilevel learning framework, UniPred, for
deep predicate invention. Since LLMs are often unreliable
without carefully engineered prompts [28], we use them
only as coarse top-down guidance, with low-level learning
providing bottom-up feedback. Specifically, UniPred first con-
structs a candidate pool of predicates: the LLM proposes
rough predicate–effect distributions, which are used to de-
rive pseudo-labels for training neural predicate classifiers on
demonstration data [16]. The classifier’s training loss then
serves as feedback that informs the LLM about potential
inconsistencies and steers its subsequent proposals toward
more plausible hypotheses. Through this iterative querying
process, UniPred efficiently generates the predicate candi-
date set without relying on domain-specific prompt engi-
neering. Building on top of this bilevel learning framework,
UniPred further propose to optimize predicate classifiers on
the strong feature representations from the recent VFMs [1]
in image-based domains, yielding robust predicate grounding
over cluttered real images. In the second predicate selection

stage, prior approaches [12], [23], [16], [11] often fail to
distinguish between basic predicates directly grounded by
(neural) classifiers (e.g., OnTable(?toy)) and the derived
ones (e.g., ∃?toy,OnTable(?toy)), leading to unreliable
selection in domains with Non-STRIPS operators [32] such
as WipeTable. UniPred addresses this by adding only basic
predicates in operator effects and treating derived predicates as
derived relational constraints when computing planning-driven
predicate scores, resulting in robust symbolic world model in
complex, Non-STRIPS domains.

We conduct comprehensive evaluation of UniPred on 6
robot planning domains with various state representations.
Thanks to the discovered relational symbolic world model,
UniPred generalizes significantly better than various model-
free baselines. Compared with purely top-down methods [23],
[12], UniPred is free of carefully engineered prompts and
flexibly learns more effective predicates that ground in var-
ious state representations. Compared with purely bottom-up
methods [16], [11], UniPred achieves 3 ∼ 4× speed up with
perceptually generalizable predicates on real-world images.
We summarize our key contributions as follows:

• Foundation Model-based Unified Bilevel Learning:
UniPred introduces an iterative framework that queries
LLMs with feedback from neural predicate classifiers,
thereby avoiding reliance on domain-specific prompt en-
gineering and substantially improving learning efficiency.

• Derived-aware Predicate Selection: UniPred differenti-
ates between basic and derived predicates during pred-
icate selection, treating derived predicates as derived
relational constraints for predicate evaluation, enabling
effective world modeling in Non-STRIPS domains.

• Comprehensive Evaluation: We evaluate UniPred on
6 domains, including 5 simulated domains with diverse
state representations (pose, image, and point cloud) and
1 real-world Table Clean domain with 10 tasks, demon-
strating strong generalization and efficiency.

II. RELATED WORK

A. Foundation Models for Robot Planning

Recent literature increasingly positions foundation mod-
els as integral building blocks for robot planning. At the
motion level, vision-language-action (VLA) models trained
on extensive collections of robot trajectories map visual and
linguistic inputs directly to joint-level actions. These models
frequently serve as general-purpose skill primitives, operating
in conjunction with classical motion planners for local control
or waypoint following [33], [34], [35], [36], [37]. At the task
level, large language models (LLMs) function as high-level
planners that translate natural language goals into structured
subtask sequences, executable code, or symbolic planning
operators. Notable examples include systems that ground lan-
guage in robot affordances, learn PDDL-style domains from
feedback, or generate robot control code and task graphs
from instructions [24], [38], [39], [40], [41]. Concurrently,
visual foundation models, such as CLIP and large multimodal
transformers, enable open-vocabulary scene understanding and
affordance prediction. These models are employed to construct
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symbolic state descriptions, semantic cost maps, or object-
centric features for consumption by downstream planners [26],
[1], [42], [43]. Collectively, these research streams suggest a
paradigm in which foundation models supply semantic priors,
reusable skills, and scene abstractions. In the context of task
and motion planning (TAMP), prior works have explored the
utility of foundation models for specifying subgoals [44],
formulating constraints [45], and grounding semantic state
abstractions [23]. In this work, we investigate how foundation
models can be most effectively leveraged to discover predi-
cates for bilevel planning [23], [11], [16].

B. Learning for Bilevel Planning

Classical TAMP methods [19], [21], [20] typically rely
on extensive, hand-engineered planning models for specific
domains. To mitigate this manual engineering burden, a
growing body of work has adopted modern learning tech-
niques to acquire the components required for TAMP. In this
work, we build upon recent research regarding learning for
bilevel planning—a prominent framework for solving TAMP
problems. In the bilevel planning paradigm, the system can
alternates between a high-level task planner and a low-level
sampler. Given a high-level task plan (determining what to do),
the sampler attempts to determine the continuous parameters
(determining how to do it) that satisfy the requisite geometric
constraints. Prior literature has investigated learning planning
operators [7], [9], [13], samplers [14], parametrized skill
policies [10], and relational predicates [11], [12], [16], [23].
Learning these structural representations offers two primary
advantages in planning: (1) relational representations enable
the system to better generalize to compositionally novel
problems; and (2) task decomposition renders long-horizon
planning significantly more efficient compared to flat policy
learning [46] or planning directly in the low-level state space.
Among these abstractions, discovering a rich and expressive
set of predicates for low-level states remains a fundamentally
challenging problem [16], [3]. In UniPred, we present a unified
framework demonstrating that the prior knowledge and robust
representations derived from foundation models [2], [1] can
efficiently and effectively address this challenge.

C. Predicate Discovery for Planning

In planning contexts, predicates abstract low-level contin-
uous states (e.g., object poses, point clouds, and images)
into high-level discrete states represented by logical atoms
(e.g., OnTable(?toy), InBox(?toy)). These abstrac-
tions serve two primary functions: (1) enabling AI plan-
ners [17] to efficiently search the discrete state space to
generate task plans for novel object compositions; and (2)
defining the geometric constraints that samplers must satisfy
to generate continuous parameters at each planning step.

Recent approaches to predicate discovery fall broadly into
top-down and bottom-up categories. Top-down methods [12],
[23], [24] leverage large, pre-trained foundation models to
propose predicates in a zero-shot manner. While benefiting
from strong commonsense priors and data efficiency, these ap-
proaches often prove unreliable in specialized domains due to

Train Test

Fig. 2: An example of train and test tasks in the table-cleaning
domain. During training, both of the two toys are initially on table
and the wiper is in the box. During test, the system needs to plan
with more toys whose configurations are randomly initialized.

the general nature of internet-scale pre-training. Consequently,
they are sensitive to prompt design and may fail to generate
complete predicate sets for unfamiliar tasks [23]. Moreover,
reliance on frozen, prompt-based classifiers can be brittle when
applied to cluttered or unseen states [23], [12].

Conversely, bottom-up approaches [3], [5], [11], [16] opti-
mize directly within the complete predicate space using only
low-level data. These methods are typically prompt-free, offer
greater reliability in specialized domains, and adapt better to
noisy observations. However, they face combinatorial scaling
challenges and are often inefficient in high-dimensional spaces
like RGB images. Grammar-based methods [11] are restricted
to simple states with explicit relational structures. A recent
bilevel learning approach, IVNTR [16], is able to optimize
neural classifiers for predicates based on effect-centric objec-
tive. Though flexible, this approach has two key limitations:
(1) Since the potential predicate space is combinatorially large,
learning from scratch becomes extremely slow for complicated
domains. (2) It is limited to domains where all of the operators
follow STRIPS assumption.

To address these limitations and bridge the gap, we intro-
duce UniPred, a bilevel learning framework that synergizes
the prior knowledge of foundation models with domain-
specific low-level feedback. By closing the loop between high-
level reasoning and data-driven learning, UniPred efficiently
explores the predicate space without extensive prompt engi-
neering. Furthermore, our derived-aware selection procedure
explicitly distinguishes between basic and derived predicates
during operator model construction. We show that UniPred
efficiently yields expressive, planner-friendly predicates, en-
abling robust bilevel planning across diverse and complex
simulated and real-robot domains.

III. PROBLEM FORMULATION

We address the problem of learning planning abstractions
from offline demonstration datasets. UniPred is designed to (1)
generalize to test tasks involving unseen object compositions
and (2) maintain computational efficiency during training. In
this section, we formalize the planning domain, action space,
predicates, data structure, and computational objective. Our
notation follows [11], [16] and is summarized in Table I.

We define a planning domain as a tuple D =
⟨Λ, C, f,ΨG,Ψsta⟩ associated with a task distribution T . A
specific planning task is sampled as T = ⟨O,x0, g⟩ ∼ T .
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Here, Λ denotes a finite set of object types λ ∈ Λ, and
O = {o1, . . . , oN} is a set of N objects, each assigned a
type from Λ. The task tuple includes the initial continuous
state x0 and a set of ground goal predicates g ⊆ ΨG to be
satisfied upon completion. A state x ∈ X assigns continuous
features to every object in O. For notational simplicity, we
represent the state of N objects as a matrix x ∈ RN×K ,
where each row encodes K domain-specific features (e.g.,
pose, gripper status, or table dimensions), consistent with [11],
[16]. In our experiments, we extend this formulation to richer
object-centric representations, such as point clouds and RGB
images, by treating their encodings as per-object features.

