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Abstract—Although models are useful for long-horizon reason-
ing, the complex dynamics of deformable objects in many real-
world tasks limit the applicability of many model-based planning
algorithms. In this work, we address the difficulty of modeling
deformable object dynamics by learning where a set of given
high-level dynamics models are accurate: a model precondition.
Model preconditions are then used to find trajectories using states
and closed-loop actions where the dynamics models are accurate.
We demonstrate the efficacy of our approach on pouring and
water transport using both analytical and learned models of
water movement. We also show qualitative results to provide
intuition for what model preconditions might be for the models
used in those tasks.

Index Terms—planning, manipulation

I. INTRODUCTION

Deformable object manipulation is difficult due to the high
number of degrees of freedom typically used to represent such
objects [1]. General-purpose fluid dynamics models require
particularly expensive computational models. Furthermore, dy-
namics models do not accurately reflect real-world dynamics,
especially when key dynamical properties of the liquid and
objects it interacts with are partially observable [1]. Although
data-driven models for pouring exist [2], specific interactions
between objects and water can be modelled accurately using
computationally efficient analytical models that do not require
as much data as general-purpose neural-network models [3, 4].
These models rely on assumptions on factors such as the
geometry of the container, viscosity of the liquid and how
it is moved. The accuracy of data-driven models depends on
the training data and model representation. The best model to
use depends on the constraints of the task.

In this work, we propose an approach that addresses the
complementary benefits and drawbacks of different types of
deformable object models by predicting model error, and then
using that information during planning to focus on states and
actions where the current models are accurate. When models
are updated using new data, the model preconditions are up-
dated to reflect this. To describe model error, we use a distance
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Fig. 1: Each colored region in S x A space represents a model precondition,
which we learn in this work. We show situations where applications of our
approach can improve planning. For example, a) cannot be modelled with
the given set of models and should be avoided, b) can be modelled using a
simulator, and ¢) can be accurately modeled using a simulator, but a learned
model could confer planning speed advantages.

function that collapses high-dimensional state information into
a measure of how different two states are. By applying this
assumption, we can express model preconditions using Model
Deviation Estimators (MDE), which predict the error of an
existing model on a given state and action. MDEs constrain
planning to dynamics that are predicted to be accurate.

The main contribution of this work is demonstrating the ef-
fectiveness of using model preconditions defined using MDEs
to increase the reliability of inaccurate learned and analytical
models used for motion planning with deformable objects.
In our experiments, we evaluate the effect of applying our
approach on success rate in finding plans, and achieving task
success when executing those plans.

II. RELATED WORK

The proposed approach in this paper builds on previous
research in planning using inaccurate models, model error
prediction, and online model adaptation.

One common way to address modeling error of deformable
objects is to use system identification to infer their dynamical
properties, to then use the more accurate model for control.
Only using MPC to address model error fails when errors
cannot be corrected locally. Prior work has avoided states
with inaccurate dynamics by predicting where the model is
inaccurate from data [5, 6, 7, 8] or biasing controllers to states
similar to the training data [9, 10]. Our work is focused on
computing plans using multiple actions which avoid model



s, » models, goal distribution

plans: [ao, a, a“]
Execute

alternate a) and b)
starting with a)

a) | Dy b) | Pupe
Update models || Update MDEs

Fig. 2: Overview of the proposed approach. Goals are sampled
and the planner computes plans to the goal using the current
models. a) The system first trains the learned models to collect
Dy b) Then, MDEs are learned using transitions calculated
with the new plans, Dy/pg.

error by estimating it using a small amount of real-world data.
We also address the issue of models being inaccurate for most
state-action space by adding a learned model to the framework
in [11].

