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Learning to Shape by Grinding:
Cutting-surface-aware Model-based Reinforcement Learning

Takumi Hachimine!, Jun Morimoto?3, and Takamitsu Matsubara®

Abstract— Object shaping by grinding is a crucial industrial
process in which a rotating grinding belt removes material.
Object-shape transition models are essential to achieving au-
tomation by robots; however, learning such a complex model
that depends on process conditions is challenging because it
requires a significant amount of data, and the irreversible
nature of the removal process makes data collection expen-
sive. This paper proposes a cutting-surface-aware Model-Based
Reinforcement Learning (MBRL) method for robotic grinding.
Our method employs a cutting-surface-aware model as the
object’s shape transition model, which in turn is composed
of a geometric cutting model and a cutting-surface-deviation
model, based on the assumption that the robot action can
specify the cutting surface made by the tool. Furthermore,
according to the grinding resistance theory, the cutting-surface-
deviation model does not require raw shape information,
making the model’s dimensions smaller and easier to learn than
a naive shape transition model directly mapping the shapes.
Through evaluation and comparison by simulation and real
robot experiments, we confirm that our MBRL method can
achieve high data efficiency for learning object shaping by
grinding and also provide generalization capability for initial
and target shapes that differ from the training data.

I. INTRODUCTION

Object-shape manipulation is widely applied in industry
and our daily life. Shaping methods include two major types:
Deformation processing [1] shapes objects by bending or
pressing, in the manner of forming a dough, while removal
processing shapes objects by gradually removing unneces-
sary material from the base stock, such as cutting metal.
As a common industrial removal process, this paper focuses
on the grinding process shown in Fig. 1, in which material
is removed by a rotating grinding belt, and explores the
possibility of automating this process with a robot.

To enable the grinding process by a robot, modeling the
object-shape transition is crucial; however, this is difficult
because the removal process generates removal resistance
depending on material hardness, abrasive grain size, and
belt rotation speed [2], which drags on the robot’s end-
effector and complicates the shape transition. Even if such
environmental conditions are fixed, different processing po-
sitions and postures of the robot generate different removal
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Fig. 1: Robotic object shaping by grinding. The robot shapes the object
from the initial to the target shape, considering shape deviation by removal
resistance. Robot actions are planned as a sequence of the cutting surface.

resistance, which affects removal shape and volume and
thus still complicates the shape transition. Therefore, in this
paper, as a first step toward automating the grinding process,
we focus on the grinding process with various processing
positions and postures of the robot as the process condition,
while the environmental conditions are fixed.

Due to the complexity of the shape transition model
in removal processes, it is reasonable to consider a data-
driven model learning approach. Model-Based Reinforce-
ment Learning (MBRL) has been successfully applied to
various tasks as a framework that efficiently performs model
learning and control planning [3], [4], [5]. In particular, we
focus on the PILCO framework [5], which uses Gaussian
process regression for model training. This is because it
allows for the evaluation of the predictive uncertainty of
the model, which is useful for grinding tasks that require
avoiding robot motions with a high risk of damage due
to model uncertainty. A naive model that takes the current
shape and process conditions as inputs and learns a map-
ping that outputs the shape at the next step is, however,
problematic because the shape representation (point cloud,
depth image, etc.) is very high-dimensional and the shape
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transition depends on the process conditions. Therefore, a
model learned with one particular initial and target shape
cannot apply to different initial and target shapes, even for
the same material is prone to generalization error. Therefore,
an MBRL framework that satisfies 1) high data efficiency and
2) applicability of the learned models to different initial and
target shapes is needed for autonomous object shaping by
grinding.

To satisfy the above requirements, the removal process
is performed by local surface contact between the tool
surface (grinding belt) and the object. In other words, by
interpreting that the shape transition is accomplished by
the cutting surface, the shape transition can be represented
by a) a geometric shape transition model with a cutting
surface that ignores the effects of process conditions and
b) a model that predicts such cutting-surface deviation that
is dependent on process conditions. The former model can
be commonly applied to a wide variety of shapes because
the transitions are geometrically computable and require no
learning. The latter model needs learning, but according to
the grinding resistance theory [6], it does not require raw
shape information, which reduces model dimensions and
generalization capability.

