Noname manuscript No.
(will be inserted by the editor)

Partial Caging: A Clearance-Based Definition, Datasets,

and Deep Learning

Michael C. Welle - Anastasiia Varava - Jeffrey Mahler - Ken Goldberg -

Danica Kragic - Florian T. Pokorny

Received: date / Accepted: date

Keywords Deep Learning in Robotics, Grasping,
Computational Geometry, Topological Representation
and Abstraction of Configuration Spaces

Abstract Caging grasps limit the mobility of an ob-
ject to a bounded component of configuration space.
We introduce a notion of partial cage quality based
on maximal clearance of an escaping path. As comput-
ing this is a computationally demanding task even in
a two-dimensional scenario, we propose a deep learn-
ing approach. We design two convolutional neural net-
works and construct a pipeline for real-time planar par-
tial cage quality estimation directly from 2D images
of object models and planar caging tools. One neural
network, CageMaskNN; is used to identify caging tool
locations that can support partial cages, while a sec-
ond network that we call CageClearanceNN is trained
to predict the quality of those configurations. A partial
caging dataset of 3811 images of objects and more than
19 million caging tool configurations is used to train
and evaluate these networks on previously unseen ob-
jects and caging tool configurations. Experiments show
that evaluation of a given configuration on a GeForce
GTX 1080 GPU takes less than 6 ms. Furthermore, an
additional dataset focused on grasp-relevant configura-
tions is curated and consists of 772 objects with 3.7
million configurations. We also use this dataset for 2D
Cage acquisition on novel objects. We study how net-
work performance depends on the datasets, as well as
how to efficiently deal with unevenly distributed train-
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ing data. In further analysis, we show that the evalua-
tion pipeline can approximately identify connected re-
gions of successful caging tool placements and we eval-
uate the continuity of the cage quality score evaluation
along caging tool trajectories. Influence of disturbances
is investigated and quantitative results are provided.

1 Introduction

A rigid object is caged if it cannot escape arbitrarily far
from its initial position. From the topological point of
view, this can be reformulated as follows: an object is
caged if it is located in a bounded connected component
of its free space. This notion provides one of the rigorous
paradigms for reasoning about robotic grasping besides
form and force closure grasps [I], [2]. While form and
force-closure are concepts that can be analyzed in terms
of local geometry and forces, the analysis of caging con-
figurations requires knowledge about a whole connected
component of the free configuration space and is hence
a challenging problem that has been extensively studied
analytically. However, since global properties of config-
uration space may also be estimated more robustly than
subtle local geometric features used in classical force
closure analysis, caging may hold promise particularly
as a noise-tolerant approach to grasping and manipula-
tion.

In its topological formulation, caging is closely re-
lated to another global characteristic of configuration
spaces — path-connectedness, and, in particular, is a
special case of the path non-existence problem [3]/4].
This is a challenging problem, as it requires reasoning
about the entire configuration space, which is currently
not possible to reconstruct or approximate [3,4].
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Fig. 1: Given an image of an object (depicted in black) and 3
or 4 caging tools (depicted in green), CageMaskNN determines
whether a configuration belongs to the “partial cage” subset.
If it does, CageClearanceNN, evaluates its quality according
to the clearance measure learned by the network. On the fig-
ure, the blue region corresponds to successful placements of
the fourth finger according to CageMaskNN, and their quality
predicted by CageClearanceNN.

Another interesting global characteristic of a con-
figuration space is the maximum clearance of a path
connecting two points. In path planning, paths with
higher clearance are usually preferred for safety reasons.
In contrast, in manipulation, if an object can escape
from the manipulator only through a narrow passage,
escaping is often less likely. In practical applications,
it might be enough to partially restrict the mobility of
the object such that it can only escape through narrow
passages instead of completely caging it. Such configu-
rations are furthermore less restrictive than full cages,
thus allowing more freedom in placing caging tools.

This reasoning leads to the notion of partial caging.
This generalization of classical caging was first intro-
duced by Makapunyo et al. [5], where the authors define
a partial caging configuration as a non-caging formation
of fingers that only allows rare escape motions. While
[6] and [7] define a similar notion as energy-bounded
caging, we propose a partial caging quality measure
based on the maximum clearance along any possible
escaping path. This value is directly related to the max-
imum width of narrow passages separating the object
from the rest of the free space. Assuming motion is ran-
dom, the quality of a partial cage depends on the width
of a “gate” through which the object can escape.

