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Fig. 1: (Top) Our bilevel learning framework invents neural predicates from training demonstrations (with one platform), which enable the
learning of a hybrid bilevel planner. (Bottom) The invented predicates realize zero-shot compositional generalization over objects (with two
platforms), where a longer solution with different action compositions is generated. Continuous action parameters are omitted for simplicity.

Abstract—A robot that learns from demonstrations should
not just imitate what it sees—it should understand the high-
level concepts that are being demonstrated and generalize them
to new tasks. Bilevel planning is a hierarchical model-based
approach where predicates (relational state abstractions) can
be leveraged to achieve compeositional generalization. However,
previous bilevel planning approaches depend on predicates that are
either hand-engineered or restricted to very simple forms, limiting
their scalability to sophisticated, high-dimensional state spaces.
To address this limitation, we present [IVNTR, the first bilevel
planning approach capable of learning neural predicates directly
from demonstrations. Our key innovation is a neuro-symbolic
bilevel learning framework that mirrors the structure of bilevel
planning. In IVNTR, symbolic learning of the predicate “effects”
and neural learning of the predicate “classifiers” alternate, with
each providing guidance for the other. We evaluate IVNTR in six
diverse robot planning domains, demonstrating its effectiveness
in abstracting various continuous and high-dimensional states.
While most existing approaches struggle to generalize (with < 35%
success rate), our IVNTR achieves an average success rate of
77% on unseen tasks. Additionally, we showcase IVNTR on a
mobile manipulator, where it learns to perform real-world mobile
manipulation tasks and generalizes to unseen test scenarios that
feature new objects, new states, and longer task horizons. Our
findings underscore the promise of learning and planning with
abstractions as a path towards high-level generalization. Project
website: https://jaraxxus-me.github.io/IVNTR/.

TWork was partly done during internship at Centaur AI Institute. Corre-
spondence to {bowenli2,basti} @andrew.cmu.edu.

I. INTRODUCTION

Imitation learning has made significant recent strides [1-5],
but generalization remains an open challenge, especially when
new tasks require recomposing high-level concepts that are
only implicit in the training data [6, 7]. In Figure 1, a robot
has seen demonstrations of stepping onto a platform to grasp
an object, and other demonstrations of dropping the object into
a container. Now, faced with a new task where the container
is also elevated, the robot should first move the two platforms
appropriately, step onto one of them to grasp the object, and
finally step onto the other to drop the object. Note that the
platform arrangements must be completed before grasping the
target, since the robot cannot move platforms with its hand full.
This kind of learning and reasoning requires compositional
generalization (new objects); sequential generalization (new
and longer action sequences); and long-horizon planning with
continuous state and action spaces with sparse feedback (goals).
In sum, the robot should not just imitate demonstrations, but
also understand and leverage the high-level concepts within
the low-level states that are being demonstrated.

One promising direction to address these challenges is to
learn and plan with abstractions [8—14]. In this work, we con-
tinue a line of recent inquiry on learning abstractions for bilevel
planning [15-21]. In bilevel planning, continuous low-level
states are mapped into a symbolic relational state space defined
by predicates such as Viewable (?robot, ?target) or



On (?robot, ?platform). Planning proceeds jointly in the
symbolic high-level space and the continuous low-level space.
The key idea is that this hybrid planning can be more efficient
and effective than reasoning solely in the low-level space.

The performance of bilevel planning depends substantially
on the predicates used to define the abstract state space [17].
To avoid the need for a human engineer to manually define
predicates for every new domain, recent work has considered
learning predicates from data [17, 21-25]. Broadly, three
approaches have emerged. The most direct one relies on
human feedback (labels or guidance) during the predicate
learning process [24-26], which is labor-intensive and does
not guarantee useful abstractions for planning [17]. The second
approach invents predicates with surrogate objectives that
are easy to optimize, e.g., reconstruction loss [27-29] or
bisimulation [12, 30]. While these methods simplify learning,
they complicate planning due to the mismatch between the
surrogate objectives and the actual planning goals [17]. The
third approach directly invents predicates for efficient planning,
making planning “easy” but learning “hard,” as objectives like
total-planning-time and expected-planning-success are difficult
to optimize [17]. To address this, previous works have used
program synthesis with classical grammars [17] and foundation
model-based techniques [21, 31]. Howeyver, in both cases, the
predicates are invented from programmatic and pre-defined
classifiers, which are limited in flexibility and scalability.