With the above in mind, we propose a cutting-surface-
aware MBRL method for object shaping by grinding.
Our shape transition model, Cutting-Surface-Aware Model
(CSAM), is composed of a) a Geometric Cutting Model
(GCM) as a geometric shape transition model and b) a
Cutting-Surface-Deviation Model (CSDM) that predicts the
deviation of the cutting surface depending on the process
conditions, based on the assumption that the robot action can
specify the cutting surface made by the tool. Our MBRL
iteratively optimizes both CSAM through learning CSDM
and a cutting-surface sequence as robot actions through
Model Predictive Control (MPC) for object shaping by grind-
ing. We verified the performance of the proposed method
in simulation and with real robot experiments. The results
indicate that our method can achieve high data efficiency
for learning object shaping by grinding and also provide
generalization capability for initial and target shapes that
differ from the training data. The following are this paper’s
main contributions:

o We proposed the first shape transition modeling method

based on the cutting surface for grinding processes by
a robot, taking into account the high dimensionality
of the shape representation and dependence on process
conditions.

o We proposed an MBRL method for learning a shape
transition model and planning the optimal cutting-
surface sequence with MPC.

o We verified the performance of the proposed method in
simulation and real robot experiments.

II. RELATED WORK
A. Robotic Object-shape Manipulation

There have been many studies on shape manipulation tasks
using robots. However, conventional methods focus on the

deformation process, such as ropes [7], [8], cables [9], [10],
and fabrics [11], [12]. In contrast, studies on the removal
process have been limited, perhaps due to the difficulty
of modeling the shape transition depending on the process
conditions. Methods for shape splitting have been studied
in the Computer Vision field [13], but limited to geomet-
rical computation algorithms. A related study of removal
processing is cutting food items with a knife. Heiden et
al. developed a differentiable cutting simulator to reproduce
the force applied to a knife when cutting food [14]. By
optimizing simulation parameters based on actual measure-
ments, they constructed a simulator for various ingredients.
Another related study involved polishing tasks. In order to
improve surface properties by polishing, Yang et al. proposed
a framework that collects process conditions to obtain the
optimal parameters that satisfy the desired surface property
using a genetic algorithm [2].

In any case, these studies did not construct a shape
transition model due to the complexity of the shape transition
by the removal process. Therefore, the conventional method
is an adaptive method that optimizes parameters (e.g., robot
speed and material properties) within an arbitrarily defined
trajectory. In contrast, our proposed method can model the
shape transition based on the cutting surface and plan robot
action using MPC.

B. Object-shape Manipulation with Reinforcement Learning

Several studies have been conducted using both model-free
RL and model-based RL. These methods may be preferable
for grinding processes because there is no risk of injury
or physical burden on the human demonstrator compared
to such imitation learning approaches as Behavior Cloning
[15] that use demonstration data. Model-free RL is effective
for learning policy directly from high-dimensional inputs;
however, it requires a large amount of data collection to
obtain optimal control policies. Physics simulators for defor-
mation processing [11], [16] are often used to collect training
data because real-world experiments are costly. A typical
physics simulator for removal processes is Computer-Aided
Manufacturing (CAM). CAM can calculate the removal re-
sistance applied to the tool and the processing time by setting
variables such as the tool path and processing parameters.
Therefore, a very high-power and high-rigidity mechanism is
required, which is not suitable for shape manipulation with a
multi Degree of Freedom (DoF) robot. Furthermore, the finite
element and particle methods are computationally expensive.

Consequently, we employ the MBRL framework for high
data efficiency. In addition, by introducing CSAM, we only
need to learn CSDM, which depends on process conditions,
instead of the direct learning input-output shape-transition
model. This approach allows certain generalization capabil-
ities for different initial and target shapes with a reasonable
amount of data collection.

ITII. PROPOSED METHOD

This section explains our proposed method. Section III-A
describes the shape transition model called CSAM, Section

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.



IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.

vy by Geometric Cutting Model o om '._.
S%j-olm =0, (sh at,) ............
C geom
cH" = e (sy, ay) Sty1

Removal Shape

Cutting-surface Deviation Model | Feature Extraction

da; = g(e, a,)

o = h(eE")
o® ®e " " ceomp
oo 2 Geometric Cutting Model g
< . S, = W,(s4,a; + da,
a, ¥ §at ‘.—> tt:jnldp s( ty At t) —_— Ste1
Tiseieeeee ci TP = We(se, a4 day)
Next shape

CSAM Independent of process conditions Depends on process conditions

Fig. 2: Representation of removal process shape-transition model by
Cutting-Surface-Aware Model (CSAM), which is composed of a) a Geo-
metric Cutting Model (GCM) for geometrically splitting the shape by the
cutting surface independent of the process conditions and b) a Cutting-
Surface-Deviation Model (CSDM) for predicting the deviation of the cutting
surface due to removal resistance.

Fig. 3: Three component forces of grinding resistance on grinding belt

III-B discusses the planning of cutting-surface sequences by
MPC, and Section III-C introduces our MBRL method that
iteratively optimizes the CSDM and action plans.

A. Cutting-Surface-Aware Model (CSAM)

The proposed CSAM shown in Fig. 2 is composed of a)
GCM, which geometrically splits the shape by the cutting
surface independent of the process conditions, and b) CSDM,
which predicts the deviation of the cutting surface due
to removal resistance. We denote s; € S as the state
representing the object shape, a; € A as the robot action,
and ¢ as the time step. In our experiments as shown later,
we employed the point cloud O; := [q; (]2, C R? as the
state, where D is the number of points and q; is the ¢-th
particle position. Here, we interpret the shape transition as
caused by the cutting surface; therefore, the robot’s action is
defined as a specification of the cutting surface.

1) Geometric Cutting Model (GCM): We assume that a
cutting surface (robot action) a; geometrically splits the cur-
rent shape s, into the next time-step shape s§}9™ and removal
shape cf{7". Shape deformation by the cutting surface is
defined as the following geometric cutting functions W(-):

sirr = W (s, ar) gy = Welsy, a). (D)

These functions only geometrically split the shape by the
cutting surface. Shape splitting is tractable because it is based
on collision detection between the cutting surface and the
shape [17], [18], in which computational cost is linear to the
number of point clouds D.

2) Cutting-Surface Deviation Model (CSDM): In actual
removal processing, removal resistance occurs between the
robot and the object, depending on the process conditions. In
particular, the removal resistance generated by the grinding
is called grinding resistance F = [F}, F,,, F,|T as illustrated
in Fig. 3. This resistance operates in 1) a tangential direc-
tion to the grinding belt F}, 2) a vertical direction to the
grinding belt surface F,,, and 3) parallel directions to the
circumference of the grinding belt Fj.

Although the analytical formulation of grinding resistance
is difficult due to the complexity of the physical grinding
process, experimental results show that F,, = kV;/S, and
F, = M\kV, /S, [6], [19]. Both F,, and F} are proportional to
the removal volume V; and inversely proportional to the ro-
tational speed of the grinding belt .S, where k is the specific
grinding energy and ) is the ratio of F,,/F;. In practice, the
grinding resistance does not match the experimental formula
owing to various other effects (e.g., friction heat, clogging
of the grinding belt, the other force Fj).

With this grinding resistance theory F,, = kV;/S,, F; =
AkV;/Sy, we construct CSDM g(-), using a data-driven
approach, to predict the deviation of the cutting surface due
to grinding resistance, which depends on process conditions.
The model takes the removal shape features e; = h(c¥{7")
and the robot action a; (cutting surface) as input. h(-) is the
function that extracts features (e.g., volume, size) from the
removal shape c{" based on grinding resistance theory. By
using the CSDM g(-), the deviation of the cutting surface da;
can be expressed as follows:

Sy = gler,an), e = h (") @

The deformed shape s;; can be expressed using the geomet-
ric cutting function W,(-) and the cutting-surface deviation
function g(-):

Str1 = Vs (s, + 0ay) = U, (s¢,a: + g (e, a))
=W (sp,ar + g (h (Ve (s, a)),ar)) 3)
£ f (st’at) :

In summary, by representing the shape-transition model as
GCM and CSDM, it can be expressed by the definition of the
cutting surface at each time step. Note that CSDM does not
use the removal shape directly but only the extracted features.
Therefore, the learned CSDM is expected to have the ability
to generalize across different initial and target shapes.