Our quality measure is different from the one pro-
posed in [5], where the authors introduced a measure
based on the complexity and length of paths constructed
by a sampling-based motion planner, thus generalizing
the binary notion of caging to a property parameterized
by cage quality.

One challenge with using sampling-based path plan-
ners for partial caging evaluation is that a single con-
figuration requires multiple runs of a motion planner
and — in the case of rapidly exploring random tree
(RRT) — potentially millions of tree expansion steps
each, due to the non-deterministic nature of these al-
gorithms. This increases the computation time of the

evaluation process which can be critical for real-time
applications, such as scenarios where cage quality needs
to be estimated and optimized iteratively to guide a
caging tool from a partial towards a final cage. We sig-
nificantly speed up the evaluation procedure for par-
tial caging configurations by designing a deep learning-
based pipeline that identifies partial caging configura-
tions and approximates the partial caging evaluation
function (we measured an evaluation time of less than
6 ms for a single given configuration on a GeForce
GTX 1080 GPU). For this purpose, we create a dataset
of 3811 two-dimensional object shapes and 19055000
caging tool configurations and use it to train and eval-
uate our pipeline.

Apart from evaluating given partial caging config-
urations, we also use the proposed quality measure to
choose potentially successful placements of 1 out of 3 or
4 caging tools, assuming the positions of the remaining
tools are fixed. In Fig. [I| we represent the output as a
heat map, where for every possible translational place-
ment of a caging tool along a grid the resulting partial
caging quality value is computed. Another application
of the pipeline is the evaluation and scoring of caging
configurations along a given reference trajectory.

Furthermore, we explore different shape similarity
measures for objects and evaluate them from the partial
caging perspective. We propose a way to generate par-
tial caging configurations for previously unseen objects
by finding similar objects from the training dataset and
applying partial caging configurations that have good
quality score for these objects. We compare three differ-
ent definitions of distance in the space of shapes: Haus-
dorff, Hamming, and the distance in the latent space
of a variational autoencoder (VAE) trained on a set of
known objects. Out experiments show that Hamming
distance is the best at capturing geometric features of
objects that are relevant for partial caging, while the
VAE-induced distance has the advantage of being com-
putationally efficient.

This paper is a revised and extended version of our
previously published conference submission [8]. The con-
tribution of the extension with respect to the conference
paper can be summarized as follows:

1. we define a grasping band for planar objects — the
area around the object that is suitable for placing
caging tools, created a new datasetﬂ consisting of
partial caging configurations located in the grasping
band;

2. we approximate our partial caging quality measure
with a deep neural network trained on this new
dataset;

1 https://people.kth.se/~mwelle/pc_datasets.html
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3. we perform ablation studies to evaluate our deep
network architecture;

4. we evaluate the adequacy of our partial caging qual-
ity measure by modeling the escaping process as a
random walk, and measuring the escape time;

5. we propose a cage acquisition method for novel ob-
jects based on known partial caging configurations
for similar objects; for this, we explore several dif-
ferent distance metrics;

6. we further evaluate the robustness of the cage ac-
quisition with respect to noise.

2 Related Work

One direction of caging research is devoted to point-
wise caging, where a set of points (typically two or
three) represents fingertips, and an object is usually
represented as a polygon or a polyhedron, an example
of a 2D cage can be seen in Fig. 2l on the left-hand side.
Rimon and Blake in their early work [9] proposed an
algorithm to compute a set of configurations for a two-
fingered hand to cage planar non-convex objects. Later,
Pipattanasomporn and Sudsang [I0] proposed an algo-
rithm reporting all two-finger caging sets for a given
concave polygon. Vahedi and van der Stappen in [I1]
described an algorithm that returns all caging place-
ments of a third finger when a polygonal object and
a placement of two other fingers are provided. Later,
Rodriguez et al. [2] considered caging as a prerequisite
for a form closure grasp by introducing a notion of a
pregrasping cage. Starting from a pregrasping cage, a
manipulator can move to a form closure grasp without
breaking the cage, hence guaranteeing that the object
cannot escape during this process.