Our main contribution is bIleVel learNing from TRansitions
(IVNTR), the first approach capable of learning neural pred-
icates that are optimized for efficient and effective bilevel
planning. Since directly incorporating the planning objective
into network training is challenging, our IVNTR instead
constructs a candidate neural predicate pool, which is later
subselected [17]. The key insight behind our approach is to
center learning around the effects of predicates, which provide
two major benefits: (1) they enable the derivation of supervision
labels for transition pairs, yielding a well-structured learning
objective for training the neural network; and (2) the inherent
sparsity of predicate effects, combined with neural learning
signals, facilitates efficient symbolic learning of their structure.
To this end, IVNTR presents a novel bilevel learning framework,
inspired by the structure of bilevel planning itself. Similar to
the alternation between high-level symbolic search and low-
level neural sampling in bilevel planning, IVNTR interleaves
symbolic effect learning and neural classifier learning in an
iterative process. In each iteration, the symbolic learning
proposes a candidate predicate effect across different actions,
which provides labels for neural learning on transition pairs.
Once the neural classifier converges, its validation loss guides
the symbolic learning to propose the next candidate that could
minimize the loss in the new iteration. This iterative bilevel
learning ultimately yields a compact set of neural predicates,
which are then selected to optimize the planning objective [17].
The final set of invented predicates seamlessly integrates into
operator and sampler learning frameworks [17, 32], ultimately
forming a fully functional bilevel planner.

To evaluate the effectiveness of IVNTR, we conduct exten-

sive experiments across six diverse robot planning domains.
These domains feature a wide range of low-level state represen-
tations, from SE(2) and SE(3) poses to high-dimensional point
clouds. Furthermore, as shown in Figure 1, by leveraging rela-
tional predicates and Al planning, IVNTR zero-shot generalizes
to tasks with unseen entity compositions. Finally, we deploy
IVNTR on a quadruped mobile manipulator (Boston Dynamics
Spot) for two long-horizon mobile manipulation tasks. The
learned predicates successfully abstract complex continuous
states into representations compatible with the Al planner, while
also providing actionable guidance for the samplers. We believe
IVNTR represents a pivotal step towards learning high-level
abstractions from sophisticated low-level states.

II. PROBLEM FORMULATION

We propose a method that uses an offline demonstration
dataset to learn planning abstractions that generalize to test
tasks with unseen objects and action compositions. In this
section, we describe the formal problem setting. We follow
the notation system introduced in previous work [17]; see
Appendix A for a complete notation glossary.

Planning problems are defined within a certain planning
domain (A,C, f, ¥s, Ug,) with a task distribution 7, where
we can sample a planning task T ~ T = (O,xq, g).

A is a finite set of object types A € A. For example, the
Climb-Transport domain depicted in Figure 2 has three object
types: A = {robot(r), platform(p), target(t)}. Each type is
associated with a set of features that characterize the state
of an object of that type.! For example, robot has features
“BasePose”, “HandPose”, and “GripperOpenPercent”, among
others. A specific task T is characterized by objects O =
{01,092, ,on}, each associated with one type in A. Objects
are fixed within tasks but vary between tasks. The state of a
task x € X is defined by an assignment of feature values to
all objects in the task. For simplicity of exposition, we assume
that a state with /N objects can be represented as a matrix
x € RVXK for some domain-specific constant K; however,
we show in experiments that our approach can be applied to
more sophisticated object-centric state representations as well.

