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Abstract—To perform complex manipulation planning, au-
tonomous robots are required to abstract continuous, high-
dimensional sensorimotor interactions into discrete object and
action representations. Earlier work either categorized objects
based on visual appearances, which fails to distinguish objects
that appear similar but behave differently, or based on effects un-
der interaction, but was limited to predefined actions. To address
these limitations, we propose a model that jointly discovers high-
level manipulation primitives and object categories through a
binary bottleneck layer, trained to predict multi-modal outcomes,
including object motion, contact, and force feedback, from
random interaction data. Building on these discovered binary
representations, we leverage a discrete planning method that uses
intermediate steps in the predicted effect trajectory to enable
partial action executions for precise low-level control. Addition-
ally, we evaluate our framework’s generalization capabilities on
novel objects by assigning object categories through comparing a
small number of interaction effects with the predicted effects of
learned object symbols, enabling few-shot generalization based on
behavior rather than visual similarity. We conduct experiments
on tabletop repositioning and stacking tasks, and confirm that our
effect-driven planning approach outperforms both a state-of-the-
art method and a visual-based alternative in planning precision
across seen and novel objects.

Index Terms—Robot learning, Representation learning, Au-
tonomous mental development, Few shot learning

I. INTRODUCTION

Autonomous robot development aims to build intelligent
agents capable of learning through own experience, reasoning
about their surroundings, and adapting to novel scenarios [1].
However, a fundamental challenge is that reasoning over high-
dimensional continuous sensorimotor spaces becomes unman-
ageable in long-horizon manipulation tasks. Operating in such
complex sensorimotor spaces requires a layer of abstraction
on both percepts and actions [2], [3]. For example, an infant
that stacks multiple blocks on top of each other does not plan
low-level joint movements directly from environmental pixels;
rather, it thinks in terms of high-level intentions like picking
a block and placing it on top of another one.

Prior studies either manually constructed such abstrac-
tions [4] or used reconstruction-based clustering [3], ignoring
the role of interaction. However, Sun [6] argued that the
concepts of objects and skills emerge directly from the agent’s
interaction with the world and are linked to their goals and
needs. Following this principle, an autonomous robot must
discover its own representations by continuously exploring
and manipulating objects, while learning to make sense of
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the physical dynamics. For this physical exploration to be
effective, the robot’s interactions cannot be limited to purely
visual observations. Multi-modal feedback such as force and
contact can convey complementary information to visual feed-
back about action outcomes, an observation also supported
by developmental studies showing that young infants learn
action properties through both visual and tactual interactions
with objects [7]. Motivated by this, our approach allows a
robot to autonomously categorize objects and learn high-
level manipulation skills directly from multi-modal physical
interactions.

Through continuous physical interactions, children learn to
categorize objects not only by static visual appearance, but
primarily by the effects of actions performed on them [8]. This
concept is defined by the term affordances, first introduced
in [9] as the action possibilities the environment provides to
an agent relative to its own abilities. In this context, objects are
learned not by visual appearance alone but by the actions the
agent can perform on them and by the consequences of those
actions [10]. Following this, Ugur and Piater [[L1] proposed
a bottom-up approach to generate symbolic abstractions by
grouping the similar effects of the robot’s own continuous
interaction with the objects. Ahmetoglu et al. [12] learned
symbolic object affordances through a deep neural network
architecture that predicts effects and showed that abstracting
based on effects provides better planning performance than
reconstruction-based clustering. Kilic et al. [[13] extended this
method to learn object and parameterized action abstractions
jointly. However, learning action primitives based solely on
the final outcomes fails to capture the temporal structure of
robotic trajectories. For example, if actions are categorized
only by their end-effects, an agent cannot distinguish between
pushing an object and picking-and-placing it to the exact same
spot. This limitation motivates the use of temporally-extended
actions and effects to capture the full temporal dynamics of an
interaction, which also allows the use of intermediate points
of a trajectory for precise planning.

This deep understanding of physical dynamics is especially
critical when encountering the unknown. Similar to an infant
that applies familiar movements to new toys, an autonomous
agent must be able to adapt its learned motor skills to handle
novel settings with minimal interactions. Recent studies have
utilized foundation models for one-shot object affordance
grounding [14]] or used geometric similarity to categorize
new objects [15]. However, these methods rely only on static
appearance-based similarity and fail to capture the physical
dynamics of interactions. Furthermore, foundation model-
based approaches require computationally expensive training
and lack data efficiency. We show that after learning functional



object categories and high-level skills, generalizing to unseen
objects based on behavioral similarity by matching multi-
modal effects under minimal interactions allows more effective
skill transfer than visual matching alone.

