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Fig. 1: Planning using RD-GNN: The robot encodes the segmented scene point cloud into a learned latent state space with graph structure using the
encoder Φ. The robot then plans a sequence of actions using a learned latent dynamics function δ to predict relations r̂ that match both subgoal g1 and
subgoal g2. The robot first plans to push o2 to the right achieving the first subgoal g1 then pick-and-place object o1 to be the behind of o3 achieving the
second subgoal g2 and thus the goal g = g1 ∧ g2. Note relations are defined from the camera’s perspective.

Abstract— Objects rarely sit in isolation in human environ-
ments. As such, we’d like our robots to reason about how
multiple objects relate to one another and how those relations
may change as the robot interacts with the world. To this
end, we propose a novel graph neural network framework for
multi-object manipulation to predict how inter-object relations
change given robot actions. Our model operates on partial-view
point clouds and can reason about multiple objects dynamically
interacting during the manipulation. By learning a dynamics
model in a learned latent graph embedding space, our model
enables multi-step planning to reach target goal relations. We
show our model trained purely in simulation transfers well to
the real world. Our planner enables the robot to rearrange a
variable number of objects with a range of shapes and sizes
using both push and pick-and-place skills.

I. INTRODUCTION

Robots operating in human environments must contend
with many objects at a time. As such robotic multi-object
manipulation and rearrangement has received much attention
in the literature [1–9]. The most recent of these works show
excellent results in reasoning about novel objects from partial
view sensory information [6–12]. However, robots using
these approaches operate in a limited capacity manipulating
individual objects one at a time. In contrast, a pair of
recent works have shown the ability for robots to reason
about and manipulate multiple objects at once [13,14]. These
works leverage image-based feedback controllers, that lack
the level of semantic reasoning and explicit object grounding
we desire for multi-step planning to logical goals. How can
a robot plan to logical goals while still reasoning about a
variable number of dynamically interacting objects?

Our work seeks to answer this question. We propose an
approach that can explicitly predict inter-object relations
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in multi-object scenes, while also being able to plan to
manipulate multiple objects at once. We advocate for the use
of logical relations for specifying goals as in [7,9] as they
provide a useful language for communication between robot
and human. A human can easily construct a goal for tasking a
robot by providing a conjunction of desired logical relations
between objects in the scene. On the flip side, the robot
can use its predictions of logical relations to communicate
its belief over the current scene or future states it intends
to achieve through manipulation. This contrasts with several
recent approaches to rearrangement which provide images
as goals to the robot [15]. Generating images for all desired
goals requires a much higher burden on the user and in many
cases would require the user to actively rearrange the scene,
obviating the need for the robot!

To enable reasoning about manipulation effects simulta-
neously on multiple objects, we propose learning a latent
state space in the form of a graph neural network (GNN).
Our proposed relational dynamics GNN (RD-GNN) takes as
input a segmented, partial view point cloud of the objects in
the scene. It encodes this observation into the graph latent
space, from which it can predict inter-object relations for
both the current scene and future states given a sequence
of actions. To enable these future predictions, we learn
a dynamics function in the latent graph space. We then
use our learned network to perform planning to achieve a
desired relational goal. Figure 1 illustrates how our learned
model can be used for multi-step planning. Importantly,
our planning framework can incorporate multiple distinct
robot skills and produce multi-step task plans to achieve the
specified goals. Our planner performs diverse multi-object
rearrangements including lifting and placing multiple objects
at once, building and deconstructing towers, pushing objects
to be in contact, and aligning objects spatially.
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We leverage GNNs as their relational inductive bias
enables better reasoning about multiple object interactions
compared to alternative neural network structures [13]. Our
experiments provide further evidence to this effect. We show
that RD-GNN outperforms a similarly structured multi-layer
perceptron operating directly on object pairs both in terms
of planning success rate and predicting post-manipulation
relations to enable successful planning. Crucially, using
graph neural networks allows the robot to use the same model
to reason about a variable number of objects. Further, by
directly using partial view point cloud information as input,
the robot can reason about objects of novel shape and size
without access to explicit object models.