The action space comprises a finite set of M parameterized
controllers, denoted C = {C1, . . . , CM}. Each controller C ∈ C
is defined by a typed signature (λ1, . . . , λv) over object
types in Λ and a continuous parameter space Ω. A grounded
controller instance, C = C(oi1 , . . . , oiv , ω), is obtained by
binding all object arguments and selecting a parameter ω ∈ Ω.
States and actions are linked via a known transition function
f(x, C) 7→ x′. A plan for task T is a sequence of grounded
controllers π = [C1, . . . , CH ]. A plan is valid if recursively
applying the transition model xi = f(xi−1, Ci) starting from
x0 yields a terminal state xH that satisfies the goal set g.

We use a table clean domain as a running example
(see Figure 2). This domain includes five object types:
Λ = {robot, toy,box,wiper, table}. The objective is for
the robot to pick all toy objects from the table, place
them into a designated box, and subsequently wipe the
table surface. The controller set for this domain includes
primitives such as PickToyFromTable(?r,?to,?ta),
PlaceToyInBox(?r,?t,?b),PushBox(?r,?b), and
WipeTable(?r,?w,?t). These controllers encompass
skills derived from motion planning [11], [16] (e.g., pick and
place) and imitation learning [46], [47] (e.g., PushBox). We
provide further implementation details in the Section V.

To facilitate efficient planning, bilevel methods use a pred-
icate set Ψ to decompose long-horizon decision problems. A
lifted predicate is defined by a typed signature over variables,
ψ(?λ1, . . . , ?λu), and an associated classifier θψ : X ×Ou →
{True,False}. A ground predicate ψ is formed by instantiat-
ing all variables with specific objects from O; for brevity, we
define θψ(x) ≜ θψ(x, (o1, . . . , ou)). This classifier is used to
determine whether the ground predicate holds in state x for
the specific object tuple.

Following [11], [16], we categorize predicates into three
subsets: (i) Ψsta, static predicates with truth values that
remain fixed throughout the task, depending solely on
time-invariant object attributes (e.g., ColorRed(?toy)
or SizeSmall(?toy); (ii) Ψdyn, dynamic predicates
whose truth values may change during execution (e.g.,
InBox(?toy,?box) or OnTable(?toy,?table);
and (iii) ΨG, goal predicates. We further partition dynamic
predicates into basic dynamic predicates, Ψb

dyn, which
are evaluated directly from object-centric features (e.g.
OnTable(?toy,?table)), and derived dynamic
predicates, Ψd

dyn, which are computed from basic
predicates via quantifiers. For instance, the predicate
∀?toy. ¬OnTable(?toy,?table) signifies that no toys

remain on the table. We assume ΨG and Ψsta are provided,
whereas the dynamic predicate set Ψdyn may be expanded by
the learning algorithm, as in [16].

During training, the robot utilizes an offline demonstration
dataset of B task–plan pairs, D = {(Tb, πb)}Bb=1, where T b =
⟨Ob,xb0, gb⟩ ∼ T train. Since f is known and deterministic, we
derive the full state–action trajectory (xb0, C

b
1,x

b
1, . . . ) for each

instance by simulating πb. At test time, the agent encounters
tasks T = ⟨O,x0, g⟩ ∼ T test characterized by unseen object
configurations, larger object sets, and more diverse action
compositions than those in T train. As illustrated in Figure 2,
training demonstrations consistently initialize with the robot
hand empty, two toys on the table, and the wiper inside
the box. Conversely, test tasks may initialize with the robot
holding the wiper and involve three toys in varied locations,
such as inside the box. These variations alter both the requisite
plan length and the sequencing of controllers. Consequently,
success necessitates abstractions that capture reusable structure
rather than simply memorizing demonstration trajectories.

IV. METHODOLOGY

A. Bilevel Planning with Predicates

We provide a brief review of bilevel planning and refer the
reader to existing literature for a comprehensive discussion [9],
[10], [11], [13], [14], [15], [16], [20]. Figure 1a illustrates an
instance of our setting within the table-cleaning domain.

Bilevel planning leverages relational abstractions to achieve
sequential and compositional generalization. The framework
relies on two primary abstractions: predicates (state abstrac-
tions) and operators (action abstractions). Furthermore, bilevel
planning employs relational samplers to generate continuous
parameters for controllers.

Definition 1 (Operator): The operator for a parameterized
controller C is a tuple OpC = ⟨Var, Pre, Eff+, Eff−⟩, where
Var is a tuple of object placeholders matching the type
signature of C, and Pre, Eff+, Eff− ⊆ Ψ are sets of lifted
predicates defined over variables in Var, representing precon-
ditions, add effects, and delete effects, respectively. Here, Ψ
denotes the predicate set.
As an illustrative example, the operator for
PickToyFromTable(?r, ?t) may be defined as:

Pre = {HandEmpty(?r), ToyOnTable(?t, ?t)},
Eff+ = {Holding(?r, ?t)},
Eff− = {HandEmpty(?r), ToyOnTable(?t, ?t)}.

Given a task T = ⟨O,x0, g⟩, the bilevel planning process
(see Figure 1a) initiates by constructing an abstract state
comprising all ground predicates over objects O satisfied in
x0. These initial ground predicates, alongside the operator
set and goal g, are input to a classical AI planner [17] to
synthesize a plan skeleton π̄. This skeleton consists of a
sequence of partially grounded actions C̄ with unspecified
continuous parameters. To refine the actions in this skeleton
C̄ ∈ π̄ into fully grounded actions C equipped with continuous
parameters ω, bilevel planning utilizes samplers.

Definition 2 (Sampler): The sampler ηC for a planning oper-
ator OpC with v object placeholders is a conditional distribution
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Fig. 3: Overview of the UniPred Framework: Training and Inference. The framework consists of two main phases. Training (Left) utilizes
an offline demonstration dataset, where we first prompt a Large Language Model (LLM) to complete a partial PDDL domain specification.
This is followed by an LLM-in-the-loop bilevel learning framework designed to construct a comprehensive set of predicate candidates, which
are then refined through a final down-selection step. During Inference (Right), UniPred processes input images by extracting robust visual
features from object-centric regions using a VFM [1], which are converted to the initial set of ground predicates. Based on the predicates,
the learned bilevel planner then generates the initial execution plan and optionally replans when skill execution failures are observed.

ω ∼ ηC(· | x, (o1, . . . , ov)) that proposes continuous action
parameters for C((o1, . . . , ov), ·) given a state x.

In contrast to deterministic operators, samplers are typically
stochastic and may fail to yield valid parameters. Conse-
quently, bilevel planning alternates between the AI planner
and the samplers, using the predicate classifiers θΨ to guide
the search and compensate for potential sampling failures.

Assuming a sufficiently expressive predicate set, prior work
has demonstrated the learnability of operators [7] and sam-
plers [10], [14] from demonstration data D. In this context,
predicates fulfill two critical functions. First, the relational
nature of predicates, learned operators, and samplers enables
strong generalization to held-out test tasks (T test) involving
varying object sets and configurations. Second, informative dy-
namic predicates structure the abstract state space, allowing the
planner to efficiently search the space of operator sequences,
as depicted in Figure 1a. Conversely, an impoverished pred-
icate set—containing, for instance, only ΨG and Ψsta—can
render bilevel planning computationally intractable [11]. We
next introduce the UniPred framework, which addresses this
challenge by automatically inventing dynamic predicates to
facilitate efficient bilevel planning.

B. UniPred Overview

Figure 3 provides an overview of the UniPred framework.
The stages of the pipeline are detailed below.

a) Stage one: Data collection and preparation: The first
stage focuses on data collection and preprocessing before the
predicate learning. Our approach relies on object-centric states
(in image domains, we use an off-the-shelf object detector [48]
to obtain object-centric image patch as the states) and labeled
state-transition pairs (x, C,x′).

b) Stage two and three: Learning a pool of basic dy-
namic predicates: The core innovation in these stages lies
in integrating low-level data feedback with the reasoning
capabilities of large foundation models to efficiently explore
dynamic predicates. Specifically, UniPred utilizes foundation
models to propose candidate symbolic relations, which are
instantiated as “seed” predicates. We then employ effect-
based supervision [16] to train classifiers for these predicates,
iteratively using low-level learning feedback to guide the foun-
dation model. This closed-loop interaction between low-level
supervision and high-level proposals significantly enhances ex-
ploration efficiency. Furthermore, this bilevel learning system
enables UniPred to optimize predicates derived from recent
VFMs [1], yielding perceptually generalizable predicates with
only approximately 20 demonstration trajectories in the table-
cleaning domain. This procedure is detailed in Section IV-C.

c) Stage four: Derived-aware predicate selection and
operator learning: Once the candidate predicate pool is con-
structed, identifying the subset necessary for efficient planning
is crucial. Consistent with prior work on predicate selec-
tion [11], [16], [12], we perform a hill-climbing search to
optimize a planning-driven objective. However, we observe
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TABLE I: Important notations used in this work.