The action space for a domain is characterized by a set of M
parametrized controllers C = {C1,Ca,- -+ ,Cps}, each of which
has an object type signature (A1, A2, -, A,) and a continuous
parameter space (). For example, in Figure 2, MoveToReach
has type signature (robot, platform), and continuous param-
eters {} = SE(2) defining an offset 2D pose for the robot
relative to the platform. A ground action is a controller with
fully specified parameters, e.g., MoveToReach(ry, p1,w) for
a certain w € (). We use underline notation to represent
grounding: C is a certain ground action. A lifted action
is controller with object parameter placeholders, which are
typically prefixed with ?, e.g., MoveToReach(’r, 7p, ). States
and actions are related through a known transition function
f(x,C) — x', which the robot can use to plan.

'Unlike previous work [17], we do not assume that features are scalars;
high-dimensional images and point clouds are also allowed.



A predicate 1 is defined by an object type signature
(M, A2,...,Ay) and a classifier 6, : X x O — {True, False},
where 8, (x, (01, ..., 0,)) evaluates the truth value of a ground
predicate based on the continuous features of the input
objects. For example, the predicate In has type signature
(target, target) and a classifier that uses the poses and shapes
of two targets to determine whether one is “in” the other. A
ground predicate 1 has fully specified objects. For simplicity,
we denote 0,,(x) = 0y (x, (01,...,0,)). A lifted predicate
has placeholders for objects, e.g., In(?t, ?t).

Following previous work [17], we assume that a small set
of goal predicates V¢ is known and used to characterize task
goals. In particular, a goal ¢ is defined by a set of ground
predicates that must evaluate to True in a state for the goal
to be satisfied. For example, the goal in Figure 2 has only
one ground predicate, In(tq, to). In this work, we make an
additional assumption that any relevant static predicates Wy,
are known. A predicate is static if its evaluation never changes
within a task (see Appendix E for examples). Conversely, a
predicate is dynamic if its evaluation could change within a
task; examples are provided later in Definition 1.

A solution to a task is a plan 7 = [C;,Cs, -+ ,Cjy], that is, a
sequence of H ground actions such that successive application
of the transition model x; = f(x;-1,C;) on each C;, € m,
starting from xg, results in a final state xy where g holds.
For instance, the plan depicted in Figure 1 bottom right finally
leads to the state where In(ty,ts2) holds. In sum, to generate
the plan 7 for a task, in each state, the robot needs to predict:
(1) the action class C € C, (2) the objects as the discrete
parameters, and (3) the continuous parameter w & €).

During training, the robot has access to an offline demonstra-
tion dataset D = {(T}, ;) }2 ,, which consists of B task and
solution pairs sampled from the task distribution 72" Note
that since the transition function f is known and deterministic,
we can also recover the intermediate states from x,. During
test time, the robot is required to solve held-out tasks sampled
from a different test distribution 7¢5t. In practice, for the sake
of evaluating generalization, test tasks typically contain new
and more objects than training tasks. For example, as shown in
Figure 2, all training tasks only have 1 platform, but during test,
there are 2 platforms. The difference in object compositions
could result in different lengths of plans with a different action
order, requiring the method to generalize by understanding the
implicit concepts present in the training demonstrations.

III. BILEVEL PLANNING

In this work, we propose a method for learning predicates
that can be used for bilevel planning. We now provide a brief
review of bilevel planning and refer to other references for a
more in-depth discussion [15-17, 19-21, 24, 32, 33].

Bilevel planning uses relational abstractions to achieve
sequential and compositional generalization. The two principal
abstractions are predicates (state abstractions) and operators
(action abstractions). Bilevel planning also uses relational
samplers to generate possible ground actions from operators.
The key idea is that planning jointly in the abstract transition
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Fig. 2: The Climb-Transport domain is presented as a running example.
We have displayed one typical training and one test task on the top.
The types, actions, and provided predicates are shown at the bottom.

system and the low-level transition system can be much more
efficient than planning in the low-level transition space only.

Definition 1 (Operator). The operator for a parametrized
controller C is a tuple, 0p® = (Var, Pre, Eff T Eff ), where
Var is a tuple of object placeholders matching the type signature
of C, and Pre, Eff™, Eff~ C W, respectively preconditions,
add effects, and delete effects, are each a set of lifted predicates
defined with variables in Var. ¥ is a predicate set.