We further test the hypothesis that we can train RD-
GNN using only the pre- and post-manipulation relational
labels for supervision, in addition to the input point cloud
and actions. Our extensive simulated and real world experi-
ments show that using this relational supervision outperforms
training to predict changes in object pose, coupled with an
analytic approach to predicting relations from the object
bounding boxes. Further, we show that training with both
the relational and pose estimation losses provides no real
benefit over training with relational losses alone.

II. RELATED WORK

Neural networks, including graph neural networks, have
been applied to reason about spatial relationships and per-
form planning based on said reasoning [7–9,16,17]. Paxton
et al. [7] present a framework to reason about pairwise
relations and plan to find an object placement that is
physically feasible and satisfies the goal relations. Liu et
al. [8] present a transformer-based framework to manipulate
objects into a configuration that satisfies the multi-object
semantic goal relations encoded from natural language. This
approach reasons about multi-object relations, but like [7]
only moves a single object at a time via pick-and-place.
It also requires added complexity incorporating language
and loses the ability to operate explicitly on logical goals.
Yuan et al. [17] present a framework to learn object feature
embeddings incorporating single object semantics from RGB
images for use in sequential manipulation tasks. Simeonov
et al. [16] leverage a GNN as a graph-attention network to
select contact points and object transformations from point
cloud observations for single-object manipulation. Zhu et
al. [9] presents a grounded hierarchical planning framework
for long-horizon planning manipulation tasks that leverages
a symbolic scene graph to predict high-level plan actions and
a geometric scene graph to predict low-level motions. Unlike
our work, Zhu et al. [9] do not examine multi-object dynamic
interactions. Lou et al. [18] predict spatial relations between
objects in clutter using GNNs to aid in finding better grasps,
but do not model how relations will change post grasp.
Furthermore, Driess et al. [19] learn to predict multi-object
interactions using graph nets, with supervised reconstruction
for NERF-like embeddings. Unlike our proposed approach
they do not predict object relations and learn and plan at
a much finer time scale which makes their simulation-only

experiments unlikely to transfer well to the real world. Biza
et al. [20] similarly examine learning object-oriented models
of the world with pose estimation supervision. They show the
ability to embed pose-based goals into a latent space, but do
not explicitly reason about relations or manipulating multiple
objects at once. In [11] a GNN-based policy learns to
perform multi-object rearrangement tasks including stacking
and unstacking. However, the policy requires full object pose
information and manipulates one object at a time.

Object stacking and unstacking tasks are challenging for
robots to perform autonomously [21–25] due to the difficulty
in modeling the non-trivial contact dynamics and support
relations of the objects being stacked. Some recent works
leverage GNNs for object stacking and unstacking tasks [10–
12]. Li et al. [10] leverage the GNNs to build relational
reinforcement learning framework to help capture multi-
object information in object stacking and unstacking. How-
ever, this method does not consider generalization to objects
of different shape and size, requires expert demonstrations,
does not show real-world experiments, and uses only one
primitive action. Sharma and Kroemer [12] leverage GNNs
to predict the feasibility of an action in object stacking
and unstacking. They only consider preconditions, while
we focus on leveraging multi-object dynamics to achieve
logical goal relations. Furthermore, they require full 3D
scene observations from multiple cameras, while we use the
partial point cloud from a single camera.

Long-horizon planning has become an important prob-
lem for robot manipulation. Task and motion planning
(TAMP) [26–32] defines a promising method to solve long
horizon problems. TAMP approaches typically assume mod-
els of how objects and potentially their relations change.
While learning has been used for various aspects of TAMP,
no work has shown how to plan with multi-object dynamic
interactions from point cloud data. Simeonov et al. [16] pro-
pose an approach to object manipulations from point cloud
data. They leverage a plan skeleton similar to us to solve
long horizon planning problems. However, they do not reason
about object relations and only manipulate one object with
each action. Liang et al. [32] learn to plan with different skill
primitives which sometimes include multi-object dynamic
interactions. They perform multi-step skill planning using a
heuristic graph search. However, they assume knowledge of
object state and do not explicitly reason about object relations
for learning.