Other approaches to model-based water manipulation as-
sume accurate models after a calibration phase and account
for model error using model predictive control [12, 13, 14]. If
these models are insufficiently accurate, they can be improved
by collecting more data. However, this can require a lot of data
to be accurate across all possible state-action pairs [15, 16],
we aim to only learn the dynamics of transitions required for
planning. Our approach only requires learning a specific set
of high-level dynamics, which avoids many of the challenges
in trajectory optimization using approximate low-level mod-
els [17, 18].

III. APPROACH

In this section, we overview our proposed approach to
learning and planning with model preconditions, which is
shown graphically in Figure 2. First, we describe how we
collect data to train the models and corresponding MDEs.
Next, we describe how MDEs are used during planning. The
planner and MDE formulation are adapted from [11], which
contains a detailed description of the planning algorithm. The
eventual goal is for the robot to search for a high-level plan
of actions [ag,a1,...,ar_1] that visit a sequence of states
[$0, 81, - - ., 7] such that the final state is a goal state: s; € S9

The actions used in our planner are closed-loop options with
a precondition, controller 7(s), and termination condition [19].
The precondition describes the set of states from which it is
valid to execute the controller. The effects of an action are
modelled by M, which is a Skill Effect Model (SEM) [20].
Learned SEMs describe the state after executing a parameter-
ized skill to termination. Data is collected by first computing
Ny plans to a set of sampled goals using the current models,
then executing them in the target environment, typically the
real world, to obtain (s, a,s’) tuples. First, data is collected
to train the learned models (Figure 2a). The dataset collected
this way is denoted as Dy, as it is meant to represent a small
subset of the real-world dynamics: s’ = f(s,a). During model
update, learned models are trained by minimizing MSE on Dy.
We use Random Forest Regression for its data efficiency.

source

target

Fig. 3: Experimental setup in SoftGym. The box on the left
is controllable in z, z, and rotation about the X Z plane

We express model preconditions using an MDE, which
given a distance function d predicts d(s’, M(s,a)). This
prediction is the error of model M on taking action a from
state s. MDEs are trained from data in the target domain by
using the learned models to collect a new dataset, Dy;p g, by
executing Nyspg trajectories to Nyspp different goals. The
procedure to collect Dyspg is the same as for Dy but with
updated models.

If a transition is in a model’s precondition, then that
model can be used to accurately model that transition. A
model precondition is defined using MDEs pre(M;) =
{(s,a)| P(d(M;(s,a),s") < dmax) < 0}.

We implement MDEs using a Gaussian Process Regression
with a Matern kernel for £ and additive Gaussian Noise [21].
The posterior pgp(s,a) and ogp(s,a) after observing inputs
(s,a) and labels are d(M(s,a),s’) for all (s,a,s’) € DypE
represent the MDE for a model M;. For data efficiency, each
transition is used even if that model was not used to compute
the successor of (s, a).

Finally, we define the model precondition using the MDE.
P(d(M;(s,a),s') < dmax) < 6 holds if pugp(s,a) +
Bogp(s,a) < dmax Where (3 is a hyperparameter that spec-
ifies an upper bound on P(d(s,a) > dumax) according to
the GP. For a normal distribution, 8 = 1 and 8 = 2
corresponds to approximately 84% and 98% probability re-
spectively. Thus, the model precondition can be written as:
pre(M;) = {(s,a) [ ucpr(s,a) + Bogp(s,a) < dmax}

We use the planner from [11] but with only one model at
a time, which avoids edges that have high predicted model
error.

IV. EXPERIMENTS

For experiments, we use SoftGym as a stand-in for the real
world [22]. The initial poses of the objects are fixed. The
action space for controls in SoftGym is (dx, dz, df). One task
is to move the control box to a target location. The other
task is to pour a desired amount of water into the target box.
(Figure 3). The state space used in planning is a vector of
[Tees Zeey Bee, Wee, Wie| Where cc denotes the control box and tc
denotes the target box. (Zce, Zee, Oec) 18 the pose of the control
box. The initial poses of both objects are fixed for simplicity.
The box is initialized with a fixed volume of liquid.