3) CSDM training with Gaussian Process: In this study,
Gaussian process (GP) regression [20] is used to learn the
CSDM. The deviation of cutting surface da; depends on the
extracted features of the removal shape e; and robot action
a,. Thus, We define X = [x1,...,Xxy T, X, = [e,a,] as
training inputs, and Y = [daq,...,dan] as training outputs,
where N is data size.

Assuming the GP as prior distribution for the function
g(-), the predicted mean m(x.) and predicted variance
0’2(X*> for the new input data x, are computed as follows:
p(9(x) | X,Y) = N (g(x.) [ m(x.),0%(x.)) ,m(x.) =
kI (K+021)71Y, 0%(x.) = ki —k] (K+0%I) "k, where
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k. = k(X,X4), kwx = k(x4, %), k(+,-) is kernel function,
and K is a kernel gram matrix that has K, ; = k(x;, X;).
Therefore, the deviation of cutting surface da. is predicted
as GP mean m(x.), and 0?(x,) is the variance of da,
which is used as the cost function. Grinding resistance
theory suggests removal resistance is proportional to removal
volume at one time; hence, such a smooth kernel as Squared
Exponential (SE) kernel can be used. If the output values
are multidimensional, the prediction is executed by preparing
multiple GPs for the number of dimensions.

B. Cutting-surface Sequence Planning with MPC

With the learned shape-transition model, the optimal
robot-action sequence from the current shape to the target
shape can be obtained using an MPC framework, which can
be formulated as follows:

|t
[ai 1, af y] = arg min H Z C&r,ar),
At41,--AL+H T=t+1
subject to s;+1 = f(st, ar),

“4)
where H is the planning horizon, 7 is the planning index, t =
1,2,...,T is the task horizon, and §; is the shape predicted
by CSAM. The cost function C'($,,a,) for object shaping
can be defined as:

®)

C(ér, aT) = dCD (éT; Starget) + ¢(§7‘7 Starget)

Shape error cost

1 M
+7 i ZU? ([h (Ve (8-, ar)),ar]),
j=1

Over cutting cost

Variance cost
where [h (P, (8;,a;)),a,] = [er,a,] = X, dop (81,82) is
Chamfer discrepancy [21], which evaluates the error between
two point-cloud data sets:

1 . 2 1 . 2
dop (s, 82) = @;; minfp-al}+ > min|lp—ql3.
1

qEs2

(6)
In Eq. 5, the shape error cost refers to error between the
target shape Siarget and the predicted shape ;. The over-
cutting cost is a penalty for the state of over-cutting the target
shape. The variance cost refers to avoiding uncertain actions,
ajz(-) is the predicted variance of the GP, M is the number

of predicted dimensions, and 7 is the coefficient.

C. Iterative Optimization of CSDM and Cutting-Surface
Sequence Planning by MBRL

Finally, we formulate the iterative optimization of CSDM
and MPC action planning (and execution) as an MBRL
framework for high data efficiency as shown in Fig. 4 and
Algorithm.1. A total of T steps are defined as one learning
episode of the RL process, and the total number of learning
times is denoted as N¢pisode- In advance, we collected initial
data using only GCM with N;,,;; random actions and trained
CSDM (L5-11). The proposed framework follows an iterative
procedure: 1) Execute MPC using CSAM. MPC minimizes
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Fig. 4: Our MBRL framework of the object-shaping planner for the removal
process. The proposed method iteratively optimizes 1) the planning (and
execution) of the cutting-surface sequences by MPC using the cutting-
surface-aware model and 2) the training and updating of the cutting-surface-
deviation model with collected data from MPC run-time.