For example, the operator for Grasp(?r, 7t) could be:

Pre = {HandEmpty(?r), HandSees(?r, 7t)},
Eff " = {Holding(?r,?t)},
Eff = {HandEmpty(’r),HandSees(?r, 7t)}.

Given a task T' = (O, xq, g), bilevel planning (Figure 3b) starts
by using predicates to generate an abstract state consisting of
all ground predicates with objects O whose classifiers evaluate
to True in xg. The initial ground predicates, together with the
operator set and goal g, can then be input to an Al planner [34]
to generate a plan skeleton, ™ with partially grounded actions
with unspecified continuous parameters, C. To refine the actions
in this skeleton C € 7 into fully grounded C with the continuous
parameters w, bilevel planning leverages samplers.

Definition 2 (Sampler). The sampler n° for a planning operator
0p® with v object placeholders is a conditional distribution
w ~ 1% | x,(01,...,0,)) that proposes continuous action
parameters for C((o1,...,0,), ) given a state x.

Note that unlike the deterministic operators, samplers are
usually stochastic and may fail in certain steps. Thus, bilevel
planning alternates between the Al planner and samplers, using
the predicate classifiers 6y as “guidance” in each step to
compensate for potential sampling failures.
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Fig. 3: (a) Overview of IVNTR during training. Given transition pairs in the continuous space, IVNTR invents neural predicates with different
arguments parallelly, resulting in a candidate set. A subset that minimizes the planning objective J(-) is selected from the candidates, which
serves as the final Wq4y,,. With the complete predicate set, sampler and operator learning can be achieved. (b) Bilevel planning with operators
and samplers during test. Compositional ground predicates serve as inputs to the Al planner and provide guidance to the samplers.

Assuming we have a complete predicate set, previous
work has studied the problem of learning operators [32] and
samplers [16, 19] from the demonstration dataset D. Since the
predicates, learned operators, and samplers are relational, they
can be generally applied to held-out test tasks sampled from
Tt However, with an insufficient predicate set—for example,
with only ¢ and Wy,—bilevel planning can be intractably
slow [17]. We next introduce the IVNTR framework, which
closes this gap by automatically inventing dynamic predicates
for efficient bilevel planning.

IV. METHODOLOGY

The problem of inventing dynamic predicates ¥ 4,,, can be de-
composed into symbolic learning—how many predicates should
be invented, and with what type signatures—and classifier
learning, determining £, for each invented predicate 1y € Wayn.
Previous approaches [17, 21] address these problems via a
“define-then-select” two-stage pipeline. In the first stage, for
each predicate candidate 72) with known variable types, its
classifer is pre-defined via program synthesis [17] or pre-
trained foundation models [21]. These candidates form a large
predicate pool \ildyn. In the second stage, to subselect predicates
from the pool, each candidate predicate set \ildyn C \ildyn is
scored with a function J (\ildyn) that measures both planning
efficiency and effectiveness. A key limitation of this “define-
then-select” pipeline is that the classifiers within \ildyn are
restricted to a relatively simple set. Scaling to more general
classifiers, e.g., neural networks, is nontrivial, since J (\ildyn) is
highly non-differentiable. To address this, we propose IVNTR,
a “learn-then-select” approach that leverages bilevel learning.

As depicted in Figure 3 (a), given the domain types A,
IVNTR enumerates all possible typed variable compositions
(with maximum input arity). Since the input features for the
predicate classifier depend on its argument types, IVNTR
invents predicates with different arguments group by group
parallelly. For the invention of each group, IVNTR draws in-
spiration from bilevel planning itself, where planning alternates

between the symbolic level and the low level. Similarly, IVNTR
interleaves symbolic learning and neural learning, with each
providing guidance for the other. Specifically, symbolic learning
proposes effect vectors that represent the add and delete effects
for candidate predicates across all operators. Neural learning
uses these effect vectors to provide supervision for classifier
learning. The validation loss in neural learning feeds back into
symbolic learning, and the process repeats. In this section, we
describe these steps in detail via the exemplar predicate group
1 € WY with the typed variables Var = (7r, 7t).