III. PLANNING TO GOAL RELATIONS WITH GNNS

We assume our robot perceives the world as a point
cloud Z with N associated object segments Oi ⊂ Z, i =
1, 2, ..., N . The robot receives a goal, g = r1 ∧ r2 ∧ ... ∧
rM ; rj ∈ R, defined as M desired object relations. g repre-
sents the goal relation conjunction, rj represents each goal
relation, and R represents the set of all possible relations.
Example relations in R include planar spatial relations such
as “object i is in front of object j” or 3D relations such
as “object i is above object j” and “object i is in contact
with object j.” We assume the robot receives a plan skeleton
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G = (g1, . . . ,gH) [16,33] specifying the subgoals for each
step in the multi-step plan of length H . We do not find this
overly restrictive as several different approaches can generate
appropriate plan skeletons [27–29,32].

We provide our robot with a set of L parametric action
primitives A = {A1, . . . , AL} where Al defines the discrete
skill, which has associated skill parameters θl. Example skills
include a push skill (Al) with parameters (θl) encoding the
end effector pose and push length or a pick-and-place skill
defined by the grasp and placement poses.

We define the robot’s planning task as finding a sequence
of skills and skill parameters τ = (A0, . . . , AH−1) that
transforms the objects such that they sequentially satisfy each
subgoal gi in the skeleton G. We propose learning a latent-
space dynamics model [34] for use in a planner to solve this
task. The latent space model enables the robot to encode
its partial view point cloud observations to a representation
useful for planning. Crucially we propose a novel graph
neural network architecture to encode the latent space with
a graph structure. This enables the robot to explicitly reason
about a variable number of objects in the scene.

We learn an encoder to map observed segmented point
clouds to the latent space Φ : Z → X and an associated
decoder to predict inter-object relations from latent states Ψ :
X → R. To predict the forward state dynamics for planning
we learn a forward dynamics function δ : X ×A → X .

We can now formally define our planning objective as
maximizing the probability of achieving the goal relations
with the following constrained optimization problem:

arg max
τ=(A0,...,AH−1)

H∏
k=1

P (rk = gk|xk) = Ψ(xk) (1)

subject to xk+1 = δ(xk, Ak) ∀k = 0, . . . ,H − 1 (2)
x0 = Φ(Z0) (3)
Ak ∈ A ∀k = 0, . . . ,H − 1 (4)
θmin � θk � θmax ∀k = 0, . . . ,H − 1 (5)

The constraints in this optimization problem encode the
latent space dynamics (Eq. (2)), grounding of the initial latent
state from the observed point cloud Eq. (3), and constraints
on the action parameters Eqs. (4–5). We thus chain together
predicted action effects decoding each state to predict the
inter-object relations. Figure 1 visualizes planning with this
model.

After solving this optimization problem the robot can
execute the planned actions in the physical world. Our
proposed network enables the robot to validate if it achieved
its goal by computing rk = Ψ(Φ(Zk)). Where Zk denotes
the current point cloud observation.

We now provide a brief introduction to graph neural
networks which are crucial building blocks for our proposed
model. We then discuss the details of our specific relational
dynamics graph neural network architecture visualized in
Fig. 2. We follow this with a discussion of training our
model before concluding this section with a description of
our planning algorithm.

A. Graph Neural Networks

We define a directed graph G = {V,E} with nodes
V = {vi} and edges as E = {e−→

ij
} where each vi and

e−→
ij

is a feature vector for node i or the edge from i to
j respectively. We seek to encode information associated
with this graph into a neural network; following [35] we
can reason about our graph network operations in terms of
message passing in the graph, where a single graph net layer
of update and aggregation functions performs one round
of message passing between neighbors in the graph. By
constructing multiple graph layers, information from nodes
across the graph can propagate in the form of deeper and
deeper features.