One can derive sufficient caging conditions for caging
tools of more complex shapes by considering more com-
plex geometric and topological representations. For ex-
ample, an approach towards caging 3D objects with
‘holes” was proposed by some of the authors in [I2]
[I3l[14]. Another shape feature was later proposed in
[15], where we presented a method to cage objects with
narrow parts as seen in Fig. [2| on the right-hand side.
Makita et al. [T617] have proposed sufficient conditions
for caging objects corresponding to certain geometric
primitives.

Finally, research has studied the connectivity of the
free space of the object by explicitly approximating it.
For instance, Zhang et al. [I8] use approximate cell de-
composition to check whether pairs of configurations
are disconnected in the free space. Another approach
was proposed by Wan and Fukui [19], who studied cell-
based approximations of the configuration space based
on sampling. McCarthy et al. [3] proposed to randomly

2D cage

3D cage

.

Fig. 2: Example of a 2D cage (left) and a 3D cage exploiting
a narrow part of the object.

sample the configuration space and reconstruct its ap-
proximation as a simplicial complex. Mahler et al. [6L[7]
extend this approach by defining, verifying and generat-
ing energy-bounded cages — configurations where phys-
ical forces and obstacles complement each other in re-
stricting the mobility of the object. These methods work
with polygonal objects and caging tools of arbitrary
shape, and therefore are applicable to a much broader
set of scenarios. However, these approaches are compu-
tationally expensive, as discretizing and approximating
a three-dimensional configuration space is not an easy
task.

To enable a robot to quickly evaluate the quality of
a particular configuration and to decide how to place its
fingers, we design, train and evaluate a neural network
that approximates our caging evaluation function (see
[20] for an overview of data-driven grasping). This ap-
proach is inspired by recent success in using deep neural
networks in grasping applications, where a robot policy
to plan grasps is learned on images of target objects by
training on large datasets of images, grasps, and success
labels. Many experiments suggest that these methods
can generalize to a wide variety of objects with no prior
knowledge of the object’s exact shape, pose, mass prop-
erties, or frictional properties [21,22123]. Labels may be
curated from human labelers [241[25/26], collected from
attempts on a physical robot [27)28], or generated from
analysis of models based on physics and geometry [29,
BOLBIB2]. We explore the latter approach, developing
a data-driven partial caging evaluation framework. Our
pipeline takes images of an object and caging tools as
input and outputs (i) whether a configuration is a par-
tial cage and (%) for each partial caging configuration,
a real number corresponding to a predicted clearance,
which is then used to rank the partial caging configu-
ration.

Generative approaches to training dataset collection

for grasping typically fall into one of three categories:
methods based on probabilistic mechanical wrench space
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analysis [32], methods based on dynamic simulation 29,
31], and methods based on geometric heuristics [B0].
Our work is related to methods based on grasp analy-
sis, but we derive a partial caging evaluation function
based on caging conditions rather than using mechani-
cal wrench space analysis.

3 Partial Caging and Clearance
3.1 Partial Caging

In this section, we discuss the notion of partial caging
de ned in [8]. Let C be the con guration space of the

object?, G, C be its subset containing con gurations

in collision, and let G,.e = C Cgq be the free space
of the object. Let us assumeC,, is bounded. Recall the
traditional de nition of caging:

De nition 1 A con guration ¢ 2 Ciee IS a cage if it
is located in a bounded connected component @;ee -

In practical applications, it may be bene cial to
identify not just cages, but also con gurations which
are in some sense ‘close' to a cage, i.e., con gurations
from which it is di cult but not necessarily impossible
to escape. Such partial caging can be formulated in a
number of ways: for example, one could assume that an
object is partially caged if its mobility is bounded by
physical forces, or it is almost fully surrounded by colli-
sion space but still can escape through narrow openings.

We introduce the maximal clearance of an escap-
ing path as a quality measure. Intuitively, we are inter-
ested in partial caging con gurations where an object
can move within a connected component, but can only
escape from it through a narrow passage. The “width'
of this narrow passage then determines the quality of a
con guration.

Let us now provide the necessary de nitions. Since,
by our assumption, the collision space of the object is
bounded, there exists a ballBg C of a nite radius
containing it. Let us de ne the escape regionXesc C
as the complement of this ball: X¢sc = C  Brg.