In this study, we present a neuro-symbolic framework
that enables learning high-level skills and object abstrac-
tions jointly from continuous random interaction data in a
developmental setting and uses these learned concepts for
planning and categorizing novel objects. Our contributions are
as follows:

o A deep encoder-decoder network with a binary bottleneck
that jointly discovers object and action symbols through
a two-stage learning procedure optimized on multi-modal
(spatial-haptic) effect trajectory predictions.

o A planning framework that builds a discrete effect library
from the learned model and performs search with partial
action executions, combined with symbol-conditioned
low-level controllers and drift-based replanning for plan
executions.

o A few-shot object generalization method, where novel
objects are categorized according to behavioral similarity
through effect matching, enabling manipulation planning
on unseen objects.

We evaluate the proposed framework in a tabletop environ-
ment on manipulation tasks. Our results demonstrate that the
proposed method, which uses the discovered symbolic actions,
achieves significantly better planning performance compared
to the Diffusion Policy [[16] baseline across all object types
in both object repositioning and stacking tasks. We further
conduct ablation studies to validate our design choices (a
transformer-based action encoder and two-stage learning) and
to analyze the impact of the action symbol dimension on
planning performance. Moreover, we show that our effect-
driven object categorization generalizes better to novel objects
with a few demonstrations, outperforming the baselines that
rely on visual conditioning of object depth maps.

II. RELATED WORK

It is necessary to discover object categories and high-level
actions in order to perform discrete planning. [S], [17], [18]
used an autoencoder with a binary bottleneck trained on the re-
construction of states, allowing symbolic plan generation. [12],
[19], [20] abstracts object affordances by an effect predictor
encoder-decoder deep neural network with a binary bottleneck
layer; however, in these studies, predefined actions were used,
and symbolic action discovery was not addressed. [13] built
upon a similar architecture and jointly discretized both actions
and objects by spatial effect prediction in a curiosity-driven
exploration setting. We perform a similar joint discretization
that aims to obtain high-level skills and object categories, but
we leverage partial action executions by predicting spatio-
tactual effect trajectories and demonstrate that our framework
can be beneficial in few-shot object generalization.

Learning the dynamics of the environment by effect predic-
tion has been studied with different architectures. [21] used
Graph Neural Networks to model the effects of push actions on
multi-part objects. [22] realized a model for single-action push

and grasp effect prediction, and incorporated partial effects
into their planning module. [23] integrated parameterized skills
and learned continuous skill-effect models. [24] proposed a
model-based planner over the learned latent action space. [25]]
learned multi-object affordances by effect prediction and uti-
lized the network for multi-step planning; however, only a
given place primitive was used as a skill. In addition to that, all
of these architectures require model inference during planning,
which is computationally heavy, whereas we create a discrete
effect library to utilize in the planning.

Recently, generalization to novel objects by one- or few-
shot demonstrations has been explored. [15] categorized object
affordances based on geometric similarity and generalized to
novel object categories. [26] proposed a neuro-symbolic imita-
tion learning framework; however did not explore autonomous
discovery of skills and required a human labeler. [27] real-
ized a network to generate affordance maps for objects and
performed active interactions to adapt a prior affordance map
of a novel object. [14] used foundation models for object-to-
object affordance grounding, which is useful in one-shot object
generalization, and leverages LLMs for creating constraint
functions during planning. Most of these methods are effective
at identifying geometric similarity in novel objects, but we
move beyond the visual affordances. We categorize objects
based on their effects on the same actions; thus, we can
differentiate objects that appear visually similar, but behave
differently to the same applied action trajectory.

III. METHOD

We propose a framework that autonomously discovers sym-
bolic representations of objects and actions through predicting
the effect of interactions, and utilizes these symbols for multi-
step manipulation planning and few-shot generalization to
novel objects. In this section, we first formulate the problem,
then present the overview of the proposed framework, and
detail its components in the subsequent sections.

A. Problem Definition

We consider a robotic manipulation setting in which an
agent interacts with objects on a tabletop environment and
learns high-level object and action representations that enable
multi-step discrete planning from its own exploration. In this
section, we provide object, action, and effect formulations, and
the objective for symbol discovery and planning.

1) Object Representation: An object o € RW*H ig rep-
resented by its depth image with width W = 64 and height
H = 64.