Tasks: The first task, BoxAtLocation is to move the
box to a target pose (z4,zq) sampled uniformly from a
0.5 m by 0.6 m box within a 0.05 m error. The second task,
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Fig. 4: Plan performance of planning using model precondi-
tions (ours) and without (control). Left shows success rate
finding plans, right shows success executing the plan and
achieving the goal given that a plan was found

WaterInBox, is to pour at least a given volume sampled
from 1£(20,40)% of water in the target container within 5%
of the total liquid volume. The agent is permitted to spill no
more than 1% of the total liquid for both tasks.

Skills: MovePourer moves the box to (x4, z4) along a linear
trajectory of a fixed number of steps. Pour requires that the
base of the pourer be within a pre-defined region, and rotates
the control box to 6, then back to 0.

Models: In this work, we use one model per skill, primarily
using model preconditions for reliable trajectories rather than
to reduce planning time. The model used for MovePourer is
a kinematic model that assumes that the container moves to
the desired pose, and the amount of water in and out of the
container does not change. We use the scikit-learn implemen-
tation of Random Forest Regression using a maximum depth
of 20 and 100 trees [23] to learn a model for Pour.

Data collection: For our experiments, we set Ny = 20 and
Nypr = 100, leaving 10% of samples for validation. For
the first round of data collection, the model for Pour predicts
that half the glass is filled to ensure plans can be found. Each
action is unit cost.

We test our planner using model preconditions against a
control that does not use model preconditions but uses a
learned model. 50 goals for each task are sampled for the test
set. 5 =1 for all skills and d;,.x = 0.08 m for MovePourer
and d,.x = 0.3 for Pour.

V. RESULTS

Our results in Figure 4 show improvement in task success
rate for both tasks when using model preconditions, though
the planner that uses model preconditions is less likely to
compute a plan than the control is. The trajectories found using
our planner predict that for all (s,a) in the result trajectory,
(s,a) € pre(M), so M is predicted to model M(s,a)
accurately. Thus, the space of possible trajectories is smaller,
but the trajectories found are more likely to be executed suc-
cessfully. This is especially apparent for BoxInLocation
since the goal needs to be within 0.05 m and poses are sampled
randomly.

There is still much room for improvement in the plan
success rate using model preconditions, as these results show
only one round of MDE and model learning. We attribute
the MDE inaccuracy as due to data distribution shift. As

(b)
Fig. 5: Example trajectories where model is inaccurate (top)
and accurate (bottom). Water is shown as particles for clarity.

model preconditions are applied in planning, the state-action
distribution changes to parts of state-space that are far from
Duypr. When using the GP, (s, a) pairs that are very different
from those seen in training are predicted to be the mean, which
is high deviation for our dataset.

Qualitatively, we see that the model preconditions hold for
actions with a smaller distance covered and selects pours at a
shorter height. This is because the dynamics are more accurate
for the available models for those actions. Spillage is more
difficult to model for the learned pour model, and not modelled
at all by the rigid-body model for MovePourer. For instance,
refer to Figure 5, which shows a trajectory where the model
inaccurately predicts the particles will end up in the target
container and not spill to the floor.

CONCLUSION

We show a proof-of-concept implementation of planning
using learned model preconditions in two water transportation
tasks that use analytical models and learned models. Our
preliminary results show improved task completion success
when plans are found even with MDEs that make inaccurate
estimates of the model error. In future work, we will employ
better online data collection to more efficiently gather data for
MDE:s and learned dynamics models. As the model improves,
the set of state-action pairs that satisfy the model precondition
will increase. As a result, the success rate in finding plans
should improve. When the planner is not finding plans, select-
ing samples can be improved by building on the SEM data
generation procedure in [20]. Additionally, we will explicitly
model uncertainty in d, which would enable explicit reasoning
about dynamics uncertainty. The target domain for this work
in predicting model error is to improve the reliability of long-
horizon deformable object manipulation problems executed in
the real world.
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