Symbol Meaning Space

Λ Type set in the domain Set
λ A type in the domain Symbol
?λ Typed variable Symbol
T Planning task Tuple
T Task distribution Distribution
K Feature dimension per object Scalar
N Number of objects in a task Scalar
xi The ith state Matrix
O Object set in a task Set
C Controller or action set Set
C Parameterized controller Symbol
M Number of controllers Scalar
Ω Continuous parameter space Set
ω Continuous action parameter Vector
C Grounded controller instance Symbol
f Transition function Function
ψ Lifted predicate Symbol
ψ Ground predicate Symbol
θψ Classifier for predicate ψ Function
Ψ Complete predicate set Set

Ψsta Static predicate set Set
Ψdyn Dynamic predicate set Set
Ψb

dyn Basic dynamic predicate set Set
Ψd

dyn Derived dynamic predicate set Set
ΨG Goal predicate set Set
π Refined plan List
π̄ Plan skeleton List
D Offline demonstration data set Set
B Number of task plan pairs Scalar
OpC Operator for controller C Set
Var Variable set List
Pre Precondition set Set
Eff+ Add effect set Set
Eff− Delete effect set Set
ηC Sampler for controller C Function

Ψ̂dyn Candidate dynamic predicate set Set
J(·) Score function based on planning outcome Function
∆ψ Effect vector for predicate ψ Vector
tψ,C Predicted predicate transition Vector
Lt Loss information at iteration t Vector
Rt Global value vector at iteration t Vector
τ Total learning time Scalar

τpredinv Predicate invention time Scalar
τpredsel Predicate selection time Scalar
τskill Skill and sampler learning time Scalar

that derived predicates often violate the STRIPS assumption
despite their utility in planning. To address this, unlike previ-
ous approaches, UniPred distinguishes between basic dynamic
predicates Ψb

dyn and derived dynamic predicates Ψd
dyn during

evaluation. We demonstrate that UniPred learns expressive
symbolic world models capable of capturing global concepts
in complex environments, such as the cluttered table-cleaning
scenes depicted in Figures 1a and 3. Section IV-D formally
describes our derived-aware predicate selection procedure.

Finally, using the complete set of predicates, UniPred
learns operators OpC and samplers ηC following the standard
paradigm [7], [10], [14], as detailed in Section IV-E.

d) Inference and closed-loop planning: Upon completion
of training, UniPred is deployed for test-time planning. We
illustrate this process using the image-based table-cleaning
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f_robot_3

state 1

state 2

state 3

Add

Add
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label:0

label:1
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AddEffect to be validated
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label:0
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High Loss

Fig. 4: Effect supervised training process for the classifier of predicate
probot(?robot). The left panel shows three consecutive states during
a pick and place sequence, and the right panel illustrates how an
incorrect effect specification leads to inconsistent labels across these
states, which increases the training and validation loss.

domain (Figure 3). A raw RGB observation is processed by a
detector and a visual foundation model (DINOv3) to produce
an object-centric state x, comprising one feature vector per
object. This representation facilitates the invention of robust
predicates from limited training trajectories. The object-centric
state is processed by the learned classifiers to generate a set
of ground atoms describing the current scene. These atoms,
together with the learned operators and the goal set ΨG, are fed
into a classical planner to generate a plan skeleton π̄. UniPred
then refines the first abstract action in π̄ into a grounded
controller using the learned sampler or closed-loop skill and
executes it on the robot.

Execution proceeds in a closed loop. After each controller
execution, a new observation is obtained, and the object-centric
state and atoms are updated to verify the applicability of the
subsequent abstract action. If an action fails—for example, if
a PickToyFromTable controller fails to grasp the object as
shown in Figure 3—the updated atoms reflect this state change.
UniPred then triggers the planner to replan from the current
configuration. This cycle continues until the goal predicates
in ΨG are satisfied or the planning budget is exhausted. In
this manner, the learned predicates, operators, samplers, and
closed-loop skills synergize to enable robust bilevel planning
and recovery in complex domains.

C. Foundation Model-based Predicate Candidate Learning

In this section, we detail how UniPred effectively leverages
foundation models to learn neural classifiers for candidate dy-
namic predicates. A primary challenge in predicate invention
is the system’s lack of ground truth supervision labels for
ground atoms. To address this, UniPred builds upon the effect-
based classifier learning framework proposed in [16], which
we briefly review below.

a) Effect-based Supervision on Predicate Classifiers:
Let us assume the effect distribution of a predicate ψ within
operator effects is known—specifically, whether ψ is added
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state 3state 0 state 1 state 2 state 3

Original Feature Iteration 1 Iteration 2

Initial Intro  Label  Feedback  Label

P_robot(?

Target Pred.

Fig. 5: Overview of unified bilevel learning. The top row depicts four
image states from the table-cleaning task: the robot hand is empty in
states 0, 1, and 3, while it holds a towel in state 2. The bottom row
visualizes the evolution of DINO image features through the MLP
classifier. Left: The original 2D projection, where the four states are
not clearly separable. Middle (Iteration 1): After the LLM proposes
symbolic knowledge and generates training labels, the hidden features
begin to exhibit structure, though state 2 remains partially entangled.
Right (Iteration 2): The task loss is fed back to the LLM, prompting
an update to the predicate specification and labels; this yields a refined
hidden representation where state 2 is cleanly separated from the
empty-hand states.

or deleted by each controller class Ci ∈ C. We encode this
information in a lifted effect vector ∆ψ = [δψ1 , . . . , δ

ψ
M ] ∈

{−1, 0, 1}M , where each entry indicates whether ψ consti-
tutes an add effect, a delete effect, or remains unaffected by
controller Ci

1. Given a transition pair (x, Ci,x
′), the lifted

effect vector is instantiated as a ground effect vector tψ,Ci . This
vector specifies for each ground atom ψ over the task objects
O whether its value should transition or remain constant
following the application of Ci.

As illustrated in Figure 4, this effect information provides
critical supervision for training the classifier θψ . For a lifted
predicate ψ absent from the effect set of an operator OpCi,
the truth values of all its ground atoms must remain invari-
ant across transitions induced by any ground controller Ci.
Conversely, if ψ appears in the effect set of OpCi, the pre-
and post-transition truth values of its ground atoms must
reflect the add or delete effects specified by ∆ψ . Aggregating
these constraints over all transitions and controllers C ∈ C
yields a differentiable loss LD(θψ). This loss is minimized via
standard deep learning optimizers to train the neural classifier
θψ directly from object-centric features, eliminating the need
for ground truth labels.

This bottom-up, effect-based learning scheme offers a sig-
nificant advantage over purely top-down approaches [12], [23]
that rely on zero-shot, prompting-based foundation models
for predicate classification. Since foundation models are pre-
trained on broad, internet-scale data, their zero-shot classifi-
cation performance often degrades in specialized or custom
domains. In contrast, the neural predicates θψ in [16] and

1Following [16], we assume: (1) each predicate appears at most once in an
operator’s effect set, and (2) ground operators modify only ground predicates
sharing the same or a subset of parameters.

UniPred are optimized directly against low-level state tran-
sitions. This results in predicates that are better aligned with
complex environmental states, such as those encountered in
cluttered table-cleaning scenarios.

However, identifying the correct effects ∆ψ in prior
work [16] requires a tree expansion algorithm guided by neural
learning feedback. The search space for this method expands
exponentially with the number of controllers and objects [3].
To overcome this efficiency bottleneck, we introduce the LLM-
in-the-loop bilevel learning algorithm employed by UniPred.

b) Unified FM-Bilevel Learning Framework: Drawing
on the complementary strengths of top-down [12], [23] and
bottom-up approaches [16], as well as recent advances uti-
lizing foundation models as optimizers to refine their own
outputs [49], [50], we propose a unified predicate learning
framework shown in Figure 3 and Figure 5. In UniPred,
foundation models serve three distinct roles: (1) initializing the
effect distribution by completing the partial domain PDDL; (2)
operating in-the-loop with effect-based supervision to generate
a consistent pool of dynamic predicates; and (3) In image-
based domains, providing image-based feature encodings for
the learnable predicate classifier θψ .

First, we represent the set of controllers C and the limited
set of given predicates {Ψsta,ΨG} as a structured PDDL [51]
domain definition. We use this partial domain, supplemented
by a small number of demonstrations from D, to prompt an
LLM for completion. From the completed PDDL, we extract
newly proposed predicates and their symbolic effect distribu-
tions. For each candidate, we instantiate a neural classifier θψ ,
train it using the aforementioned effect-based supervision, and
record the resulting effect distribution and learning feedback
in the exploration history. These “seed” predicates encode a
prior over the domain structure, enabling the LLM to explore
potentially consistent effects more efficiently than the ab initio
search required in [16].

Second, given that initial predicate proposals are typically
incomplete, UniPred employs the LLM as a proposer and the
classifier learning process as an evaluator. For each initially
proposed predicate ψ, we query the language model to suggest
possible effect patterns based on the current learning history.
UniPred instantiates each proposal as a neural classifier θψ ,
trained via the effect-based loss LD(θψ). The resulting effect
vector and learning feedback are then appended to the history
to inform the subsequent iteration of LLM proposals.