2) Action Representation: An action a € RT*P is a
trajectory of robot’s joints’ angular positions over T timesteps,
where D is the degree of freedom of the robot:

a = {91792,937...,97“}7 0, ERD. @))

3) Effect Representation: At each timestep t € {1,2,...,T}
during the action execution, the following are recorded:
« The absolute position of the object, p; € R3.
 The force vector f; € R? measured from the force sensor
on the robot’s wrist.
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Fig. 1. Overview of the proposed framework. (A) The agent explores the environment by interacting with objects, collecting depth images, joint angle
trajectories, and multi-modal effect trajectories containing the position of the objects, force vectors, and contact feedback. (B) An encoder-decoder network,
including object and action encoders with a Gumbel-Sigmoid (GS) activation function, which maps objects and actions to discrete symbols by learning to
predict effect trajectories. (C) A discrete effect library is built from the discovered symbols, and an A* search over this effect library produces multi-step plans
with partial action executions. (D) The planned symbolic actions are converted into executable joint-angle trajectories using a symbol-conditioned low-level

controller.

o The contact feedback ¢; € R obtained from inside the
gripper of the robot.
The effect trajectory is defined as the change in these
quantities relative to the initial timestep:

e={(pt —po,fr —fo,ct —co)}i=1,..7 2

4) Symbol Discovery: The aim is to learn mappings ¢, :
RWXH 5 10, 1}%, and ¢, : RT*P — {0,1}% where s,
and s, are the dimension of the object and action symbol,
respectively; such that the learned discrete object and action
symbols are instrumental about the effects, allowing discrete
planning.

5) Planning Problem: The aim is to find a symbolic action
sequence 7 that, when applied to a given object at position
po, navigates it to the goal position pgeq. For the tabletop
task, we measure planning performance by using Euclidean
distance between the final position of the object and the goal
|l Pfinal — Peoat||- For the stacking task, we use a binary success
criterion for whether the object is placed on top of a target
object.

B. Method Overview

An overview of the proposed framework is illustrated in
Fig. [} The interaction data is collected through the robot’s
random exploration, including joint angle trajectories, depth
images of objects, and multi-modal effect trajectories consist-
ing of the position of the object, force, and contact feedback
(Fig. [TFA). An encoder-decoder network is then trained to
predict effect trajectories, yielding discrete action and object
symbols in its latent space (Fig. [I}B). Using the discovered
symbols, a discrete effect library is constructed over which
A* search is performed to produce multi-step plans (Fig. [T}
C). Then, the symbolic actions in the plan are converted
into joint-angle trajectories using symbol-conditioned low-
level controllers (Fig. |I|-D). Once trained, the learned model
and the effect library can additionally be leveraged for few-
shot generalization to novel objects by matching their observed

effects to the learned object symbols from only a few demon-
strations.

C. Discretization of Objects and Actions by Staged Learning
of Effects

For discrete planning, we need discrete object and action
representations that are predictive of effects. Reconstruction-
based methods or unsupervised clustering can produce discrete
categories. Still, they group by similarity in the input space,
leaving the planner without a reliable link between symbols
and outcomes. Therefore, object and action discretization
must be learned jointly with effect prediction, since effects
emerge only from the interaction of the two. We therefore
propose a deep neural network that simultaneously predicts
effect trajectories and produces symbolic abstractions through
a binary bottleneck layer, which is shown in Figure [2]

The object encoder ¢,, a convolutional neural network with
a binary activation function, maps the given object depth
image to a binary symbol z,. The action encoder ¢,, with
a binary activation function, takes the joint angle trajectory
over T timesteps and encodes it to a binary representation z,.
Since action trajectories carry temporal structure in the form
of sequential joint angles, we employ the Transformer archi-
tecture [28] as the action encoder. Both encoders use Gumbel-
Sigmoid (GS) [29], [30] as the binary activation function with
temperature I'p = 1:

r+g
Tp
Here, the output is rounded to obtain binary symbols, and
the reparameterization trick [31] is used to pass gradients
through both encoders during training. The binary symbols for
object and action are concatenated as r = (z,]||z4), and the
decoder 1) predicts the effect trajectory é given this vector r.
We adopt a two-stage training procedure motivated by the
finding that coarse action categories can be distinguished
mainly from force and contact modalities, while directional
action categories require spatial information. In the first stage,

