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Abstract— We propose to learn the structure and parameters
of rule-based probabilistic transition models for manipulation
actions with the presence of multiple objects. For each rule,
we use deictic references to myopically select relevant objects
and learn a neural network predictor on the transition of their
states. Our algorithm simultaneously assigns training data to
each rule and learns the rule parameters through clustering and
EM-like methods. We evaluate learned rules on variants of a
simulated, 3D table-top pushing task involving stacks of objects.
Comparing to a baseline that uses a vector representation of
all the objects in the scene, our approach with a template
representation of the model is more data-efficient and performs
better under varying numbers of objects in the scene.

I. I NTRODUCTION
Consider a household robot preparing dinner in an unfamiliar kitchen, or organizing papers in a cluttered office
space. The robot must be able to perform a wide variety of
object-manipulation tasks, such as opening cabinets, turning
the knob on the stove, gathering papers, and so on. More
importantly, the robot must have an understanding of how an
action will affect the world state, i.e. the robot configuration
and the poses of all of the objects in the room. Only then
can the robot plan a sequence of actions to achieve possibly
long-horizon, high-level goals like preparing a meal. This
work focuses on the acquisition of this understanding, in
the form of a transition model. Specifically, given an initial
world state and an action, we wish to predict the resulting
state of the world after the action is taken.
Even simple actions have complex effects. Consider a
robot pushing an object, i.e. the target, on a table. Because
of the absence of detailed information about the world, e.g.
the imprecise exertion of force or uneven friction of surfaces,
the pushing action cannot produce deterministic effects even
if only the target is on the table [1]. Moreover, given the
presence of additional objects close to the target, the push
can be prevented from succeeding or other objects may move
as well, such as any on top of the target object or in the path
of the push. As a consequence, the resulting change in the
world state is not only stochastic, but it also includes the
poses of multiple objects; hence, it is very challenging to
represent and learn a probabilistic transition model.
In this work, we propose to represent the continuousspace transition distribution using a rule language that is
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a generalization of PPDDL (probabilistic planning domain
description language) operator descriptions to continuous
domains. While actions may produce complex effects, the
type of effects that may result are often structured and can
be grouped into a small number of categories that capture
plausible outcomes. By characterizing these structured categories, we obtain rules for how the state of the world changes
as a result of an action.
Continuing our simple example of pushing, though the
push action may have an effect on the target object, the
objects on top the target and the nearby objects, other
objects far away or at the opposite direction of the push
are less likely to be affected. By capturing these structural
relations between objects, henceforth referred to as deictic
references [2], [3], we can represent the possible outcomes
of an action as a collection of rules. This collection of rules
is in turn a representation of a transition model.
To predict how a particular action will affect the objects in
a scene, a rule starts with the target object of the action and
pull in as context some small number of additional objects
related to the target in predefined ways (e.g., objects on top of
the target, in contact with the target, within some given radius
of the target, etc.). Based on properties of these selected
objects only, the rule will make a prediction for how the
action will affect some subset of objects in the scene, again
chosen by structural relations starting from the target object
of the action. All other objects that are not selected by the
rule are assumed to remain unchanged.
Because rules are agnostic to the total number of objects in
the scene, the same, relatively “small” rules can be applied to
a variety of complicated scenes with many objects, making
rules a compact and general representation of a transition
model. Because each rule is only responsible for the objects
selected by the deictic references (i.e., structural relations
between objects), it requires fewer training examples to make
good predictions and scales easily to a large number of
objects in the scene.
Main contributions: We specify the language of rules and
how they can be used to predict outcomes of actions. We then
introduce our algorithm for learning such rules. Finally, we
evaluate our algorithm and the performance of rules on a
simulated 3D pushing task.
II. R ELATED W ORK
The representation and learning of transition models for
capturing the effects of actions in the environment has been
studied extensively. A variety of representations have been
presented, each with their own learning algorithms.