Formally, for a single transition pair (x, C,x′), we apply θψ
to all possible groundings of ψ over the object set O to obtain:

v̂, v̂′ = Ground(x, θψ), Ground(x′, θψ) ∈ [0, 1]P ,

where P denotes the number of ground atoms of ψ. Let tψ,C ∈
{−1, 0, 1}P represent the ground effect vector derived from
the lifted effect vector ∆ψ for controller class C. We define
masks to identify unaffected and affected ground atoms,

m0 = I
(
tψ,C = 0

)
, m1 = I

(
|tψ,C| = 1

)
,

and let S1 = {p : m1
p = 1} be the set of indices corresponding

to affected atoms. The per-transition loss is defined as:

L(x,x′, θψ) = Lzero + Lone,
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where
Lzero = JS

(
v̂ ⊙m0

∥∥∥ v̂′ ⊙m0
)

penalizes deviations in atoms that should remain constant, and

Lone =
1

|S1|
∑
p∈S1

BCE
(
[v̂p, v̂

′
p],

[ 1−tp
2 ,

1+tp
2

])
penalizes violations of the add (tp = 1) or delete (tp = −1)
effects on affected atoms. Here, JS(·∥·) denotes the Jensen-
Shannon divergence and BCE(·, ·) denotes binary cross-
entropy. The global loss over the dataset is given by:

LD(θψ) =
∑
C∈C

E(x,C,x′)∼DC
L(x,x′, θψ),

where DC represents the distribution of transitions for the
controller class C in the domain.

Subsequent to training, we evaluate θψ on a held-out
validation subset to obtain a validation loss ℓval(ψ). We
transform ℓval(ψ) into a scalar score s(ψ) ∈ [0, 100] via
monotonic rescaling (e.g., linear normalization across the
candidate group) and provide this score as feedback to the lan-
guage model. This closed-loop process allows the foundation
model to refine its proposals based on low-level data feed-
back, prioritizing predicates whose classifiers are effectively
optimizable. The loop terminates when a target number of
accepted predicates is collected or a maximum iteration count
is reached; both parameters are treated as hyperparameters. All
seed predicates undergo this LLM-in-the-loop bilevel learning
process. Proposals with ℓval(ψ) below a specified threshold
are subsequently aggregated into the set of basic dynamic
predicate candidates Ψ̂b

dyn.
Finally, in contrast to previous approaches where predicate

classifiers θψ are either fixed (e.g., grammar functions [11] or
frozen VFMs [23]) or optimized from scratch [16], UniPred
proposed to optimize predicates atop deep representations
from a pre-trained visual foundation model (DINOv3) in
image-based domains. Formally, given an input image, an
object detector [52] and a visual encoder produce a state
x ∈ RN×K comprising one feature vector per object in O.
Because these strong feature representations inherently encode
rich geometric and semantic information, the learned predicate
classifiers generalize robustly with sparse training trajectories.

To summarize, UniPred employs a language model to pro-
vide a symbolic prior over predicates and effects, utilizes an
LLM-in-the-loop bilevel supervision scheme to align neural
predicates with low-level dynamics, and leverages a visual
foundation model to extract robust object-centric features
when applicable(image domain). These integrated components
create a unified loop that renders predicate learning signif-
icantly more cost- and data-efficient than purely bottom-up
methods [16], [11], while ensuring grounding in low-level data
for customized domains.

D. Derived-aware Predicate Selection

With the basic dynamic predicate pool Ψ̂b
dyn obtained from

the unified bilevel learning system, UniPred identifies the
subset of predicates most valuable for planning. Following
previous work [11], [16], we consider augmenting the basic

Algorithm 1: Derived-aware Predicate Selection

Input: Basic predicate pool Ψ̂b
dyn, Training tasks D,

Goal/Static predicates ΨG,Ψsta

Output: Selected dynamic predicates Ψdyn

1 Initialize selected set Ψdyn ← ∅
2 Initialize candidate pool Ψ̃dyn ← Ψ̂b

dyn

3 Initialize best score J∗ ←∞
4 while True do
5 ψbest ← None, Jmin ←∞

6 for each candidate ψ ∈ Ψ̃dyn do
7 Form candidate set

Ψ̃← Ψdyn ∪ {ψ} ∪ΨG ∪Ψsta

8 Procedure EVALUATE(Ψ̃,D):
9 Ground states in D to obtain atom dataset

10 Learn operators Õp using Ψ̃

11 // A* planner with Õp

12 while planning for each task in D do
13 Expand current state using Õp

14 if derived predicates in Ψ̃ then
15 Compute derived atoms

16 Reconstruct plan skeleton π

17 if J < Jmin then
18 Jmin ← J, ψbest ← ψ

19 if Jmin ≥ J∗ or Jmin < ϵ then
20 break // Converged or threshold met

21 Ψdyn ← Ψdyn ∪ {ψbest}
22 Ψ̃dyn ← Ψ̃dyn \ {ψbest}
23 J∗ ← Jmin

24 Add derived predicates to candidate pool if
ψbest ∈ Ψ̂b

dyn then
25 Generate derived forms Ψd

dyn,best from ψbest
26 Ψ̃dyn ← Ψ̃dyn ∪Ψd

dyn,best // Expand search

27 return Ψdyn

predicates with negations and quantifiers, which are denoted
as derived dynamic predicate candidates Ψ̂d

dyn. Crucially,
UniPred distinguishes between Ψ̂b

dyn and Ψ̂d
dyn, yielding sym-

bolic models that are more expressive than those produced by
prior predicate invention approaches.

At a high level, previous methods select the final predicate
set Ψdyn from the union of basic and derived predicates Ψ̂b

dyn∪
Ψ̂d

dyn by optimizing a planning-driven surrogate objective
J(Ψdyn,D) [11]. Specifically, J(Ψdyn,D) evaluates whether
the planning operators [7] derived from Ψdyn can: (1) repro-
duce the demonstrated task plans in D, and (2) minimize node
expansions during task planning. However, a key limitation of
prior work [11], [16] is that this evaluation relies on STRIPS
assumptions, where predicates must appear consistently in the
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effects of operators. A representative failure case is illustrated
in our table cleaning domain (see Figure 1), where the derived
predicate ∀?toy. ¬Ptoy table 0(?toy,?table) is a critical
precondition for the operator WipeTable(?table), yet it does
not appear as a consistent effect in any operator. Consequently,
the operator learning stage fails during the calculation of the
planning-driven surrogate objective, resulting in an unexpres-
sive set of predicates.

A key insight in UniPred is that basic dynamic predicates
Ψ̂b

dyn naturally appear consistently in operator effects, whereas
derived predicates Ψ̂d

dyn may not. This discrepancy arises
because effect-based supervision [16] implicitly ensures that
for any predicate absent from an operator’s effect set, its
ground atoms remain constant during transitions. Since derived
candidates Ψ̂d

dyn are not learned with such supervision, they
may exhibit inconsistent appearances in effect sets. Motivated
by this observation, we introduce a derived-aware predicate se-
lection pipeline in UniPred . The complete predicate selection
procedure is detailed in Algorithm 1.

Similar to previous work [11], [16], UniPred employs a
hill-climbing procedure to optimize J(Ψdyn,D). The search
is initialized with an empty set of selected dynamic predicates
Ψdyn, a candidate pool Ψ̃dyn initially set to the basic pred-
icates Ψ̂b

dyn, and a sufficiently large best score J∗. Starting
from the current set Ψdyn, each iteration seeks a single new
predicate ψbest ∈ Ψ̃dyn that minimizes the objective J . To
achieve this, for each candidate addition yielding a temporary
set Ψ̃, we invoke a predicate evaluation routine to compute
J(Ψ̃,D). We then add the optimal predicate ψbest to Ψdyn

and remove it from the candidate set Ψ̃dyn. When a basic
predicate ψbest ∈ Ψ̂b

dyn is selected, we generate its derived
forms Ψd

dyn,best and add them to the candidate pool Ψ̃dyn. The
search terminates when the score improves beyond a target
threshold or when no remaining predicate further reduces
J . The predicate evaluation routine consists of three steps:
(1) Given the current dynamic predicates Ψdyn and the new
predicate ψ, we form Ψ̃ = {ΨG,Ψsta,Ψdyn, ψ} and ground
all demonstration states x to obtain a ground atom dataset.
(2) Using the learned lifted effect vectors ∆ψ for ψ ∈ Ψ̃dyn,
we derive the add ( ˜Eff

+) and delete ( ˜Eff
−) effects for each

operator Õp
C and compute precondition sets ˜Pre using the

standard intersection rule [7]. (3) The resulting operator set Õp
and Ψ̃ are used to run an A* planner [53] that generates plan
skeletons for each training task. These skeletons are compared
with the demonstration skeletons π̄ to compute J(Ψ̃dyn,D).

Our key strategy during the third step (A* search) is to use
operators to transition basic ground atoms, and subsequently
calculate derived ground atoms from the basic state, rather
than predicting them via operators. At each symbolic state, we
first apply an operator to obtain the next set of ground atoms
for the basic predicates Ψb

dyn. We then perform a derived
closure step that deterministically computes all derived atoms
implied by the current basic atoms and the definitions in Ψd

dyn.
Consider the example from the table cleaning domain with
the derived predicate ∀?toy. ¬Ptoy table 0(?toy,?table).
Suppose that applying an operator deletes all basic atoms of
Ptoy table 0(?toy,?table). During derived closure, the sys-

tem evaluates the universal condition and adds the correspond-
ing ground atom ∀?toy. ¬Ptoy table 0(?toy,?table) to
the state. Thus, even though the quantifier never appears
directly in any operator effect set, this closure step allows the
planner to evaluate its truth value based on the basic atoms
Ptoy table 0 and plan accordingly.