GS(x) = o( ):9 = log(log(uz) — log(ur) +¢)  (3)
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Fig. 2. Learning, planning, and execution pipeline of the proposed method. Firstly, the effect prediction network takes joint angle trajectories and object
depth maps from the interaction data, and produces discrete vectors by applying Gumbel-Sigmoid (GS) activation over the encoded inputs. In stage 1, the
network predicts effect trajectories of force and contact feedback from a limited set of action symbol bits. In stage 2, the model uses all bits to predict all
effects, including positional changes. After training is complete, object z, and action symbols z, are extracted. The low-level controller (CNMP) learns joint
angle trajectories, conditioned on these object and action symbols. Lastly, a tree search planning is employed to reach a goal object position pgeq; given an
initial position pg. The planning is conducted on a discrete effect library that includes the predicted effects mappings from each tuple of object symbol, action

symbol, and timestep (2o, 2q, t).

the model predicts only the force and contact feedback effects,
using the full object symbol bits and fewer action symbol bits.
This stage learns to differentiate high-level action primitives
(e.g., distinguishing push from pick-and-place). In the second
stage, the model uses all symbol bits to predict the entire effect
trajectory, including position, force, and contact feedback
changes. This stage refines the action symbols to capture
directional variations within each primitive (e.g., left push,
right push, back pick-and-place).This procedure is also backed
up by the developmental findings that infants first acquire
coarse sensorimotor skills through tactile feedback, and later
refine them into directional variants as visuomotor abilities
improve [7], [32]. We find that this two-stage procedure yields
empirically more stable training compared to learning all
action categories simultaneously. The model is trained with
Mean Squared Error (MSE):

1 T
L= T;Hét—etHQ

After training, the model produces mappings for both objects
¢o(0) = z, and action trajectories ¢, (a) — z,. To execute the
learned symbolic actions on the robot, we need to invert the
action mapping to generate continuous low-level trajectories
from action symbols.

4)

D. Symbol-Conditioned Low-Level Controller

High-level action symbols enable efficient planning but
cannot be directly executed on the robot. A low-level controller
is required to generate executable joint angle trajectories
conditioned on the discovered symbols. We use Conditional
Neural Movement Primitives (CNMP) [33] for this purpose,

for two reasons. First, CNMP is a Learning from Demon-
strations framework, so it can leverage the same interaction
data used for training the effect prediction network without
requiring additional trajectory collection. Second, CNMP can
be conditioned on task parameters, allowing the learned sym-
bols to guide trajectory generation. A task or a demonstration
is defined by the action to apply (z,), the object it is applied
to (2,), and the object’s initial position (o, 0, 0,). Therefore,
the task parameter is constructed as:

(&)

For each demonstration, the task parameter 7y is set using
the symbols extracted from the trained effect-prediction model,
along with the initial object location.

During training, CNMP predicts target joint angles 04y get
from given observations (tops,80bs,y), Where both target
ttarget and observation points t,,s are uniformly sampled
within a demonstration. In the forward pass, the CNMP
encoder takes observations as input. A latent representation
L is obtained by applying average pooling over the encoder
outputs. Then, a target timestep t;4,-ge¢ is concatenated with L
and queried to the decoder to predict the joint angles Oiqrget
at that timestep. At inference time, a trajectory is generated
by feeding initial joint angles with the task parameter to the
encoder and querying the decoder with each target timestep.
In this way, high-level action z, and object symbols z, are
transformed into low-level actions that are executable by the
manipulator robot. Please refer to [33] for more details.

Y= [Zaa 2o, (03:7 Oy, Oz)]

E. Planning with Partial Action Executions

We utilize a search-based algorithm over discrete effects
for planning. To this end, we first create an effect library



that includes the positional changes exerted by the learned
actions for each given object. We pass the object’s depth
image through the trained object encoder ¢, to find its symbol
2o. Then, for each discrete action symbol z, € {0,1}, we
concatenate z, and z, and pass the resulting representation
through the trained decoder v to predict the effect trajectories
é. Since position changes are sufficient to perform spatial
planning, we discard the contact and force feedback in the
predicted effect, retaining only the position component of
the effect é,,,. Predicting the entire effect trajectory rather
than only the final effect allows us to plan with partial
action executions, where each intermediate timestep provides
a distinct reachable state.