De nition 2 A collision-free path p : [0;1] ! C free
from a con guration c to Xeg is called an escaping

path. The set of all possible escaping paths is denoted .

by EP(Gyee ;0.

Let cl : EP(Gree ;€) ! R+ be a cost function de-
ned as the minimum distance from the object along
the path pto the caging tools:cl(p) = min ¢, p(dist(oc; 9))
where o is the object placed in the con guration c and

2 Note that in this paper we focus on the case where C
SE(2), but the de nition of partial caging holds for arbitrary
con guration spaces

g denotes the caging tools. We de ne the caging evalu-
ation function as follows:

(
QCI(C) = minp2EP (Ciree iC) Cl(p), EP(Qree ,C) 6 ;

0;EP(Gree ;C) = ;:

3.2 The setCage

Observe that a low value of clearance measure on arbi-
trary con gurations of Gee does not guarantee that a
con guration is a su ciently \good" partial cage. For
example, consider only one convex caging tool located
close to the object as in Fig. 3 (left). In this case, the
object can easily escape. However, the clearance of this
escaping path will be low, because the object is ini-
tially located very close to the caging tool. The same
clearance value can be achieved in a much better partial
caging con guration, see Fig. 3 (right). Here, the object
is almost completely surrounded by a caging tool, and it
can escape through a narrow gate. Clearly, the second
situation is much preferable from the caging point of
view. Therefore, we would like to be able to distinguish
between these two scenarios.

Fig. 3: On the left, an object (blue) can easily escape from the
caging tool (grey); on the right, the object is partially sur-
rounded by the caging tool and escaping is therefore harder.
Both escaping paths will have the same clearance "

Assume that caging tools are placed such that the
object can escape. We increase the size of the caging
tools by an o set, and eventually, for a su ciently large
o set, the object collides with the enlarged caging tools;
let us assume that the size of the o set at this moment
is "co > 0. We are interested in those con gurations
for which there exists an intermediate size of the o set
0<" cosed <" col, SuUch that the object is caged by the
enlarged caging tools, but is not in collision. This is
not always possible, as in certain situations the object
may never become caged before colliding with enlarged
caging tools. Fig. 4 illustrates this situation.

Let us formally describe this situation. Let G,
be the free space of the object induced by o set of
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Fig. 4: The object (hook) is shown in blue while the caging

tools are gray, the red symbolises the enlargement of the
caging tools. The RRT nodes and edges are depicted in pur-
ple. From left to right, three enlargements of the caging tools

are depicted. The object can always escape until its initial

con guration stops being collision-free.

caging tools. As we increase the size of the o set, we
get a nested family of spacesG,z, C free

C foree ; where "o is the smallest size of the o set
causing a collision between the object and the enlarged
caging tools. There are two possible scenarios: in the
rst one, there is a value 0 < " ¢osed < " coi SUch that
when the o set size reaches it the object is caged by
the enlarged caging tools. This situation is favorable for
robotic manipulation settings, as in this case the object
has some freedom to move within a partial cage, but
cannot escape arbitrarily far as its mobility is limited
by a narrow gate (see Fig. 5§.

Fig. 5: From left to right: the object (hook) can escape only in
the rst case, and becomes completely caged when we enlarge
the caging tools before a collision with the object occurs.

We denote the set of all con gurations falling into
this category as thecaging subsetC.age. These con gu-
rations are promising partial cage candidates, and our
primary interest is to identify these con gurations. In
the second scenario, for any' between 0 and"q, the
object is not caged in the respective free spacg,, , as
shown in Fig. 4.

We de ne the notion of partial caging as follows:

De nition 3 Any con guration ¢ 2 Cgage Of the object
is called a partial cage of clearanceQ (c).

Note that the case whereEP(Cege;C) = ; corre-
sponds to the case of a complete (i.e., classical) cage.
Thus, partial caging is a generalization of complete caging.

3 In Fig. 5 the enlarged caging tools (in red) cage the hook
by trapping the larger base.

Based on this theoretical framework, we propose a
partial caging evaluation process that consists of two
stages. First, we determine whether a given con gura-
tion belongs to the caging subsetCge. If it does, we
further evaluate its clearance with respect to our clear-
ance measuré)., where, intuitively, con gurations with
smaller clearance are considered more preferable for
grasping and manipulation under uncertainty.