1) Run-Time with MPC

Algorithm 1: Cutting-surface Aware MBRL

1 Input: RL episode Nepisode, Task horizon T', Predict Horizon
H, Cost function C(-)

2 Initialization: CSDM dataset D < {X = {}, Y = {}}

3 # Generate random samples with random actions

4 Set New Object ()

s fori=1,..., Nyt do

6 s; = Get state()

7 a; = RandomActions ()

8 Execute (a;)

9 S;11 = Get state()

10 X < [€4,8,], y« < [0ay]

1 X:{x,x*}7Y:{y,y*}

12 model = train CSDM (D)

13 # Model-based RL with MPC

14 fori=1,..., Nepisode d0 D>Iterative Model Learning

15 Set New Obiject ()
16 fort=1,...,7T do >PRun-Time with MPC
17 st = Get state()
18 a, = ActionSearch (s¢, H,CSAM, C(-))
19 Execute (a;)
20 St+1 = Get state()
21 Xy — [, a,], Y« < [0a¢]
22 X:{X7X*}7Y:{y7y*}
23 model = train CSDM (D)
Object A Object B Object C
I I RS
Qo
(o]
<
%)
5 -
E

Target Shape

Fig. 5: Initial and target shapes for experiments

the cost function and selects the next action (cutting surface)
based on the observed shape in the task horizon ¢. At
each action step, we collect data to update CSDM (L16-
22). 2) Train and update CSDM at the end of the episode
(L23). By repeating this process Nepisode times, the proposed
framework learns CSDM and obtains the optimal cutting-
surface sequence.

IV. ROBOTIC ROUGH GRINDING ENVIRONMENTS

This section describes our robotic rough grinding environ-
ment as shown in Fig. 1. The grinding belt is fixed in the
environment, and the object is mounted on the 6-DoF robot’s
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end-effector. Fig. 5 shows the three different initial and target
shapes of the objects used for the experiment. These were
all fabricated by a 3D printer. The gray part (bottom) is the
base, the blue part (middle) is the target shape, and the white
part (top) is the material to be removed by grinding.

The robot action a; manipulates the coordinates of the
object around the work origin, which is an arbitrary distance
away from the grinding belt, as equivalent to specifying
the cutting surface of the object. In the grinding process
using the grinding belt, we assume that the belt surface is
sufficiently wide. The 2-DoF of parallel translation and the 1-
DoF rotation around a perpendicular axis can be ignored. As
a result, robot action becomes a; := [roll;, pitch,, z;] € R3.
Since our MPC plans cutting surface at each time step,
the planned cutting surface is executed by the following
controllers: 1) Transition from the work origin to the target
frame, 2) Holding the target frame for an arbitrary time, and
3) Returning to the work origin from the target frame.

V. SIMULATION EXPERIMENT

We evaluated the proposed method with a simulator having
grinding dynamics. This experiment has three objectives: The
first is to confirm the learning performance of our MBRL
for grinding. The second is to evaluate the performance of
optimized action sequences for grinding with the learned
CSDM. We compared five comparison methods; details are
described in Section V-B. The third objective is to verify
the applicability of the learned CSDM to different initial and
target shapes. For this purpose, the CSDM learned by Object
A was applied to process Object B and to Object C and then
evaluated. The details of MBRL and MPC parameters used
in experiments are on our project page'.

A. Simulation Environments

The initial and target shapes, modeling the same ones in
Fig. 5, are created by CAD and converted to the point cloud.
Open3D [22] and Pyvista [23] are used for rendering.

To derive the deviation of the cutting surface, we imple-
mented a virtual grinding resistance model, which depends
on the robot action and removal volume at each time step.
In the actual grinding process, if the removal volume ex-
ceeds the physical limit, the grinding resistance is massively
increased. These conditions may lead to the destruction of
the robot and the object. Consequently, the robot interrupts
the action when grinding resistance is applied above a certain
threshold to the end-effector. To replicate this mechanism, the
simulator sets a massive deviation of the cutting surface when
the removal volume at one time step exceeds a threshold.