Therefore, our constructed effect library consists of map-
pings from each combination of object symbol, action symbol,
and timestep z,,2,,t to a position effect ézt,os. Using this
library, we can perform A* search over the space of discrete ef-
fects. Each node in the search tree corresponds to a 3D position
of the object, with the root node corresponding to the initial
position of the object. The edges represent transitions defined
by the discrete effect predictions in the library. The A* search
algorithm uses the Euclidean distance as the heuristic, and
is bounded by maximum depth d,,,,. The search algorithm
returns a plan when a state within an error margin epsilon of
Dgoal 18 reached. The resulting plan is a sequence of action
symbols and timesteps: m = {(z},¢!),...,(2%,t4)} where d
is the length of a found plan, smaller than d,,,,.

To execute the generated discrete plans, we sequentially
query the trained low-level controller for each step k, con-
ditioned on z, and the k-th action symbol z*. The resulting
joint angle trajectory is truncated at the planned timestep t*
to enable the partial execution.

To ensure the integrity of the execution, we implement a
drift validation between steps. Before executing the step k,
we compare the object’s current position with the position
predicted from the effect library. If the Euclidean distance
between these positions exceeds a drift threshold d, we trigger
a replanning with the same algorithm from the current position
with remaining depth budget d, 4, — k.

E. Few-Shot Object Generalization

To generalize novel objects, we categorize them based on
behavioral similarity rather than visual appearance. We collect
a small number of random demonstrations of a novel object,
and use the trained action encoder ¢, to extract the action
symbol z, for each demonstration. We then predict effects
for each available object symbol z, combined with extracted
action symbol, and compute the error between the predicted
and observed effects. We finally assign the object symbol
corresponding to the lowest mean prediction error across the
demonstrations to the novel object, which enables planning
on novel objects utilizing the existing effect library without
retraining or large-scale data collection.

IV. EXPERIMENTS

In this section, we first explain our experimental setup,
including the data collection procedure and training details.

® o 4R

Fig. 3. Objects used during the data collection. From left to right: Ball, Cube,
Block Z, Block X, and Block Y.

We then show the experiments we conducted to analyze the
following:
o Are the learned actions sufficiently diverse and precise
for use in multi-step planning? (Sec. [[V-B)

e Does our transformer-based network with two-
stage learning achieve high effect prediction
accuracy? (Sec. [V-C)

e Does our framework outperform diffusion-based

baseline across two different
tasks? (Sec. [[V-D)
o Is an effect-based approach stronger in few-shot object

generalization than spatial approaches? (Sec. [V-E)

object manipulation

A. Experimental Setup

1) Data Collection: The experiments are conducted in
PyBullet [34] tabletop simulation environment with a 6-DOF
UR10e manipulator robot. Five different types of objects
containing ball, cube, and long blocks with three different
orientations, as shown in Fig. 3] are used for data collection.
We name these long blocks Block X, Block Y, and Block Z
by their alignment axis (e.g., Block Z is vertical). The data are
collected through a random exploration, illustrated at Fig. {4
An interaction starts with the robot approaching the object

Final position
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Fig. 4. Data collection via random exploration. (a) Push Action: approach
from a random angle and push the object. (b) Pick & Place (Y-aligned):
approach while rotating the gripper, then grasp and lift the object. At last,
move the object and drop it. (¢) Pick & Place (X-aligned): same as (b),
but no gripper rotation is applied. Lift heights are uniformly sampled from
5-20 cm. Each move or push action moves the object 20 cm in a randomized
direction.
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from a uniformly sampled direction. The robot then randomly
executes either a push or a pick-and-place primitive on the
object, with x-aligned or y-aligned grasp orientation. In the
pushing primitive, the object is displaced by 20cm along a
uniformly sampled direction on the table. In the pick-and-place
primitive, the robot holds the object, lifts it to a uniformly
sampled height h ~ U[5,20]cm, and places it at a randomly
sampled target location 20 cm away from the initial position.
The two grasp orientations during the pick-and-place primitive
enable the grasping of objects with different geometries. For
example, a block wide along the X axis needs the X-aligned
grasp to be lifted, but a cube works with both. The different
grasps are also reflected in the force sensor readings recorded
during interactions, allowing the effect-prediction model to
differentiate objects based on their grasp affordances. We
collected 1000 exploration data samples per object (5000 in
total).

2) Training: The effect trajectory prediction model is
trained on 5000 interaction samples consisting of joint angle
trajectories, object depth maps, and effect trajectories. The
model is trained for 600 epochs with a learning rate of 1x10~*
using Adam optimizer [35]. The object symbol dimension is
setto s, = 3, and the action symbol dimension is set to s, = 5
in the first training stage, allowing 2° = 32 distinct actions to
be learned.