Upon termination of the hill-climbing search, the resulting
dynamic predicate set Ψdyn = Ψb

dyn ∪ Ψd
dyn is passed to the

operator, sampler, and skills learning stages.

E. Operator, Sampler, and Skill Learning

We primarily build upon prior work on operator and sampler
learning for bilevel planning [16], [10], [11], [14], extending
it to our setting which integrates both parametrized controllers
and learned closed-loop skills.

Given the final predicate set Ψ = {ΨG,Ψsta,Ψdyn} and
the controller set C, the predicate learning phase yields the
corresponding lifted effect vectors ∆ψ for all ψ ∈ Ψ.
For each controller class C ∈ C, we construct its operator
OpC = ⟨Var, Pre, Eff+, Eff−⟩ by extracting Eff+ and Eff−

from the components of ∆ψ , and deriving Pre using the
standard intersection rule over ground atoms that hold prior to
successful executions of C [7], [11].

For parametrized controllers, we learn samplers ηC from
demonstration tuples (x, C, (o1, . . . , ov), ω) via supervised
learning. This process models the conditional distribution
ω ∼ ηC(· | x, (o1, . . . , ov)), following the formulation in [10].

Furthermore, our controller set C incorporates closed-loop
skills learned directly from the same demonstrations (e.g.,
ACT-based policies [46]). We treat these skills as controllers
that share the same symbolic operators OpC but do not require
separate samplers, as the low-level policy inherently proposes
continuous actions until the desired effects are achieved. Con-
sequently, parametrized controllers with samplers and learned
closed-loop skills are unified under a common operator-based
abstraction for bilevel planning.

V. EXPERIMENT

A. Implementation Details

Computational Hardware: Experiments for the Satellites,
Blocks, Packing, Table Clean Sim, Table Clean Real domains
were conducted on a workstation equipped with a single
NVIDIA RTX 4090 GPU and an Intel Ultra 265 CPU. Con-
versely, the Tools domain relies on point cloud observations;
due to the higher computational demands of this observation
space, we utilized a server featuring a single NVIDIA A100
GPU (80 GB VRAM) and an AMD EPYC 7543 32-Core CPU.
Real Robot Experiment Hardware: As illustrated in Fig-
ure 6, our real-world experimental setup comprises an AgileX
Robotics Piper 6-DoF manipulator and two Intel RealSense
D435i cameras. A static camera positioned frontally provides
a global top-down view of the workspace, while a wrist-
mounted camera captures egocentric visual data. We collected
demonstrations via the teleoperation interface depicted in the
figure, using a smaller master arm to control the slave ma-
nipulator. During data collection, we recorded the robot state
and synchronized RGB streams from both cameras; these data
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Camera1 Camera2 Slave ArmMaster Arm

Fig. 6: Overview of our real world experimental platform, showing
the master arm used for teleoperation, the slave arm that executes the
learned policies, and the two RGB cameras (Camera 1 and Camera 2)
that capture observations of the table scene.

serve as inputs for both predicate invention and the training
of low-level controller skills.
UniPred Training Details: We employ GPT-4o as the de-
fault model for UniPred, and—unless otherwise specified—all
LLM- or VLM-based components throughout the entire sys-
tem also rely exclusively on GPT-4o. For the baselines re-
ported in Table II, we additionally evaluate two model vari-
ants: gemini-2.5-flash-lite for the Gemini baseline
and qwen-plus for the Qwen baseline. To ensure a fair
comparison, all models operate at a fixed temperature of 0.2.
Each LLM receives the same structured prompt containing an
incomplete PDDL domain definition, operator demonstration
sequences, interaction history, and a concise task descrip-
tion (e.g., completing PDDL fragments or proposing effects).
Importantly, these prompts include no domain-specific hints
beyond explicitly observable data. All baseline prompts strictly
follow the fairness constraints used for UniPred.

For predicate classifiers, we adopt architectures tailored
to the observation modality of each domain. In domains
where states are represented by continuous pose features, we
train a 128-layer MLP encoder. Conversely, for point-cloud
observations, we employ a PointNet-based feature extractor. In
image-based domains, visual embeddings are extracted using
DINOv3 prior to classification. Across all domains, predicate
classifiers are trained for a fixed number of epochs (typically
100). A predicate is designated as consistent when its clas-
sification loss converges below a specific threshold (typically
0.005). Further implementation details, hyperparameters, and
training scripts are provided in our publicly code repository.
Baselines: We evaluate our approach against several estab-
lished baselines to demonstrate its efficacy:
In simulated, non-image domains:

1) IVNTR [16]: A foundational bilevel learning approach
for predicate invention, utilizing neural loss to guide
symbolic effect searches.

2) GNN [54] and Transformer [55]: Relational neural
policy learning methods trained via standard behavior

cloning pipelines and evaluated with a shooting strategy.
3) Grammar [11]: Uses pre-defined grammar rules for

predicate invention. However, this baseline fails to pro-
duce effective predicates across all three tested domains.

4) Random: Generates plans randomly, serving as a basic
control method to benchmark algorithmic performance.

In real image domains:
1) We group these three variants of ViLa together, as both

rely on a vision–language model to plan directly from
images without any learned symbolic abstractions.

• ViLa-zero-shot [56]: Uses the original ViLa
prompting scheme without incorporating demon-
strations from our real image domains. The VLM
performs direct image-conditioned planning purely
through in-context examples from the original ViLa.

• ViLa-fewshot [23]: Extends ViLa-zero-shot by aug-
menting the prompt with a small number of demon-
strations drawn from our real image domains. The
VLM continues to plan directly from images, but
now benefits from in-domain examples more aligned
with our tasks and visual distributions.

• ViLa-HPE (Heavily Prompt-Engineered): A
prompt-optimized variant in which we exhaus-
tively hand-engineer detailed, task-specific con-
straints with the goal of maximizing ViLa’s success
rate. Unlike other baselines, this setting provides
the VLM with explicit operational constraints such
as “the gripper must be empty before picking any
object”, and other domain-specific descriptions that
are never learned from data. This version relies on
substantial manual prompt engineering that is not
feasible for generalization or scalable deployment.

2) A group of VLM-based bilevel planning baselines that
differ in how predicates are proposed and labeled.

• Pix2Pred [23]: The standard, fully top-down ver-
sion. A VLM is prompted with domain types Λ,
a task description, and example images to propose
symbolic predicates. The same VLM labels these
predicates on all states to produce atoms. Operators
are then learned via effect extraction and intersec-
tion, without any neural predicate classifiers.

• Pix2Pred w/ GT predicates: Disables predicate
invention in Pix2Pred by manually supplying the
oracle predicate set. The VLM is still used for
predicate labeling during inference time.

• Pix2Pred w/ GT predicates and partial GT label:
Based on Pix2Pred w/ GT predicates, but replaces
VLM labeling with ground truth for a subset of
predicates in test time. The remaining predicates are
still labeled by the VLM.

3) ACT [46]: An end to end visuomotor imitation learning
baseline that maps image observations directly to low-
level actions. ACT learns a separate policy for each skill
from demonstration trajectories and executes without
symbolic abstractions.

Simulated Domains: We evaluate the proposed methods
across five diverse simulated robot planning domains, shown
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in Figure 8, each characterized by distinct state representations
and varying complexities:

• Satellites: Adapted from prior work [13], this domain in-
volves multiple satellites collaboratively capturing sensor
data from designated targets. The states are represented
by SE2 poses and associated object attributes. Training
scenarios (T train) consist of 2 satellites and 2 targets,
while test scenarios (T test) involve 3 satellites and 3
targets, introducing additional complexity.

• Blocks: Inspired by [16], this domain requires a robot to
manipulate 3D blocks to construct specified goal towers.
Unlike the classic Blocks World setup, the goals involve
constructing two-level towers, effectively packing pairs
of blocks. The training set (T train) features scenarios
with 4–5 blocks, whereas the test set (T test) increases
complexity to 6–7 blocks.

• Tools: This challenging domain features high-dimensional
state spaces represented as object-centric point clouds.
The environment includes three types of tools (wrench,
screwdriver, hammer) and their corresponding fastening
items (bolt, screw, nail), along with various contrap-
tions. The primary objective is to secure each fastening
item onto a designated board using the correct tool. A
distinctive requirement for screwdrivers and screws is
geometric compatibility, determined by analyzing shape
via point cloud data; for wrenches and hammers, item-
tool matching is based solely on object type. Notably,
this domain defines a larger set of operators compared to
others, resulting in a significantly larger predicate search
space. Training tasks involve securing two items with
two contraptions, while test tasks scale complexity by
requiring two to three items and three contraptions.