A. Effect Vectors as Supervision for Neural Learning

Suppose we had access to the symbolic components of a
predicate 10, but did not yet know its classifier 6,,. Suppose
further that we had knowledge of all appearances of 7 in
the effect sets (Eff™ Eff™) for each operator 0p®. We now
describe how this knowledge—which we do not actually have,
but which will be suggested by symbolic learning—can be
used for supervised learning of the classifier 6.

Recall that we have access to demonstrations D, and for each
demonstrated task 7', we can recover the solution trajectory,
[X0,Cy,%1,Cq,+,Crr_q,xpr]. If we knew the initial state
ground predicates ¢ in xg, then we could immediately recover
all ground predicates for all the states in the trajectories
by chaining together the operator effects. Then, a simple
binary classification framework could easily address our neural
learning problem. However, we do not have access to the
initial state ground predicates—we only have access to operator
effects—so we do not have direct knowledge of the abstract
states in the demonstration. Nonetheless, we can still provide
supervision for neural learning by leveraging the ground
predicates that are added, deleted, or stay unchanged in each
transition pair. We provide this supervision by way of predicate
effect vectors, including the lifted effect vector for a domain,
and the ground effect vector for a transition.

Definition 3 (Lifted Effect Vector). The lifted effect vector for
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From the demonstration dataset, we display two transition pairs (one
for each action, in total four states) on the left. The neural network
takes object centric features as input, predicting ground predicates (in
total eight values). At the bottom, we display an example lifted effect
vector for action Grasp, Gaze as Af = [+1, +1]. With the ground

effect vector, supervisions can be derived on the predicted values.

Due to the unreasonable effect supervisions, the intermediate state is
labeled as both True and False, resulting in high validation loss.

predicate ) is AV = [5¥ ... ,5¢M] € {-1,0,1}* where:

1 ¢ € EffT for C;
§Y =<3 —1 o cEff for C;

K3

0 otherwise.

For example, in Figure 4, the effect vector [+1, +1] specifies
that predicate ¢ = P2;(?r,7t) is the add effect for both
Gaze(?r, 7t) and Grasp(?r, 7t)>.

The lifted effect vector is a favorable symbolic representation
of a lifted predicate, since its shape doesn’t depend on task
object compositions and can thus be learned more efficiently,
as we will see. However, to train the neural classifier on the
transition pairs, we will need to derive supervision on ground
predicates, which is achieved by the ground effect vector.

Definition 4 (Ground Effect Vector). Let O be the object set
in a task 7', C, be a ground action with objects 091- C O, then
the ground effect vector t¥¢ = [ty,--- ,tp] € {—1,0,1}F
for predicate ¢/ grounded on O is defined as:

{5%, if Oy C O,
ty = F i

0, otherwise,

where 1) denotes the p-th atom with objects Oy , among
the total of P ground predicates. For example, in pFigure 4,

2Each predicate here can appear at most once in the effect sets, but this
doesn’t affect the representation capability of the final predicate set.

ground effects for P2;(ry,t;) will be +1 for both ground
actions Gaze(ry, t;) and Grasp(ri, t;), while ground effects
for P21(I‘1,t2) will be 0, as (I‘l, tg) g (I‘l,tl).

Importantly, this implies that the “value” of the (potentially)
non-zero entry of all ground effects from the action class
C; equals 5;/’, while the “position” of the non-zero entry is
decided by the object set O¢ and the predicate grounding (see
Appendix B and Appendix C for more explanations).