B. Comparison Methods

To confirm the effectiveness of the proposed method, we
prepared comparison methods as follows. Random: selects
actions randomly at each time step from a uniform distri-
bution. If the selected action exceeds the target shape, it
is chosen again. Geometric: performs MPC using only the
GCM. Direct Shape Deformation Regression (DirectReg):

'https://t-hachimine.github.io/csambrl/

performs MPC using a transition model that directly predicts
the shape at the next step based on the current shape and
robot action. The transition model is constructed with Point
Cloud Auto Encoder (PCAE) using PointNet [24]. MFRL-
SAC: Performs Model-free RL by Soft Actor-Critic [25].
Proposed-GT: MPC performs with ground truth cutting-
surface deviation to confirm the upper bound of task per-
formance in the proposed method.

C. MBRL and MPC Settings

CSDM learns 1-axis deviation y; = [da,] of the cutting
surface from input x; := [e;,a;] = [V roll;] € R?,
where VE°°™ is the removal volume, which is the sum of the
Euclidean distance between the removal shape c;,™ and the
cutting surface divided by the number of removal shape point
clouds. We randomly collected 15 cutting surfaces with a
removal volume of [0.0 ~ 4.0] as initial data to train CSDM.
In training CSDM, we excluded from the training data that
data obtained when the robot action was interrupted due to
the removal volume exceeding a threshold value. The ARD
squared exponential kernel [20] is used as the GP kernel for
CSDM. MPC uses the Random Shooting method [4], [26]
to minimize the cost function. The over-cutting cost of Eq. 5
returns 1000 if the predicted shape exceeds the target shape,
and 0 otherwise. The coefficient of variance cost 7 is set by
the following equation:

dCD (St 5 Starget)
dCD (SL,initv sL,target)

s
; (7

[/

where « is the scale parameter of variance cost and [ is the
reduction factor based on the ratio of the initial shape error
to the current shape error of the shape sy, used in training.
The variance cost is affected by measurement noise in the
real world, and thus it is decreased according to the ratio of
the current shape error.

D. Simulation Results

1) Learning Performance of Proposed MBRL: Fig. 6
shows the learning curves of MBRL for object A under
different weights « of the variance cost. In the following
experiment, the shape error is calculated by Eq. 6. Note
that Eq. 6 is calculated with the Euclidean distance between
the nearest neighbor points of two-point clouds, hence it
is rare for the shape error to be zero unless two-point
clouds are perfectly matched. These results confirm the
ability of the proposed MBRL to optimize cutting-surface
sequences with reduced shape error by setting the variance
cost appropriately.

2) Evaluation with Comparison Methods: Fig. 7 (a)
shows the task performance of each method. Proposed
uses each of the last two episodes of CSDM trained with
three different initial data. DirectReg-S, DirectReg-M, and
DirectReg-L were trained with 4.5K, 91K, and 910K step
data, respectively. The Reference Line is defined at 15 [%)]
above the average final shape error processed by Proposed-
GT, for the indicator of task progress. The graph shows that
Proposed achieves the closest shape error to Proposed-GT.
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Fig. 6: MBRL results for Object A in simulation. Left: Learning curves,
with mean value and standard deviation of three different initial data. Right:
Rendered shape before and after learning (o = 3.0).
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Fig. 7: Results of simulation experiments for Object A. (a) Task performance
comparison for each method. (b) Rendered image of the shape at t = 40.
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Fig. 9: Results of simulation experiments for Object C. (a) Task performance
comparison for each method. (b) Rendered image of the shape at t = 40.

Geometric does not incorporate the deviation of the cutting
surface by grinding resistance, and thus the task performance
is low. In the case of DeltaReg, performance improves with
increasing training data, but we need to collect more than
910K step data. Task performance of MFRL-SAC trained
with 91K step data is comparable to DirectReg-M. On the
other hand, Proposed achieves the highest performance with
only 0.5K step data. These results confirm that the proposed
method is more sample-efficient than model-free RL and
direct shape prediction methods. Fig. 7 (b) shows an example
of the shape after processing.

TABLE I shows the comparison of shape prediction error
rate |dop (8¢, Starget) —deD (St, Starget)|/deD (St, Starget) X 100
and deviation of the cutting surface at the first step ¢ = 1
for six times of each method, to evaluate it from the same
shape state. Proposed has a lower shape prediction error rate

TABLE I: Comparison of shape prediction and cutting surface deviation for
Object A at ¢ = 1 in simulation experiments. Here, *, %,  and { denotes
p < 0.05 on paired t-test.