4 Gate-Based Clearance Estimation Algorithm

Input: object O, caging tools G, "max
Output:  clearance of an escaping path "¢
" min 0;
while Can-Escape(O, G, "p) do

“el ("min + "max )=2;

if Can-Escape(O, G, "¢ ) then

| min cl
end

else
I max

end
end
return  "min

Algorithm 1:

"
cl

Gate-Based Clearance Estimation

In this section, we propose a possible approach to es-
timate Q¢ (c) { the Gate-Based Clearance Estimation
Algorithm. Instead of nding a path with maximum
clearance directly, we gradually in ate the caging tools
by a distance o set until the object becomes completely
caged. For this, we rst approximate the object and the
caging tools as union of discs, see Fig. 8. This makes
enlarging the caging tools an easy task { we simply
increase the radii of the discs in the caging tools' ap-
proximation by a given value. The procedure described
in Alg. 1 is then used to estimate Qg ().

We perform bisection search to nd the o set value
at which an object becomes completely caged. For this,
we consider o set values between 0 and the radii of the
workspace. We run RRT at every iteration of the bisec-
tion search in order to check whether a given value of
the o set makes the object caged. In the experiments,
we choose a threshold of 4 million iterations* and as-
sume that the object is fully caged if RRT does not
produce an escaping path at this o set value. Note that
this procedure, due to the approximation with RRT up
to a maximal number of iterations, does not guarantee

4 Our experimental evaluation for our test dataset sug-
gested that if after 4 million iterations RRT had not found an
escaping path, then the object was caged with overwhelming
likelihood. We thus considered RRT with this setting to pro-
vide a su ciently good approximation for training the neural
network.
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that an object is fully caged; however, since no rigor-
ous bound on the number of iterations made by RRT
is known, we choose a threshold that performs well in
practice since errors due to this RRT-based approxima-
tion become insigni cant for su ciently large maximal
numbers of RRT sampling iterations. In Alg. 1, Can-
EscapeQ; G; ") returns True if the object can escape
and is in a collision-free con guration.

5 Grasping favorable con guration in Ceage
Depending on the size of the object with respect to
the workspace, the bisection search performed in Alg. 1
can be computationally expensive. Uniformly sampling
caging tools placements from the entire workspace in
order to nd con gurations in Ceage is also rather inef-
cient and the number of partial caging con gurations
of high quality can be low.

Furthermore, not all partial caging con gurations
de ned by Def. 3 (c 2 Cage) are equally suitable for
certain applications like grasping or pushing under un-
certainty. Namely, we would like to place caging tools
such that they are not too close and not too far away
from the object.

To overcome these limitations, we de ne a region
around the object called partial caging grasping band
(Fig. 6 illustrates this concept):

De nition 4
tools have a maximal width cty. Let Omin  and Omax

be objects where the composing disks are enlarged by

dismn = 3¢ty (1+ ) and diSmax = diSmin + 3Ctg
respectively.
We can then de ne the grasping band as follows:

GB=fX2Ciee : (X2 Omin) (X2 Omax)G;

Here, and are parameters that capture the impre-

Let O be an object and assume the caging

Fig. 6: An illustration of a grasping band for a duck and
hook object. The object O is in the center (gray) overlaid by
Omin (O enlarged by dismin , light green) overlaid by Omax
(O enlarged by dismax , light orange). The grasping band (  GB)
is the disjunctive union between Omin and Omax -

real time is the computation time needed to evaluate a
single partial caging con guration.

Alg. 1 requires several minutes to evaluate a sin-
gle partial cage, while a neural network can potentially
estimate a con guration in less than a second.

To address this limitation of Alg. 1, we design and
train two convolutional neural networks. The rst, called
CageMaskNN acts as a binary classi er that identi es
con gurations that belong to Ceage following Def 3. The
second, architecturally identical network, called Cage-
ClearanceNN, approximates the caging evaluation func-
tion Qg to estimate the quality of con gurations. The
network takes two images as input that correspond to
the object and the caging tools.The two networks are
separated to make training more e cient, as both can
be trained independently. Operating both networks se-
quentially results in pipeline visualized in Fig. 1: rst,
we identify if a con guration is a partial cage, and if it
is, we evaluate its quality.