After training the effect trajectory prediction model, we
extract binary object and action symbols from the bottleneck
layer using hard-rounded Gumbel-Sigmoid for both object and
action encoders across all samples in the dataset. We then form
the training data for the low-level controller using learned
symbols along with the object initial positions and joint
angle trajectories. We train the low-level controller CNMP,
conditioned on object and action symbols and the object’s
initial position, to predict joint angle trajectories.

3) Evaluated Planning Methods: We compare the follow-
ing methods in the planning experiments:

+ Effect-Driven Planning Framework (Ours): We use the
effect-trajectory prediction network to extract action and
object symbols and construct a discrete effect library. We
employ A* search over the effect library, with partial
action executions, to find plans, and then execute the
symbolic actions of the plan using the trained CNMP
as a low-level controller.

« Diffusion Policy: We train a Diffusion Policy conditioned
on the goal position and the object’s depth map. Since
multi-step planning in our framework uses at most 4
action steps, we execute the Diffusion Policy at most
4 times sequentially for each test, and we condition
each execution on the current position of the object. We
consider an adaptive execution count for each test that is
proportional to the distance of the given goal position.

B. Generated Symbols

Fig. 5] shows an example of the learned effect trajectories
for the cube object, illustrating that the discovered action
symbols capture a diverse set of manipulation primitives. The
top-left projection illustrates the directional variety among the
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Effects in 3D Space

0.2

0.1

-0.2 -0.1 0.0 0.1 0.2 -0.2 -0.1 0.0 0.1 0.2
AX AY

Fig. 5. Visualization of the learned effect trajectories for the cube object.
Each colored trajectory represents the predicted positional effect of a distinct
learned action symbol. The 2D projections include all discovered actions,
while some actions corresponding to less frequently encountered symbols are
discarded from the 3D plot (on the top-right) for clarity.

discovered primitives, while the bottom-row plots show the
separation between push and pick-and-place primitives, where
the pick-and-place primitives have a nonzero Z component
indicating they involve lifting. The 3D plot on the top-right
shows that the primitives corresponding to discovered action
symbols cover the effect space with distinct directions and
heights. This diverse and distributed set of action primitives
is essential for planning, as they enable the planner to achieve
precision in reaching arbitrary goal positions through multi-
step planning.

C. Effect Prediction Error

In this experiment, we evaluate the effect prediction per-
formance of the proposed transformer-based action encoder
with a two-stage learning procedure, compared to alternative
designs such as single-stage learning and a fully connected
action encoder. All models are trained to predict an effect
trajectory é; representing changes in object position, contact
feedback, and force vectors at each timestep. We compute the
mean absolute error between the predicted and ground truth
positions of the object in effect trajectories on a test set of
size N = 1000:

1 ApoOs oS
NT ZHef —e/”[|h (6)
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Error =

The results are averaged over 5 runs with different random
seeds. As shown in Table [l our proposed architecture, which
combines two-stage learning with a transformer-based action
encoder, achieves significantly lower prediction error than both
the single-stage training variant (paired t-test, p < 0.01) and
the fully-connected action encoder baseline (paired t-test, p <
0.01), validating our design choices.



TABLE I
MEAN POSITION EFFECT PREDICTION ERRORS AVERAGED OVER 5 RUNS.

Model Error (cm)
Effect Traj. Prediction Network (Ours) 1.70 £ 0.036
Effect Traj. Prediction Network (Single Stage) 1.77 £ 0.041
Effect Traj. Prediction Network (Fully Connected)  1.82 4 0.058

D. Planning Performance

In this experiment, we assess the planning performance of
our method and the Diffusion Policy baseline on two tasks.
Task 1 is a tabletop task with no obstacles, in which the
robot must move the object to a goal position within a larger
area of the table. Task 2 is a stacking task where a height-
varying block object is placed on the table, and the robot
must stack the manipulated object on top of it. In general,
the goal is not reachable with a single primitive execution,
requiring multi-step planning with partial executions. Example
planning executions of our approach can be seen in Fig. [§] To
evaluate the performance in Task 1, we use the mean Euclidean
distance error between the final object position and the goal
with paired t-tests to assess statistical significance. For Task
2, we report the success rates and obtain significance values
from McNemar’s test [36]. We run each experiment 3 times
and use 100 planning tests per task and object.