• Packing: This domain models constrained packing of
items into segmented boxes. The environment contains
several boxes and items of different sizes. Each box
includes a divider that splits the interior into two regions,
and each region can hold at most one item. The robot
must place all items into boxes by selecting suitable
boxes and adjusting divider positions so that items of
different sizes fit without overlap or violation of capacity
constraints. States are represented by top down images
together with object pose. The robot does not have direct
access to region capacities; instead, it must infer from
the image whether a given region can accommodate a
candidate item, so feasibility of placements depends on
visual reasoning. Training tasks use fewer boxes and
items, while test tasks increase their number, leading to
more coupled packing decisions and longer plans.

• Table Clean Sim: This domain instantiates the table-
cleaning task used as the running example throughout
the paper. Each scene contains a robot, a table, a box,
several toys scattered on the table, a towel, and dirt that
can only be removed by wiping. The goal is to place
all toys inside the box and remove all dirt from the table.
Tasks are subject to several constraints: wiping while toys
remain on the table is prohibited, as it would sweep the
toys away; wiping is disallowed when the box is placed

on the near side of the table to avoid collision; and to
store the towel in the box, the box must be placed on
the near side to facilitate grasping. States are represented
by vector features for each object, including 2D poses
and attributes such as surface cleanliness and gripper
status. Training tasks (T train) contain exactly two toys
and initialize from a standard configuration where the
robot hand is empty and toys lie on the table. Test tasks
(T test) increase complexity by including three toys and
initial states absent from demonstrations, such as scenes
where the robot already grasps an object or toys are pre-
positioned in the box.

Real Image Domains: We further evaluate the approach on
the real-robot domains where states are represented by object-
centric visual features extracted from RGB images:

• Table Clean Real: This domain shares the same un-
derlying task structure as Table Clean (Sim): a robot
must place all toys into a box and wipe away non-
graspable dirt on the table using a towel, subject to the
same wiping and reachability constraints described above.
The primary distinction lies in the state representation.
Each scene is observed through RGB images from the
cameras described in Section V-A, utilizing a visual
foundation model to extract object-centric embeddings
for each detected object.

Simulated Experiment Setup: For each domain, we im-
plement an oracle bilevel planner (Oracle) solely to collect
training demonstrations. We conduct evaluations across five
simulated domains—Satellites, Blocks, Tools, Packing, and
TableCleanSim—reporting results averaged over five random
seeds. For Satellites, Blocks, and Tools, we collect 500
demonstration trajectories per seed. Conversely, for Packing
and TableCleanSim, we limit collection to 50 trajectories per
seed. During testing, each seed within each domain comprises
50 in-distribution tasks sampled from T ∼ T train and 50
generalization tasks sampled from T ∼ T test. We report the
success rate for all methods subject to a uniform maximum
planning time budget.

In addition to planning success, we quantify the computa-
tional cost required to construct the abstraction. We define
the total learning time as τ = τpredinv + τpredsel + τskill,
where τpredinv denotes the duration for candidate dynamic
predicate invention, τpredsel represents the time for scoring and
selecting predicates, and τskill is the time allocated for training
controllers. For our method, we measure these components
individually and report their sum as τ . For baselines employing
different training pipelines, we utilize their reported total
training time as τ .
Real-robot Experiment Setup: For the Table Clean Real
domain, we collect 20 human demonstrations via teleopera-
tion, using a master arm to control the slave arm. Camera
1 records RGB video, which is manually segmented into
actions. We select a representative image for each state and
perform object detection to obtain object-centric crops. We
employ GroundingDINO [57] as the primary detector; for
objects that prove challenging to detect, we utilize a custom
detector integrating DINO and SAM2 [52]. Pick-and-place
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Fig. 7: Illustration of the ten tasks in the Table Clean Real domain.
The top row shows the five training tasks, and the bottom row shows
the five held-out test tasks.

controllers, such as PickToyFromTable, are implemented
as analytic skills: SAM2 is used to extract object point clouds
and compute grasp and place poses. Conversely, controllers
such as PushBox and PullBox are implemented using ACT,
trained on the same 20 teleoperation trajectories. This training
utilizes master and slave arm states alongside RGB images
from camera1 and camera2.

We evaluate performance across two dimensions. First,
we conduct offline task evaluation using images. We define
10 tasks (5 training and 5 testing), as shown in Figure 7.
For each task, we collect 10 random seeds and execute
each seed three times, comparing the average task success
rates of the different methods on both training and test sets.
Since the original Pix2Pred cannot propose the HandEmpty
predicate and struggles to label relational predicates such as
Near(robot, box), we include three Pix2Pred variants in this
evaluation: the original method, a variant without invention
provided with the oracle predicate set, and a variant without
invention that additionally receives ground truth labels for
Near(robot,box). Second, we evaluate real-robot exe-
cution on 10 tasks (5 training and 5 testing), utilizing 3
seeds per task. For each seed, we allow up to 3 rollouts and
report the overall execution success rate. In this setting, the
Oracle baseline corresponds to a human operator selecting the
subsequent controller based on the current state. We exclude
the IVNTR baseline from the Table Clean Real experiments,
as it is unable to discover the derived predicates required for
this domain.

B. Empirical Results

Simulated domains. The quantitative comparison on the five
simulated domains is summarized in Table II and illustrated
qualitatively in Figure 8. Across all domains, our approach
UniPred closely tracks the oracle planner on the training tasks
and generalizes well to the held out test configurations, while
remaining computationally efficient.

Compared to the strong bottom up structure learning base-
line IVNTR, UniPred achieves very similar success rates on
the Satellites, Blocks, and Tools domains. For Packing and
Table Clean Sim, IVNTR is not directly applicable because
it cannot perform derived-aware predicate selection, which is
required to obtain a sound symbolic model in these domains,
so we do not report IVNTR success rates there; we return to
this design choice in our ablation on derived-aware selection
in Section V-C. However, the learning time of UniPred is

consistently much lower: in Tools, it discovers predicates with
more than a factor of three speedup compared with IVNTR,
and we observe the same qualitative pattern on the remaining
domains. This shows that our method can match the accuracy
of a strong bottom up relational learner on the domains where
it applies, while greatly reducing the computational cost of
predicate invention in training.

The behavior cloning baselines GNN and Transformer can
often fit the demonstrations reasonably well on the training
tasks in some domains, but their test performance deteriorates
sharply, especially in settings where the test instances contain
longer horizons or more objects than the demonstrations.
The grammar based predicate invention baseline is strongly
limited in our domains, where the state spaces can’t be easily
abstracted by pre-defined grammar functions.

Table II also reports variants of UniPred that replace the
default language model with Qwen or Gemini. Across all
domains where we evaluate them, these variants keep both
train and test success high, with only modest drops in gener-
alization performance and somewhat increased learning time.
This suggests that UniPred is robust to the exact choice of
language model back end, but that stronger priors from the
model still translate into better sample efficiency and slightly
higher test success.

Overall, across all five simulated domains, UniPred reaches
accuracy that is comparable to or better than the best bottom
up learning baseline while being substantially more efficient,
and at the same time it significantly outperforms the top down
behavior cloning policies based on GNN and Transformer in
both test success and robustness to distribution shift.
Task planning evaluation from images. Quantitative task
planning results for the real-robot domain are summarized in
Table III. In this setting, the method only needs to generate a
feasible task plan by observing the init RGB image.

In the Table Clean Real domain, UniPred achieves success
rates of 94.0% on training tasks and 92.0% on test tasks. These
results indicate that predicates discovered from image-based
demonstrations are sufficiently accurate to support reliable
long-horizon planning, even in the presence of visual noise
and actuation uncertainty.

The original Pix2Pred configuration cannot be reliably in-
stantiated with our real-world data, as our challenging setting
precludes the use of carefully engineered, domain-specific
prompts. During training, the vision-language model (VLM)
fails to propose key predicates, such as HandEmpty, and
frequently generates inconsistent labels in cluttered scenes.
Consequently, the learned transition model fails to converge,
and the resulting planner achieves near-zero success. To better
analyze the limitations of this approach, we evaluate two
diagnostic variants that bypass the predicate invention stage.

In the first variant, “Pix2Pred w/ GT preds”, we provide
the oracle predicate set and restrict the VLM’s role to labeling
atoms from images at test time. As shown in Table III, while
this configuration improves upon the original, it yields success
rates of only 47.3% (train) and 33.3% (test)—significantly
lower than UniPred. Error analysis suggests that a primary
failure mode is the difficulty of assigning truth values to
predicates that are challenging to describe precisely in natural
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Fig. 8: Visualization of the five simulated planning domains studied in this work.