Update functions transform individual node or edge fea-
tures. We use feed-forward multi-layer perceptrons as update
functions in this paper. We denote node updates as v′i =
fn(vi) and edge updates as e′−→

ij
= fe(e−→ij ). Aggregations

take inputs from multiple parts of the graph and reduce
them to a fixed feature length, thus enabling consistent output
feature dimensions from a variable input size. We denote a
message from node i to node j as m−→

ij
= (vi⊕vj⊕e−→ij ) and

define our message update functions as m′−→
ij

= fm(m−→
ij

).
Here ⊕ denotes vector concatenation. To define our ag-
gregation functions we introduce an intermediate variable
yi = 1

|N (i)|
∑
j∈N (i)(m

′
ji) which takes the average of all

messages incoming to node vi denoted as those coming from
nodes in node i’s neighborhood N (i). Using this we can
define our node aggregation function as v′i = gv(vi ⊕ yi)
and the edge aggregations as e′−→

ij
= ge(vi⊕vj⊕yi⊕yj⊕e−→ij )

where gv(·) and ge(·) define MLPs. This edge aggregation
thus concatenates and then transforms the features associated
with the two neighboring nodes and the messages passing
between them. For more details on graph nets including
alternative aggregation functions see [35].

B. Learning Relational Dynamics with GNNs

We now turn our attention to our relational dynamics
graph neural network, RD-GNN, which takes as input the
segmented object point cloud and a candidate action and
predicts the current and post-manipulation inter-object rela-
tions. We discuss the network in terms of several different
components: the encoder, the latent graph dynamics function,
and the relational output classifier. An overview of these
different components and how they connect to one another
is visualized in Figure 2.

Our encoder Φ can be decomposed into two sub-networks:
the point cloud encoder and the latent graph encoder. Our
point cloud encoder φPC(Z) operates on each of the N point
cloud segments, Oi ⊂ Z, converting the variable size input
point cloud to a fixed-length feature vector vi. This feature
vector will act as the node feature to our input graph to the
GNN. We use PointConv [36] as the backbone of our point
cloud encoder to output a feature of length 128.

Given the output of our point cloud encoder, we define our
input graph xI = (V I , EI) with nodes V I = {φPC(Oi)⊕k}
where k denotes a one-hot encoding providing a unique
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Fig. 2: Overview of the components of RD-GNN. A point cloud encoder φPC transforms a segmented point cloud into N feature vectors
acting as the node features for the fully connected input graph xI . The graph encoder φG transforms xI into a latent graph state embedding
xL. This latent graph in turn acts as input to a relational classifier ψR and dynamics function δ along with actions encoded via φA.

identity label for each node. To improve the generalization
ability we randomly generate the object IDs during train-
ing [37] over a range larger than the highest number of
objects expected to be seen at deployment. We chose 16
in the paper since it was all we needed for our experiments,
although it could be set higher for other applications.

We define edges to and from all node pairs in the graph
creating a fully-connected, directed input graph. We set all
input edge feature e−→

ij
∈ EI to be empty. This topology

enables message passing between all nodes, but provides no
explicit edge features as input for learning.

We use our graph encoder to transform our input graph, xI

to a latent graph xL = φG(xI). Here φG(·) represents a layer
of graph message passing and aggregation as defined in the
previous section. We use our latent graph embedding as input
to two sub-networks: our relational classifier, r = ψR(xL)
and our latent graph dynamics function xL

′
= δ(xL, A).

We construct our relational classifier as an MLP that
operates on a pair of nodes and their associated edges from
xL, taking the form of an edge aggregation network r−→

ij
=

ψR(vi,vj ,yi,yj , e−→ij ). We predict relations for all object
pairs by running this classifier for each pair of nodes in the
graph as a form of graph convolution. While some relations
may be mutually exclusive, in general the spatial relations are
independent of one another, necessitating individual binary
classifiers and not a softmax-based multi-class classifier.
Note we never specify mutually exclusive goal relations.