Now, we are able to train the neural classifier 0, on
the transition pairs with supervisions from AY. Specifically,
consider a transition pair: (x,C,;,x'), we first construct the
ground effect vector t¥°C: using 5;p € AY. Then, the following
supervised learning objective can be established for 6y:

‘C(X; X/; 01/1) - ‘Czero + ‘Cone (1)
v,V = Ground(x, 0), Ground(x', 0, 2)

Lzero :DiVJs(\Af O} H(td)’gm _ 0)

Volts —0), o

Lone :(BCE([@p,@;], [ 1 ]) cabs(d¥), 4
where v, v’ € [0,1]F are the predicted ground predicates by
applying 6, on all possible object sets from O. Divyg(|)
denotes the Jensen—Shannon divergence [35] and Eq.(3) tries
to minimize the distance between v and ¥’ if the indices with
zero values in V€. Up, f);) denotes p-th ground predicate, where
(’)1/,}7 C Og,. BCE(:, -) represents the Binary Cross-Entropy,

which tries to directly supervise ¥ and v’ if 5;p = 0. Intuitively,
L,ero supervises the ground predicates whose values should
stay unchanged in a transition (but we don’t know their values).
Lone, on the other hand, supervises the ground predicates whose
values can be derived based on the effect vectors. Since we
have AV for all lifted actions, the pipeline can be applied to
all ground transition pairs in D, resulting in the global loss,

LP(04) = Exexymp L%, X, 04), (5)
cec

where D, denotes the distribution of the grounded transition for
action C in the dataset D (See Figure 4 for the examples of two
transitions from different actions). Since £ is fully differentiable
with respect to 0, given a effector A¥ and the demonstration
dataset, we could leverage the general and standard deep
learning frameworks [36, 37] to train a neural classifier
that minimizes the loss £ for any state representation.

B. Neural Loss as Guidance for Symbolic Learning

To obtain all the classifiers fgvsr for all the typed predicates
1 € W' the problem now becomes finding all the lifted
effect vectors A¥ ¢ AY™. As defined in Definition 3, the
lifted effect vectors live in the discrete world with a finite shape,
which motivates us to establish some discrete optimization
strategies for it. One insight here is that, despite the large
space, only a few effect vectors provide reasonable supervision,
with unreasonable ones resulting in high classification error on
the validation set after the training converges.



A motivating example is depicted in Figure 4, where the
proposed effect vector assumes the predicate to be the add
effects for both Gaze and Grasp. In the demonstration, Grasp
closely follows Gaze, making the intermediate state shared in
the two transition pairs but with one being the next state and the
other being the current state. Then, the intermediate state will
be labeled as both True and False, which is unreasonable and
results in high classification error. Thus, our symbolic learning
aims to efficiently find all “reasonable” effect vectors,

Definition 5 (Symbolic Learning Objective). Let the demon-
strations be split into non-overlapping training and validation
sets D = Din | DY the objective of our symbolic learning
is to find a subset of effect vectors A*Y"™ ¢ A“I’var,

A*7\I,Var _ {Ad) c Aq,\/ar E»Dva] (de) < T} , (6)

where 0¥ is learned from D™ with supervision derived from
val

AV using Eq. (5), and LP" denotes the validation loss of

classifier ¥ calculated from Eq. (5), and 7 is a given threshold.

Inspired by the fact that a predicate’s effects are usually
sparse among actions, we propose a tree expansion algorithm
for efficiently learning AR Specifically, as shown in
Figure 5 (with M = 4 actions), the complete effect vector set,
A“I’var, is formulated into a tree-like structure, with each node
A¥n ¢ A“I’var, n > 0 representing an effect vector. The root A°
of the tree is an “all-zero™ effect vector, which is not associated
with any potential dynamic predicate. The nodes in the [—th
level represent a vector with [ non-zero entries. For each non-
leaf node in the [—th level, its “children” in the [ + 1-th level
have the same non-zero entries with one more non-zero entry.
A naive exploration in this tree is to enumerate its nodes and
train neural classifiers with supervisions from each of them,
which is extremely time-consuming due to the large space. To
explore the effect tree more efficiently, IVNTR tries to balance
the trade-off between exploration and exploitation [38, 39].