Geometric  DirectReg-S  DirectReg-M  DirectReg-L Proposed
Shape prediction error rate [%)]

16.6 £2.7%  25.1+£25% 20.0+23F  131+£22F 0.16+0.3%%"1
Cutting surface deviation [mm)]

7.0£1.8°  52£22¢ 52427 35+18 2.1 +0.76%%1

and cutting-surface deviation than Geometric. The results
suggest that learning CSDM improves the shape prediction
accuracy of CSAM and allows the selection of actions with
small cutting-surface deviation.

3) Shape Generalization Performance: We conducted six
experiments on Objects B and C using CSDM learned for
Object A. Proposed uses a final-episode CSDM model that
was trained with three different initial data for Object A,
and we conducted experiments on each twice. Fig. 8 and
Fig. 9 show comparisons of task performance for Object B
and Object C, respectively. DirectReg-A was trained with
91K step data using Object A, and DirectReg-AB and AC
were trained with a total of 182K step data using Objects A
and B, and Objects A and C, respectively. From Fig. 8 and
Fig. 9, it can be seen that DeltaReg task performance is lower
than Proposed. Therefore, a transition model with direct
shape input and output would not provide sufficient shape
generalization performance even if trained with multiple
objects.

VI. REAL ROBOT EXPERIMENT
A. Construction of Robotic Rough Grinding System

We use a 6-DoF robot (UR5e) equipped with a force and
torque sensor. In addition, a 3D vision sensor (YCAM3D-
10M) is installed in the system to capture the object’s shape.
The robot moves in front of the 3D vision sensor and takes
a point cloud. The belt grinder (BDS-100) is equipped with
a grinding belt having a grain size of WA#80. Details of our
experimental system are on our project page'.

A hybrid position-force controller is implemented in the
robot to prevent damage by grinding resistance. Furthermore,
the robot has a protection control that interrupts the action
when a force or torque over the threshold value is applied to
the robot’s end-effector. This protection control is adopted to
prevent damage to the robot when large grinding resistance
is suddenly applied.

B. MBRL and MPC Settings

CSDM learns l-axis deviation y; = [das of
the cutting surface from input x; = [esa;] =
[VE™ wy, hy, dy, rolly, pitch,] € R®, where wy, hy, d; is the

3D-bounding box of the removal shape. In the actual grinding
process, the grinding resistance depends on the contact area
to the grinding belt, even if the removal volume at the time
step is the same. Therefore, the input dimension of CSDM
is extended. We randomly collected 60 cutting surfaces with
a removal volume of [0.1 ~ 2.0] as initial data to train
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Fig. 10: MBRL results for Object A in robot experiments. Left: Learning
curves, with mean value and standard deviation of three different initial
data. Right: Captured shape before and after learning (o = 12.0).
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Fig. 11: Results of robot experiments for Object A. (a) Task performance
comparison for each method. (b) Captured image of the shape at t = 30.
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Fig. 12: Results of robot experiments for Object B. (a) Task performance
comparison for each method. (b) Captured image of the shape at t = 14.
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Fig. 13: Results of robot experiments for Object C. (a) Task performance
comparison for each method. (b) Captured image of the shape at t = 10.

TABLE II: Comparison of the number of time steps to achieve Reference
Line. Here, * denotes p < 0.05 on paired t-test.

| Geometric | Proposed
Object A | 27.3 £1.9* 20.0 £ 3.1*
Object B | 16.7 £2.5* | 13.0 £ 2.0*
Object C | 14.0 £2.3* 9.7 £ 1.4*

CSDM. In training CSDM, the data obtained when the robot
action was interrupted by protective control were excluded.
The MPC cost function follows Eq. 5 and its minimization
method is the same as the simulation.