We additionally examine learning to predict the object
pose (defined as its centroid and bounding box orientation
in simulation) for all objects in the scene. To this end we
learn a pose regressor xi = ψP (xL) which we train using a
node aggregation network with an output MLP with 3 outputs
encoding position and 6 encoding orientation as in [38].

The final piece to define is our latent graph dynamics
function xL

′
= δ(xL, A). Recall that A defines the action

(skill) including its skill parameters being evaluated through
the dynamics. We encode any discrete skill variables (e.g.
object identity) using a one-hot-encoding for use as input
into the network. We pass this action through an action
encoder A′ = φA(A) which we implement as an MLP.
We build separate node δv(·) and edge δe(·) dynamics

functions which respectively take as input the node or edge
features of the latent graph concatenated with the encoded
action. As output they predict the change in graph features
∆vLi ,∆eL−→

ij
. Given these definitions we define our graph

dynamics functions as vL
′

i = vLi + δv(v
L
i ⊕ φA(A)) and

eL
′
−→
ij

= eL−→
ij

+ δe(e
L−→
ij
⊕ φA(A)). We incorporate multiple

skills by learning a separate dynamics functions for each
skill, using the same shared latent space.

C. Multi-step Loss Functions and Model Training

We train our model end-to-end using a combination of
loss function terms. The first term defines the classifi-
cation (cross-entropy) loss of predicting the current rela-
tions from the currently observed point cloud LREL =∑H
t=1 CE(rt, r̂t = ψR(Φ(Zt))). Our second loss component

provides regularization that the predicted, post-manipulation
latent graph should match the latent graph encoded from
the point cloud observation after executing the associ-
ated action [34] LDYN =

∑H
t=1

∑H−t−1
i=0 ||xLt+i − xL

′

t+i||22.
Where xLt+i = Φ(Zt+i) defines the latent graph encoded
directly from an observed point cloud and xL

′

t+i+1 =
δ(Φ(Zt+i), At+i) defines the predicted latent graph state
through the learned dynamics function. We recursively use
our δ functions to predict the latent state for all time steps
in the executed plan.

Our final loss term operates on the post-manipulation
relations predicted via the latent graph dynamics, LREL′ =∑H
t=1

∑H−t−1
i=0 CE(rt+i, r̂

′
t+i). We make the distinction be-

tween r̂t+i and r̂′t+i explicit, where r̂t+i = ψR(xLt+i) and
r̂′t+i = ψR(xL

′

t+i). This operates in an analogous multi-step
fashion to the latent dynamics regularization.

For pose estimation we define an L2 loss on the current
and predicted object poses in an analogous manner replacing
ψR with ψP . We examine the effect of this loss in our
experiments.

D. Planning Algorithm Implementation

Any number of methods can solve the optimization prob-
lem defined in Eq. (1). For this paper we use the cross
entropy method (CEM) [39,40]. CEM is a derivative-free,
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Below(blue, green) = 0 ∧ Below(blue, red) = 0Below(yellow, red) = 1Initial Scene

pick-and-place(green) pick-and-place(red) pick-and-place(green) push(green)

Fig. 3: For the same initial scene (left) we show different valid states found by our planner and model for two different goal settings.
For the first goal relation, the robot can either pick the green object or the red object to place atop the yellow object. For the second goal
relation, the robot can either push the green object or pick-and-place the green object to deconstruct the towers. Here we label the objects
using color instead of object id to make the figure easier to interpret.