Method Satellites (SE2) Blocks (Vec3) Tools (PCD) Packing (Image) Table Clean Sim (SE2)

T train T test τ T train T test τ T train T test τ T train T test τ T train T test τ

Oracle 100.0 100.0 / 100.0 100.0 / 100.0 100.0 / 100.0 100.0 / 100.0 100.0 /
UniPred (Ours) 99.6 95.2 1222.0 99.2 81.6 4104.4 100.0 100.0 11779.2 100.0 100.0 3657.4 96.0 93.4 764.6
IVNTR 99.2 94.0 5129.8 99.2 73.2 12939.4 100.0 100.0 45167.2 0.0 0.0 / 0.0 0.0 /
GNN 92.4 11.6 1303.0 89.2 38.8 1163.2 0.0 0.0 657.8 0.0 0.0 1286.0 0.0 0.0 360.2
Transformer 75.2 4.4 1778.6 34.4 16.8 1756.0 0.0 0.0 724.0 0.0 0.0 1364.8 0.0 0.0 951.0
Grammar 0.0 0.0 / 0.0 0.0 / / / / / / / 0.0 0.0 /
Random 0.0 0.0 / 10.0 1.2 / 0.0 0.0 / 12.4 1.6 / 3.6 1.2 /
UniPred(Qwen) 98.0 82.0 1493.0 100.0 75.6 5824.0 100.0 100.0 15801.0 100.0 100.0 4608.2 95.2 91.2 1274.6
UniPred(Gemini) 99.2 94.0 2686.4 100.0 78.4 6894.6 100.0 100.0 14495.2 100.0 100.0 3937.0 96.4 90.4 883.0

TABLE II: Success rate and runtime comparison on simulated domains. T train and T test denote training and test distribution, respectively.
τ is the total learning time (seconds). Pix2Pred [23] is not applicable here since these domains do not use RGB images only as state
representations.

language, such as Near(robot,box) and similar spatial
relations.

In the second variant, “Pix2Pred w/ GT preds. and partial
GT labels”, we provide ground-truth labels for these complex
relational predicates, querying the VLM only for the remain-
ing ones. This modification further improves performance to
87.3% (train) and 73.3% (test); however, the results remain
inferior to UniPred. Qualitatively, we observe that in cluttered
scenes, delegating predicate labeling directly to the VLM often
yields inconsistent atom sets. For instance, in certain states
where the robot clearly holds a toy, the model incorrectly la-
bels HandEmpty as true, or fails to detect contact between the
towel and the table surface (see Figure 9). These local labeling
errors propagate through the planning process, causing the
resulting plans to omit necessary actions or select redundant
or even invalid operations.

The direct vision-language planning baselines also struggle
in this domain. “ViLa zero-shot” and “ViLa few-shot” achieve,
at best, single-digit success rates during task evaluation and
frequently fail to produce valid plans for held-out scenes. In
practice, they tend to generate action sequences that violate
wiping constraints or neglect the towel entirely. Notably,
the few-shot variant does not improve upon the zero-shot
baseline and can even degrade test performance. We find that
“ViLa few-shot” often overfits to the provided demonstrations.
For instance, if a demonstration trajectory begins with a
PullBox action, the planner repeatedly selects PullBox
as the initial step, even in states where moving the box is
unnecessary. This behavior indicates a strong bias toward

mimicking examples rather than reasoning about the current
scene dynamics. We additionally evaluate a heavily hand-
engineered variant, “ViLa-HPE”, in which we provide the
VLM with exhaustive, task-specific prompting designed to
mitigate the failure modes observed in the zero-shot and few-
shot settings. Specifically, the prompt explicitly enumerates
key operational constraints.This version reflects an upper-
bound scenario for those vision-language planning baselines.
Despite this extensive engineering, “ViLa-HPE” achieves suc-
cess rates of only 20.7% (train) and 11.3% (test), substantially
below both UniPred and the strongest Pix2Pred variant.
Real Robot Execution. We further evaluate execution perfor-
mance on the physical system by running the planners on 10
Table Clean Real tasks three random seeds each with the same
task setting as task planning evaluation shown in Figure 7,
following the protocol described in Section V-A. For each
method, we aggregate outcomes into fractional success scores
that quantify the extent of table cleaning across tasks and
seeds. We report the overall averages in Table IV.

In this setting, the “Oracle” baseline consists of a hu-
man operator who inspects the current state and selects the
subsequent controller, utilizing the same perception stack
and low-level controllers as the autonomous methods. When
evaluated on the same set of test scenes as the Oracle,
UniPred attains an average fractional success of 0.777, sig-
nificantly outperforming the strongest vision-language model
baseline, “Pix2Pred w/ GT preds. and partial GT labels”,
which achieves 0.521. Since UniPred shares the detector and
controller library with the Oracle, it is subject to identical
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Method Table Clean Real

T train T test

UniPred (Ours) 94.0 92.0
Pix2Pred w/ GT preds. and partial GT labels 87.3 73.3
Pix2Pred w/ GT preds. 47.3 33.3
ViLa-zero-shot 3.3 4.0
ViLa-fewshot 6.7 0.0
ViLa-HPE (Heavily Prompt-Engineered) 20.7 11.3
Pix2Pred / /

TABLE III: Task planning evaluation on the Table Clean Real
domain. Train / Test accuracy are success rates on training and held-
out tasks.

perception and actuation limitations. Furthermore, its residual
errors mirror those observed during offline task evaluation:
in states diverging significantly from the training distribu-
tion, atom classifiers occasionally mislabel key predicates,
causing the symbolic planner to generate incorrect plans.
The “ViLa zero-shot”, “ViLa few-shot”, and “ACT” baselines
yield zero fractional success under this protocol, failing to
complete any long-horizon table-cleaning tasks from image
observations. Collectively, these real-robot results demonstrate
that the unified predicate invention pipeline, which performs
well in simulation, remains robust when state representations
are derived from real-world images and plans are executed
on physical hardware. A critical advantage in this setting is
closed-loop execution: after each controller terminates, the
current state is re-grounded into atoms. This allows UniPred to
detect deviations from the nominal plan and replan accordingly
(as illustrated in Figure 3).

C. Ablation Studies and Analysis

We now investigate the individual contributions of the
primary components of UniPred through a series of ablation
studies conducted in simulated domains.
Effect of unified bilevel learning. The ablation study
presented in Table V spans three simulated domains: Satellites,
Blocks, and Tools. For each variant, we report training and
testing success rates averaged across these domains, alongside
the average total learning time.

UniPred represents the complete three-stage pipeline de-
tailed in IV, integrating PDDL completion, unified bilevel
learning, and loss feedback. “UniPred w/o PDDL Completion”
omits the second stage, initiating unified bilevel learning from
a cold start. Here, predicate sets are sampled directly from the
language model without the benefit of a warm start derived
from PDDL structure. “UniPred w/o Unified Bilevel Learning”
eliminates the third stage, performing only a single iteration of
PDDL completion; the language model generates the domain
once, and the resulting predicate set is utilized for planning
without further refinement. “UniPred w/o Loss Feedback”
retains the unified bilevel learning loop but excludes the
conversion of task loss into a scalar score for the language
model. Consequently, new predicate sets are sampled based
solely on the language prior and simple heuristics, rather than
explicit performance feedback.

The full UniPred configuration achieves the optimal balance
between accuracy and efficiency, attaining 99.6% average
success on the training distribution and 92.3% on test tasks,
with an average learning time of 5701.9 seconds. Omitting
PDDL completion renders unified bilevel learning significantly
more computationally expensive and less stable. Conversely,
removing unified bilevel learning reduces computational cost
(averaging 2871.1 seconds) by invoking the language model
only once. However, the resulting predicates are not tuned to
specific tasks, yielding substantially lower success rates. Fi-
nally, “w/o Loss Feedback” achieves success rates comparable
to the full UniPred (99.6% training and 92.5% testing) but
requires a longer learning duration. This suggests that loss-
based feedback directs the search over predicate sets more
effectively, reducing the number of required iterations.

We further display Figure 10 to demonstrate these results
qualitatively. When tasking UniPred and IVNTR with learn-
ing the same predicate, both UniPred variants leverage the
language model and its domain priors to propose candidate
predicates that satisfy most structural constraints at the onset of
training. In contrast, IVNTR must explore a significantly larger
number of candidates to identify similarly effective predicates.
Comparing the two UniPred variants, the version incorporating
loss feedback refines these initial candidates more effectively.
By utilizing loss-translated scores to discard redundant or
brittle predicates and propose more compact, generalizable
alternatives, it achieves the efficiency gains and quantitative
improvements in test success observed in Table V.
Effect of different LLM interfaces. We subsequently eval-
uate alternative strategies for utilizing the LLM within the
Blocks domain, as summarized in Table VI. Our proposed
approach, which employs the LLM solely to propose predicate
templates that are subsequently trained and evaluated via
the bilevel pipeline, achieves a test success rate of 81.6%.
Conversely, restricting the LLM to generate a static PDDL do-
main description—denoted as “LLM complete PDDL” —re-
duces test success to 63.6%. Although the generated PDDL
is typically syntactically valid, it frequently omits critical
preconditions or effects and fails to adapt adequately to the
statistical distribution of the demonstration data.

The most direct strategy, “LLM propose code (Code as
Policy [39])”, prompts the LLM to output executable planning
code that operates on low-level states and selects primitive
actions. This variant yields suboptimal performance, achieving
only 1.2% test success, despite marginally higher training
success. These results mirror the failure modes observed in
neural policy baselines and substantiate the hypothesis that
asking an LLM to directly generate complete programs from
demonstrations for long-horizon robotic tasks is significantly
less effective than leveraging it to guide a structured predicate
search grounded in low-level data.
Role of semantic information in the LLM prompt. To
investigate the necessity of providing semantic information to
the LLM, we compare UniPred against a variant that omits
operator names and known predicate names from the prompt
(w/o Semantic), retaining only type signatures and a minimal
task description. For reference, we also report the performance
of IVNTR under the same experimental protocol.
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Table Clean Real
Planner Seed/Task T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 Mean Avg.