1) Action Symbol Dimension Ablation: We first performed
an ablation study on the dimension of the action symbol
to investigate its impact on planning performance. We train
our entire pipeline with action symbol dimensions of 4, 5,

Fig. 6. Planning examples of our approach for Block Z, Block Y, Block X,
and Cube objects (from top to bottom). The red dots show the goal position
in each case. The top two rows belong to Task 2, and the bottom two rows
show Task 1.
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Fig. 7. Mean planning errors (in cm) for Task 1 across different action symbol
dimensions (4-bit, 5-bit, and 6-bit) for each object that is in the training set.
The results are averaged over 3 runs, with 100 planning tests per object. Error
bars refer to standard deviations across runs.

and 6 bits and compute the mean planning errors for each
configuration. As shown in Fig. [7] the 4-bit configuration
demonstrates poor performance compared to others due
to limited planning resolution with only 16 distinct action
possibilities. The 6-bit configuration achieves slightly lower
planning errors than the 5-bit model. However, the planning
time for the 6-bit configuration is higher since the branching
factor in the search tree doubles with each additional bit.
Therefore, we chose the 5-bit configuration for all subsequent
experiments, as it provides a favorable trade-off between
planning performance and computational cost.

2) Planning Performance Comparison with Baseline: We
evaluate both methods on cube, block X, block Y, and block Z
objects for both Task 1 and Task 2. As reported in Table [T} our
proposed method achieves significantly lower planning errors
across all objects in Task 1 (paired t-test, p < 0.001), and
higher success rates in Task 2 (McNemar’s test, p < 0.001).
The performance of our method stems from the precision of
search-based planning compared to goal-conditioned reactive
policy execution. Furthermore, since our model learns the
effects of actions at intermediate timesteps, it can generate
new midway points that were not explicitly demonstrated
in the training data. This capability provides superior in-
distribution generalization compared to Diffusion Policy. The

TABLE 11
PLANNING RESULTS ACROSS SEEN OBJECTS FOR BOTH TASKS 1 & 2

Object Diffusion Policy Ours
Task 1 (Error in cm)
Cube 5.09 £ 0.11 449 + 0.36
Block X 6.50 £ 0.69 4.78 + 0.70
Block Y 7.99 £ 0.45 5.82 + 0.77
Block Z 7.05 £ 1.56 517 + 0.31
Task 2 (Success Rate %)

Cube 37.67 £ 3.3 55.33 + 4.03
Block X 1733 £ 3.3 39.67 + 5.44
Block Y 19.67 + 7.72 45.0 + 2.16
Block Z 18.33 £ 2.87 69.67 + 5.56
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Fig. 8. Novel objects for few-shot generalization. From left to right: Torus,
T-Block, Cylinder, U-Block, and Wide Block.

performance gap is specifically notable in Task 2 as stacking
strictly requires correct grasping of different objects, aligning
with their grasp-affordances. For example, the direction of
grasping differentiates Block X and Block Y as they require
grasping from the narrower dimensions, and the grasping point
differentiates Block Z, as it requires grasping from a higher
point. The Diffusion Policy baseline failed to consistently
match the grasp affordances of such objects, colliding with
Block X and Block Y and overthrowing Block Z due to
incorrect grasping. As a result, it performs poorly on this task,
which requires precise execution of actions. On the other hand,
our framework is preferable since it constructs object and
action categories based on their effect trajectory, incentivizing
representations that are influenced by both push and grasp
actions in various directions.

E. Few-Shot Object Generalization

In our framework, we categorize objects based on similar
effect-driven affordances rather than their visual appearances
for planning. In this experiment, we introduce 5 new objects,
including Torus, T-Block, Cylinder, U-Block, and Wide Block,
to evaluate the impact of effect-driven categorization on gener-
alization to novel objects. As shown in Fig.[8] the novel objects
have shapes or sizes that differ from those of the existing
objects in the dataset.