Specifically, each node AY~ in the tree is additionally
associated with a scalar r}, indicating its value for finding
AY € A%V if we expand it at the current ¢-th iteration. In the
t-th iteration, we start by selecting a parent node Par(Az’) with
the highest current Upper Confidence bounds applied to Trees
(UCT) score [39]. Its child, Af that has the current highest
value 7, among all the children is proposed for evaluation (index
is neglected for simplicity). The evaluation process is defined
as the supervised neural learning process in Section IV-A.
After the classifier 0¥ converges, we collect its action-wise
validation loss L; € R by decomposing Eq. (5) for each
action C € C,|C| = M. The loss information is then used to
update the values of all the nodes in the tree, which helps us
select and expand the parent node in the ¢ + 1-th iteration. The
tree expansion terminates if all of the existing nodes are fully
expanded, or, if the max iteration has been reached.

Clearly, the key to more efficient learning lies in the
definition and updating strategy of the node values 7. As
the sparsity of predicate effects among actions is indicated by
the sparsity of non-zero entries in the effect vector, we try to
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Fig. 5: Detailed symbolic learning process for predicate group
P2 (?r, ?t). With the neural validation loss from the previous
iteration, symbolic learning starts by merging the loss into the global
value vector (See Eq. (7)). After the node values in the effect tree are
updated, we conduct parent node selection and expansion. Among the
children nodes, we evaluate the child with the current highest value,
via the neural classifer training process described in Figure 4.

efficiently explore the entries in the effect vectors that should
not be zero to optimize Eq. (6). To achieve this, we try to
leverage the guidance from the “zero-parts” (Eq. (3)) of L;.
Specifically, after the evaluation of the node Af in the t—th
iteration with L;, we use the following equations to update
and compute r7, , for all the nodes in the tree,

R:+ L
Rm:Rt@H(Af%OH%

iy = Mean(Re © I(AY" = 0)),

Y _
ouAY =0,

where R; € RM Ry = 0M is a global value vector that stores
the information from historical evaluations. I(AY = 0) is a
binary vector indicating if an entry in the evaluated node Ag’
equals to zero. Here, we only update R; with the “zero-parts”
of the loss information L;, which then helps update the node
values. The node values intuitively indicate how likely the loss
will decrease in its children where there are fewer zeros in
the effect vectors. From Eq. (7), we see that the higher loss in
the zero entry indexes of A¥~ contributes to its higher value,
encouraging the evaluation to prioritize its children, which are
likely to decrease the loss. In Appendix D, we additionally
introduce some pruning strategy for more efficient expansion.
Finally, we collect all the effect vectors A¥» ¢ AT with
the associated neural classifier 6, as the outcomes from the
bilevel learning of typed predicates ¥73*. As shown in Figure 3
(a), there could exist multiple different vector-classifier pairs for
the same typed predicate W'2F, which are treated as different
predicates in the following predicate selection stage.’

C. Predicate Selection

With all possible typed predicates, IVNTR is able to
construct the predicate pool Vg, without any classifier pre-
definition. This strength has made bilevel planning applicable

3Following previous work [17], we can also add quantifiers and negations
as prefix for each of the invented neural predicates.
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Fig. 6: Visualization of the five domains (excluding Climb-Transport) we have studied in this work. These domains feature various state
representations (including the high-dimensional point clouds in the Engrave domain) where our IVNTR can be generally applied.

Domain Satellites [20] Blocks [32] Measure-Mul Climb-Measure Climb- Transport Engrave

State Space SE2 (R3%5) Vec3 (R3%8) SE3 (R7%5) SE3 (R7%5) SE3 (R7%5) PCD (R1024x3x6y

Test Dist Ttrain T test J/ Ttrain T test J/ Ttrain T test J/ Ttrain T test J/ Ttrain T test J/ Ttrain T test J/
Oracle 100.0 100.0 0.00| 100.0 100.0 0.00| 100.0 100.0 0.00| 900 816 0.09| 912 820 0.10| 100.0 100.0 0.00
IVNTR (Ours) 99.2 93.2 0.06| 100.0 82.0 0.18| 90.0 884 0.02| 916 656 0.28| 792 532 0.33| 984 792 020
GNN [40] 74.0 60 092| 824 240 0.71| 24 1.2 050 208 0.7 097 48.0 20 096| 0.0 0.0 1.00
Transformer [41] 46.8 1.2 097| 244 76 0.69| 10.0 24 076 292 0.0 1.00| 104 08 092 00 0.0 1.00
FOSAE [28] 100.0 348 065| 24 04 0.83| 3.6 1.2 067 212 0.0 1.00| 456 0.8 098 0.0 0.0 1.00
Grammar [17] 0.0 0.0 1.00| 0.0 0.0 1.00| 00 0.0 1.00, 0.0 0.0 1.00| 00 00 100 NJA NA NA
Random 0.0 0.0 1.00| 106 1.2 0389 0.0 00 1.00 00 0.0 1.00| 00 0.0 1.00, 00 0.0 1.00