Oracle (Human)
S0 1.0 0.5 1.0 1.0 1.0 1.0 1.0 1.0 0.5 1.0 0.900

0.872S1 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.5 1.0 1.0 0.950
S2 0.5 0.33 1.0 1.0 1.0 1.0 0.5 1.0 1.0 0.33 0.766

UniPred(ours)
S0 1.0 1.0 0.33 1.0 1.0 1.0 0.5 1.0 1.0 0.5 0.833

0.777S1 0.33 1.0 1.0 1.0 1.0 0.5 0.33 0.33 1.0 1.0 0.749
S2 0.5 0.5 1.0 1.0 1.0 1.0 0.0 0.5 1.0 1.0 0.750

Pix2Pred w/ GT preds. and partial GT labels
S0 0.33 0.50 0.50 0.33 1.00 1.00 1.00 1.00 0.00 0.00 0.566

0.521S1 0.00 0.33 0.00 0.33 0.50 0.50 0.50 0.50 1.00 0.00 0.366
S2 0.33 1.00 0.50 0.33 1.00 0.33 1.00 1.00 0.50 0.33 0.632

ViLa-zero-shot&Vila-few-shot&ACT
S0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.000S1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
S2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

TABLE IV: Real robot execution results on the Table Clean Real. Entries are fractional task success scores for each planner across ten test
tasks (T1–T10) and three random seeds (S0–S2). The “Mean” column averages across tasks for each seed and the “Avg.” column averages
over all seeds. The Oracle (Human) baseline corresponds to a human who inspects the current state and selects the next controller in the
sequence while using the same perception stack and low level controllers as all other methods.
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Fig. 9: Qualitative comparison on a real table-cleaning task. UniPred produces accurate symbolic predicates and action sequences, whereas
Pix2Pred and ViLa generate incorrect or inconsistent next actions despite receiving the same visual observations.

Fig. 10: Cumulative number of valid predicates discovered over
iterations for UniPred, UniPred w/o loss feedback, and IVNTR,
compared against the target set of five predicates (dashed line).

As detailed in Table VII, the full UniPred pipeline achieves
99.6% average training success, 92.3% average test success,
and a mean learning time of 5.7 × 103 seconds. Removing

Method T train T test t

UniPred (Ours) 99.6 92.3 5701.9
UniPred w/o PDDL Completion 99.7 86.7 15455.1
UniPred w/o Unified Bilevel Learning 30.0 22.4 2871.1
UniPred w/o Loss Feedback 99.6 92.5 6612.5

TABLE V: Abalation result for the effect of unified bilevel learning
in UniPred.

Method Blocks (Vec3)

T train T test

UniPred (Ours) 99.2 81.6
LLM complete PDDL 79.6 63.6
LLM propose code (Code as Policy [39]) 12.4 1.2

TABLE VI: Comparison between different ways of LLM proposing
for planning.

semantic information (w/o Semantic) maintains high accu-
racy—with 100.0% training and 91.9% test success—but
incurs a significant computational penalty, increasing the learn-
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Method T train T test t

UniPred (Ours) 99.6 92.3 5701.9
UniPred w/o Semantic 100.0 91.9 18612.9
IVNTR 99.5 89.1 21081.8

TABLE VII: Comparison between UniPred, UniPred w/o semantic in-
formation (removing operator names and names of known predicates
from the prompt), and IVNTR, averaged over the three simulated
domains.

Method Table Clean Sim (SE2)

T train T test

UniPred (Ours) 96.0 93.4
IVNTR 0.0 0.0
UniPred w/o derived. select 0.0 0.0
IVNTR w/ derived. select 95.2 91.6

TABLE VIII: Ablation study for the derived-aware predicate selection
module.

ing time to 1.86 × 104 seconds. IVNTR attains compara-
ble training success (99.5%) but lower test success (89.1%)
and exhibits further computational overhead, with an average
learning time of 2.11× 104 seconds.

These findings suggest that while rich semantic context is
not strictly necessary for correctness, it substantially enhances
efficiency by steering the LLM toward predicate proposals that
align with the underlying task structure. Even in the absence
of semantic identifiers, UniPred remains more efficient than
IVNTR, indicating that the LLM-in-the-loop bilevel learn-
ing pipeline provides superior priors and reasoning capabil-
ities compared to the tree expansion approach employed by
IVNTR. Thus, semantic information primarily functions as an
additional prior that further reduces the exploration cost within
the predicate search space.
Derived-aware predicate selection. Table VIII presents an
ablation study in the Table Clean Sim domain, where task
completion requires reasoning over quantified conditions, such
as “all toys have been placed.” Since these conditions can only
be expressed via derived predicates, successful planning ne-
cessitates the effective selection of such predicates during the
search. Both the full UniPred and IVNTR variants equipped
with the derived-aware selection module achieve high suc-
cess. Conversely, variants lacking this module—“UniPred w/o
derived-aware selection” and IVNTR—fail completely, achiev-
ing 0.0% success on both splits.

In the absence of the derived-aware module, the hill-
climbing procedure treats all predicates indistinguishably, fail-
ing to differentiate between low-level relational predicates and
derived predicates that encode quantified conditions. Conse-
quently, the search fails to discover the necessary derived
predicate, causing the score to plateau after minimal improve-
ment, as illustrated by the IVNTR curves in Figure 11. In
contrast, enabling the derived-aware selection module allows
UniPred to explicitly track and evaluate predicates that capture
quantified effects. Upon the addition of a salient derived
predicate to the pool, the selection score exhibits a sharp

L1
L2 L3

L4

L5
L6

L7

L8

Derived predicates added to pool

Fig. 11: Hill-climbing dynamics of the predicate selection score for
IVNTR and UniPred The curve shows how the score changes over
hill-climbing steps: most updates cause only small score adjustments
that are visually subtle, while a few iterations produce noticeable
drops when useful derived predicates are added to the pool.

decline, indicating that the planner has successfully encoded
the domain objective.

VI. DISCUSSIONS

Limitations and Future Work: Despite its effectiveness
in long-horizon planning, our UniPred framework has several
limitations that suggest promising avenues for future research.
(1) Similar to prior work such as IVNTR [16], our predicate
classifiers are supervised with effect vectors. This imposes
the implicit constraint that each low-level controller must
correspond to a unique, deterministic STRIPS operator in the
symbolic domain (with finite object-centric effects). A crucial
future direction is investigating how symbolic predicates can
be discovered in contexts involving non-STRIPS controllers
(with continuous, non-deterministic action effects) [58], [59].
(2) Our predicate invention framework currently requires a
fixed, provided set of low-level controllers, which are typically
learned via imitation. Future work should explore extending
the framework to jointly discover new operational skills [60],
[61], [62] and the corresponding high-level predicates and
symbolic abstractions that govern them. (3) Since UniPred
learns its abstractions directly from human demonstrations and
indirectly through the representations of foundation models,
the discovered predicates are inherently constrained by human
prior knowledge. Discovering emergent, non-intuitive, or “sur-
prisingly smart” abstractions [60] that move beyond human
preconceptions remains an intriguing and important direction.
(4) Following established works in bilevel planning [7], [16],
[11], UniPred operates under the assumption of a fully-
observable and deterministic environment. A necessary next
step is studying how to robustly learn and utilize these sym-
bolic predicates within more challenging contexts, such as Par-
tially Observable Markov Decision Processes (POMDPs) [63]
and environments characterized by stochastic physics.
Conclusion: In this work, we presented UniPred, a unified
bilevel learning framework for automatically discovering sym-
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bolic predicates grounded by expressive neural classifiers. The
core innovation of our system is threefold: First, UniPred
introduces an LLM-in-the-loop bilevel learning system where
high-level knowledge priors proposed by foundation models
guide the top-down efficient exploration of the symbolic
predicate space, while bottom-up learning feedback from low-
level interaction data effectively rectifies high-level model
inconsistencies. Second, we proposed a derived-aware pred-
icate selection pipeline that explicitly learns useful, planning-
driven predicates for Non-STRIPS domains, resulting in a
more expressive and broadly applicable symbolic world model
for complex, long-horizon robot planning. Finally, for image-
based domains, UniPred further enhances efficient percep-
tual generalizability by directly optimizing predicate clas-
sifiers atop the powerful visual features extracted from a
recent VFM [1], requiring only few real-world demonstrations.
Across five simulated domains and one real-world domain, we
demonstrated the efficiency and efficacy of UniPred across
various state representations. Our results show that compared
to purely top-down methods, UniPred achieves a 2 ∼ 4×
higher success rate due to the effective task decomposition
enabled by our discovered and optimized predicates. Fur-
thermore, compared to purely bottom-up methods, UniPred
demonstrates a 3 ∼ 4× faster learning speed by leveraging
knowledge priors from pre-trained LLMs. We conclude that
UniPred represents a pivotal step towards robust, foundation
model-based abstraction learning for tackling general, long-
horizon robot planning problems.
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