sampling-based procedure that begins with an initial Gaus-
sian distribution over the decision variables N (τ | µ0,Σ0).
We generate a set of samples S = {τi ∼ N (τ | µ0,Σ0)},
evaluate each one under the specified cost function, and
select the top-k low-cost samples Stopk. We recompute
the mean and covariance for the current iteration as µ1 =
mean(Stopk) and Σ1 = cov(Stopk), and then proceed to
the next iteration. We repeat this process for K iterations
and select the final mean µM as the result. Our optimization
problem requires a mixed discrete-continuous optimization
due to having to find a sequence of skills (discrete) and the
parameters to those skills that are themselves mixed discrete-
continuous. Because our robot has a small number of skills,
we independently search for each discrete skill and select
the one with the lowest cost (highest success probability).
To improve the numerical stability we minimize the log of
Eq. (1) instead of Eq. (1). Given the subgoal skeleton we
can greedily solve the continuous and discrete action search
for each step of the plan. We propagate the predicted latent
state, xt+1 resulting from running action At as initial state
for the next plan step.

IV. EXPERIMENTS & RESULTS

We now describe the training data collection and experi-
mental validation for our approach to learning and planning
with RD-GNN. In our experiments we examine the following
relations: left, right, behind, in-front, above,
below and in-contact. We get the in-contact re-
lation directly from simulation and we define other relations
following Paxton et al. [7]. We train and evaluate our model
on multi-object rearrangement tasks using pushing and pick-
and-place skills. We conduct experiments in simulation and
on a physical robot manipulating both blocks and YCB
objects [41].
Dataset collection in simulation: We conduct large scale
data collection using the Isaac Gym simulator [42]. We
collect a dataset by generating scenes with a variable number
of cuboid objects of random size with arbitrary pose. Scenes
contain objects in either one or two vertical stacks. We then
execute a random push or pick-and-place action on one of
the objects in the scene. We record the partial view point
cloud before and after the manipulation, the executed action,
and the ground truth relations between all object pairs in the
scene. We collected a total of 39,600 push and pick-and-
place attempts. Fig. 3 shows an example scene with various

pushing and pick-and-place actions and outcomes from the
simulator.

Baseline Approaches: We implement several baselines for
comparison to our proposed model RD-GNN. PointConv Re-
lations (PCR): defines a PointConv based network that takes
in a pair of segmented objects and predicts their relations
without any GNN, similar to the relational classifiers in [7].
Pairwise MLP Relational Dynamics (MLP): predicts rela-
tions and dynamics for pairs of objects using an MLP instead
of a GNN to construct the latent space and dynamics. Direct
Pose Dynamics GNN (DPD-GNN): uses a GNN to predict
the pose for each object conditioned on a chosen action. We
use an analytic relational classifier to predict relations from
the predicted poses and their associated bounding boxes.
Pose Estimation GNN (PE-GNN): We replace the relational
output heads on our model with pose estimation regressors.
We again use analytic relational classifiers for evaluation.
Combined Relational Dynamics and Pose Estimation (RD-
PE-GNN): This combines our model with the pose estimation
regressor for both the current and next time step. Relational
Dynamics without Latent Regularization (RD-GNN-w/o-LR):
We train a version of our model without using the LDYN loss.

Predicting and Detecting Inter-Object Relations: We first
examine the efficacy of our model in correctly predicting
which relations will be present after executing a specified
action. Then we examine the ability of our model to detect
inter-object relations for objects in the observed scene post
manipulation. We show here the prediction accuracy between
the predicted relations and the ground truth relations post-
manipulation. On our simulation test data across 300 skill ex-
ecutions, the average prediction F1 score across all relational
classifiers predictions for RD-GNN is 0.906, MLP is 0.678,
RD-PE-GNN is 0.879, DPD-GNN is 0.319, PE-GNN is
0.133, and RD-GNN-w/o-LR is 0.693. We find that the RD-
GNN and RD-PE-GNN perform comparably and outperform
other baselines in terms of prediction F1 score. We next show
the F1 score between the detected and ground truth relations
post manipulation. For our simulation test data, the average
F1 score of the post manipulation relational classifiers for
RD-GNN is 0.974, MLP is 0.971, RD-PE-GNN is 0.977,
PointConv is 0.985, PE-GNN is 0.899, and RD-GNN-w/o-
LR is 0.977. We find that our approach performs comparable
to the PCR baselines, MLP, RD-PE-GNN, and RD-GNN-
w/o-LR. Furthermore, our approach outperforms PE-GNN
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Fig. 4: Comparing planning success rate of the different models as a function of (left) the number of objects in the scene, (middle) the
number of relations specified in the goal, and (right) the number of steps. The legend applies to all three plots. We see that RD-GNN
and RD-PE-GNN achieve comparable performance while significantly outperforming the baseline models. The success rate drops for all
models as we specify more relations in the goal. Even when fully constrained the top performing models achieve high success rates.