TABLE I: Empirical success rate comparison on six simulated robot planning domains. Among all the methods, IVNTR suffers the least from
the generalization challenge due to its relational structure. The scores are obtained from the averaged results over five random seeds.

to complicated and high-dimensional state spaces. Meanwhile,
as the predicate classifiers are relational and can be seamlessly
integrated into an Al planner [34], our approach can naturally
achieve compositional generalization.

Yet, not all of the predicates in \ildyn are favorable for plan-
ning. Therefore, we next try to select a subset \Ildyn C \Ildyn
that minimizes the score function .J (\Ild),n, D) [17]. Spemflcally,
with a set of candidate predicates ¥ = {Uq, ¥ga, Tayn},
we start by grounding all the states x in the demonstration
D, which forms a ground atom dataset. Since we already
have the effect Vector for each of the predicates in \Ildyn,
the effect sets (Eff JEff C \Ildyn) for each operator Op
can be easily obtalned. Then, the precondition set for each
operator can be calculated using an intersection strategy [32].
The learned operator set Op is then applied to the ground
atom dataset to generate plan skeletons 7 for each task, which
are compared with the demonstration plan skeletons 7 for
objective calculation [17]. The objective is finally minimized
by running a hill-climbing search over \ildyn, resulting in the
desired predicate set Wgy,,. With the complete set, we are now
able to learn the planning abstractions (operators and samplers)
using standard pipelines [20, 21, 32] as shown in Figure 3
(a). For a more detailed explanation to operator and sampler
learning, please see Appendix Appendix K.

Note that before the predicate selection stage, all of the
predicates’ neural classifiers have been pre-trained using our
IVNTR framework, which has avoided the challenge of using
the planning objective for learning but still achieved a powerful
and adaptive model optimized for planning.

V. EXPERIMENTS
A. Implementation Details

System and Hardware: All methods are evaluated on a
single NVIDIA A100 GPU and an AMD EPYC 7543 32-Core
CPU to ensure fairness. Training is conducted on the same
hardware as evaluation, with domain-specific details provided
in Appendix E. Real-robot experiments are performed using
the Boston Dynamics Spot robot equipped with an arm.
Baselines: Since we do not assume access to the complete
predicate set, most existing bilevel planning approaches [19,
20, 32] are inapplicable. We attempted the grammar-based
approach [17], but it failed to optimize the planning objective
in most domains (see Appendix J). Thus, IVNTR is primarily
compared to relational neural policy learning methods [28,
40, 41]. Following prior works [16, 17, 20, 32], baselines are
trained using standard behavior cloning pipelines and evaluated
with a shooting strategy; see Appendix F for details.
Domains: We evaluate the methods across six diverse
robot planning domains with varying state representations,
as visualized in Figure 6 and summarized in Table 1. Below,
we provide a high-level overview of these domains. For more
implementation details, please refer to Appendix E:

o Satellites comes from prior work [20], which involves a
group of satellites collaborating to capture sensor readings
from targets. States comprise SE2 poses and object
attributes. Training scenarios (7t2iny include 2 satellites
and 2 targets, while test scenarios (7 ***t) have 3 of each.

e Blocks: Inspired by [32], this domain tasks a robot with
manipulating 3D blocks to form goal towers. Unlike
vanilla Blocks World, the goals here involve “packing”
pairs of blocks into two-level towers. 7" includes 4-5





