Using our data collection procedure described in Sec-
tion [V-AT] we collect only three random demonstrations
per novel object, and we then assign each an object symbol
based on the lowest mean effect prediction error across the
demonstrations, as explained in Section [[TI-F} We create 100
different planning tests for each novel object and task, and
perform planning using the assigned object symbol in our

TABLE III
PLANNING RESULTS ACROSS UNSEEN OBJECTS FOR BOTH TASKS 1 & 2

Object Diffusion Policy Ours
Task 1 (Error in cm)
Wide Block 5.28 £+ 0.39 4.83 + 0.11
Torus 5.57 £ 0.13 4.45 + 0.26
U-Block 6.32 + 0.84 4.76 + 0.42
T-Block 6.84 £ 0.30 5.87 + 0.33
Cylinder 6.96 + 0.86 5.02 + 0.42
Task 2 (Success Rate %)

Wide Block 38.67 £+ 3.77 44.33 + 5.25
Torus 53.67 £ 3.30 56.33 + 1.25
U-Block 27.0 £ 9.09 45.00 + 4.24
T-Block 16.0 £+ 0.82 31.33 + 5.25
Cylinder 41.67 £+ 6.13 43.00 + 2.94

Diffusion Policy

A<

Ours

R

Fig. 9. Example executions for stacking planning task including novel T-
Block object, where Diffusion Policy (top) fails, while our proposed method
(bottom) successfully performs the action.

proposed method. We compare our framework against the
Diffusion Policy baseline, which is conditioned on the depth
maps of the novel objects. As shown in Table [[TI, our method
significantly outperforms the Diffusion Policy baseline across
all objects in both Task 1 (paired t-test, p < 0.001) and Task 2
(McNemar’s test, p < 0.001). Figure El illustrates a stacking
action with the novel T-Block object, where the Diffusion
Policy fails to grasp the object properly, while our method
successfully picks and places it on top of the target.

To further analyze the benefit of effect-based object catego-
rization, we also modify our method such that the depth image
of the novel object is directly passed through the trained object
encoder, and the resulting symbol is used for planning without
any effect-matching categorization. The encoder categorizes
Torus as Ball, and T-Block as Block Y, while our effect-based
categorization assigns Torus to Cube, and T-Block to Block
X. These differences represent the distinctions in behavior
of the objects that visual similarity fails to capture, such as
Torus, which appears like a Ball but does not roll freely when
push actions are applied, and T-Block is visually similar to
both Block X and Block Y, but its grasp affordance aligns
with Block X. As shown in Figure (10} our effect-based
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Fig. 10. Comparison of effect-based matching (our proposed method) and
visual-based encoding for novel object categorization on Torus and T-Block
objects in both tasks, with 100 planning tests for each. For a visual-based
encoding baseline, the symbol for the novel object is obtained directly from
the object encoder without effect matching.



categorization yields lower planning errors for Task 1 (paired
t-test, p = 0.05), and significantly higher success rates for
Task 2 (McNemar’s test, p < 0.001) compared to visual-based
alternative method. These results support the idea that object
categorization based on behavioral effects, rather than image or
geometric shapes, leads to more robust object generalization.

V. CONCLUSION

In this study, we propose a neuro-symbolic framework that
discovers object and action symbols jointly from interaction
data through multi-modal effect prediction and utilizes these
learned symbols for multi-step planning on manipulation tasks.
We utilize an encoder-decoder architecture with a binary
bottleneck layer and a two-stage learning procedure, where
the initial stage learns high-level action primitives from force
and contact feedback, and the latter stage uses spatial ef-
fects to differentiate directional variations of primitives. In
the experiments, we first validate our choices for the action
encoder architecture and the two-stage learning approach.
We then evaluate the planning performance of our method,
which performs A* search over a discrete effect library with
partial action executions and uses a symbol-conditioned low-
level controller, outperforming the Diffusion Policy base-
line significantly across all object types and manipulation
tasks. Furthermore, we show that our effect-based object
categorization enables robust object generalization with only
a few demonstrations, outperforming a baseline that relies
on visual appearance-based conditioning. Overall, we provide
an approach to robotic manipulation planning that leverages
symbolic abstractions derived from the multimodal effects
of actions, enabling precise multi-step planning and efficient
transfer for object generalization.

Our framework has several limitations that contain potential
future research opportunities. Firstly, we focused on learning
various unary single-object affordances and conducted multi-
step planning for one object at a time. In the future, the
discovery of inter-object relational symbols can be integrated
into our system for both learning in complex environments and
performing multi-object planning. In addition, the drift-based
replanning mechanism we employ can trigger replanning only
after an action is executed. This mechanism can be enhanced
by incorporating a verification module that checks the feasi-
bility of actions before execution. Lastly, we currently use the
A* algorithm for planning, which lacks the speed and mem-
ory efficiency compared to the Planning Domain Definition
Language (PDDL) [37] solvers. In the future, our system can
be developed to produce symbolic operators compatible with
PDDL, enabling faster and more scalable symbolic planning.
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