in terms of detection F1 score. Note the PCR method alone
cannot be used for planning dynamic interactions, which is
the main focus of this work.
Planning to Desired Goal Relations: We now examine the
ability of our model to plan to desired goal relations with
a single action step. We ran 20 planning trials containing
varying numbers of objects and goal relations using each
model in simulation. We only used pushing tasks for large-
scale statistics. Fig. 4 shows that our model, RD-GNN,
as well as our model with pose estimation, RD-PE-GNN,
dominate all competitors. Fig. 3 shows a variety of success-
fully executed single-step plans using RD-GNN. Notably we
generate diverse plans for the same goal and initial setting.
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Fig. 5: Number of successes on real-world YCB object manipula-
tion tasks. We compare results for a varying number of objects and
varying plan horizon length as denoted by the horizontal labels.

We now turn our attention to multi-step planning focusing
on only RD-GNN and RD-PE-GNN as the best single
step performers. We show planning success rates for plans
ranging in length from 1 to 3 planning steps in simulation in
Fig. 4 (right). We use four objects for the multi-step test in
simulation and the real world. We see that for both the RD-
GNN and RD-PE-GNN approaches, the success rate drops
with plan length. Both models achieve high success rates.

We show planning success rate for real-world experiments
in Fig. 5. We ran test trials using YCB objects with 5 trials
for each setting of varying number of scene objects or plan
steps. For all the real-world experiments, we use 5 relations
in the goal. Our results verify that our method transfers to
real-world settings without any fine tuning and generalizes
to real-world objects when trained only on cuboids in simu-

lation. Fig 1 illustrates real-world multi-step plan execution.

V. CONCLUSION

We presented an approach to multi-object manipulation
based on learning relational classifiers via graph neural
networks. We showed through extensive simulated and phys-
ical robot experiments that the relational inductive bias
of the graph net provided improved planning success. We
can attribute this to better accuracy when predicting both
inter-object relations and latent space dynamics. Further
we showed inter-object relations provide a better source of
supervision for training our model for planning than using a
pose estimation loss.

While we find our results quite exciting, several limitations
exist in the approach as currently formulated. On a theoreti-
cal level we have no proof that the relations we use in training
our representation provide a sufficient basis for predicting all
inter-object interactions of interest. Currently we only have
empirical results to show they seem to work well. As an
additional training issue, we only trained with block-shaped
objects, while this proved sufficient for demonstrating the
benefits of relational graph dynamics, we do not capture
detailed shape information that robots must reason about for
more complicated tasks and interactions. At a low-level we
have not closely integrated the motion planner we use for
skill generation with the higher-level CEM planning. This
causes the robot to sometimes reject samples that fail to
generate motion plans, decreasing efficiency and coverage
of our planner. For the multi-step planning, we do not use
replanning which requires high accuracy of the latent dynam-
ics model. We think this mechanism will not generalize to
very long horizons like 20 steps. So we plan to do replanning
for future works.

Overall, our approach provides the first example of pre-
dicting multi-object manipulation sequences using learned
relational dynamics from partial view point clouds. We
leverage these predictions for planning and executing multi-
object dynamic rearrangements on a physical robot.
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