C. Results

1) Learning Performance of Proposed MBRL: Fig. 10
shows the learning curve of our MBRL for Object A. These
results confirm that, similar to the simulation results, the

TABLE III: Companson of shape prediction and cutting surface deviation
for Object A at ¢ = 1 in robot experiments. Here, * denotes p < 0.05 on
paired t-test.

| Geometric | Proposed
Shape prediction error rate [%] | 27.0 £ 5.37* | 5.10 &+ 2.32*
Cutting surface deviation [mm)] | 6.85 £+ 1.30* | 1.37 £+ 1.86*
‘ © Sampled Action | oy Frequency High ‘
4 4
= % %
eI ol s a0l

(a) Object A with Geometric (b) Object A with Proposed

Fig. 14: Distribution of cutting surfaces sampled 600 times for the first step
of Object A

proposed MBRL can optimize the cutting-surface sequence
with reduced shape error in a real environment.

2) Evaluation with Comparison Methods: Fig. 11 (a)
shows the task performance of each method. Proposed uses
each of the last two episodes of CSDM trained with three
different initial data. The settings of Random and Geometric
are the same as in the Simulation. Reference Line is defined
at 15[%)] above the average final shape error processed by
Proposed because the ground truth cutting-surface deviation
is unknown. In real robot experiments, the action space is
limited compared to the simulation because the action is
sometimes constrained based on the force sensor for safety
reasons. Fig. 11 (a) shows that Proposed achieves Reference
Line more quickly than Geometric. TABLE II compares the
number of time steps to achieve the Reference Line between
Proposed and Geometric. The paired t-test results show that
the task performance of Proposed is significantly different
from that of Geometric. Fig. 11 (b) shows an example of
the shape after processing.

TABLE III shows the comparison of shape prediction error
rate and deviation of the cutting surface at the first step ¢t = 1
for six times of each method, to evaluate it from the same
shape state. Proposed has a lower prediction shape error rate
and cutting-surface deviation than Geometric. In addition,
Fig. 14 shows the distribution of the cutting surface at ¢t =
1. This distribution shows that Proposed selects the cutting
surfaces with a small z; (Depth) and large roll; (Roll) and
pitch (Pitch) compared to Geometric. These results suggest
that learning CSDM improves the shape prediction accuracy
of CSAM and allows the selection of actions with small
cutting-surface deviation by optimizing the depth and angle
of contact with the grinding belt.

3) Shape Generalization Performance: We conducted six
experiments on Objects B and C using CSDM learned for
Object A. Proposed uses a final-episode CSDM model
trained with three different initial data for Object A, and we
conduct experiments on each twice. TABLE II compares the
number of time steps to achieve Reference Line. The paired
t-test results show that the task performance of Proposed
significantly differs from that of Geometric. Fig. 12 and
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Fig. 13 show the task performance and the actual shape after
processing by each method.

VII. DISCUSSION

This study focused on adaptation to the action-dependent
process conditions in robotic grinding, assuming that
environment-dependent process conditions are fixed. There-
fore, we must retrain CSDM if the material hardness or
grinding belt is changed. To achieve this, we will embed
environment-dependent process conditions as parameters in
the CSDM dataset, which is expected to provide, in future
work, applicability to a wider variety of materials and
grinding belts.

A limitation of the proposed method is that the robot
motion is specified as a cutting surface, which may lead
to inefficient processing for smooth shapes such as round
surfaces. A possible solution to this problem is to extend the
cost function to account for the continuity of the trajectory,
but a multi-objective cost function may not be desirable
from an optimization perspective. Therefore, learning a cost
function that includes trajectory continuity based on human
demonstrations [27] is an interesting future challenge. In
addition, the trade-off between the computational cost of
GCM and the quality of the shape representation could
be a bottleneck for real-time action planning with MPC.
We believe computational efficiency can be improved by
implementing GCM with parallel computing.

VIII. CONCLUSION

We proposed the MBRL method for object shaping
through removal processing by grinding. The key idea of the
proposed method is to represent the shape-transition model
by GCM, which is independent of process conditions, and
CSDM, which only depends on process conditions, by intro-
ducing the cutting surface. Experiments were conducted on
simulators and in the real world to evaluate the effectiveness
of the proposed method. The experimental results confirmed
that the proposed method achieves efficient learning with
a reasonable amount of data and provides generalization
capability for initial and target shapes that differ from the
training data.
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