Our goal is to estimate Q. given O  R? { an ob-
ject in a xed position, and G = fg;; ;009 { a set

ciseness of the system, such as vision and control un- of caging tools in a particular con guration. We assume

certainties.

6 Learning Planar Qg

As RRT is a non-deterministic algorithm, one would
need to perform multiple runs in order to estimate Q.
In real-time applications, we would like the robot to be
able to evaluate caging con gurations within millisec-
onds. Thus, the main obstacle on the way towards using
the partial caging evaluation function de ned above in

5 The caging tools are composed of disks with cty as di-
ameter. As we only consider composed line con gurations as
caging tools the width never exceeds cty.

that caging tools are normally disconnected, while ob-
jects always have a single connected component. In our
current implementation, we considern 2 f 3;4g, and
multiple caging tool shapes.

While neural networks require a signi cant time to
train (often multiple hours), evaluation of a single con-
guration is a simple forward pass through the network
and its complexity is therefore not relying on the input
size or data size but rather on the number of neurons in
the network. In this work, our goal is to show that we
can successfully train a neural network that can gen-
eralise to unseen input con gurations and approximate
the algorithm 1 in milliseconds.
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6.1 Dataset Generation

We create a dataset of 3811 object models consisting
of two-dimensional slices of objects' three-dimensional
mesh representations created for the Dex-Net 2.0 frame-
work [32]. We further approximate each model as a
union of one hundred discs, to strike a balance between
accuracy and computational speed. The approximation
error is a ratio that captures how well the approxima-
tion (Aapp) represents the original object Aqg, and is

Aos_ A Gjyen the set

calculated as follows:ae = Aog

of objects, two partial caging datasets are generated.
The rst dataset, called PC-general consists of 3811
objects, 124435 partial caging con gurations (belong-
ing to Ceage), and 18935565 con gurations that do not
belong to Cage-

One of the limitations of the PC-general dataset is
that it contains relatively few partial caging con gura-
tions of high quality. To address this limitation, gen-
erate a second partial caging dataset called”C-band
where caging tools placements are only located inside
the grasping bands of objects, as this strategy increases
the chance that the con guration will be a partial cage
of low Q¢ as well as the likelihood of a con guration
belonging to Ceage-

The PC-band dataset consists of 772 object with
3,785,591 con gurations of caging tools, 127,733 of which
do belong to the partial caging subsetCege. We set
to the approximation error a for each objectand =6
to de ne the grasping band.

All con gurations are evaluated with Q¢ (see algo-
rithm 1). The distribution of partial cages can be seen
in Fig. 7.

Fig. 7: Distribution of Q¢ estimates for the PC-general (blue)
and the PC-band (orange) datasets.

Examples of con gurations for both datasets can be
seen in Fig. 8. The disk approximation of the object is
shown in blue, while the original object is depicted in

red. PC-general contains con gurations placed in the
entire workspace while PC-band is limited to con gu-
ration sampled inside the grasping band.

Fig. 8: Left: original representations of a hook objects (red)
and in blue their approximation by a union of discs of various
sizes closely matching the polygonal shape (a. = 0:051); sec-
ond and third column: con gurations that do not belong to
Ceage ; last column: a partial caging con guration( ¢ 2 Ccage )-
The top row is from PC-general, the bottom from PC-band.

6.2 Architecture of Convolutional Neural Networks

We propose a multi-resolution architecture that takes
the input image as 64x64x2, 32x32x2, and 16x16x2 ten-
sors. This architecture is inspired by inception blocks [33].
The idea is that the global geometric structure can be
best captured with di erent image sizes, such that the
three di erent branches can handle scale-sensitive fea-
tures. The network CageMaskNN determines whether a
certain con guration belongs to Gage, While CageClear-
anceNN predicts the clearanceQ value for a given
input con guration.

Fig. 9: As caging depends on global geometric properties of
objects, a CNN architecture with multi-resolution input was
designed to capture these features e ciently.

The architecture of the networks is shown in Fig. 9.
Both networks take an image of an object and caging
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tools on a uniform background position and orientation
belonging to the same coordinate frame constituting a
two-channel image (64x64x2) as input.CageMaskNN
performs binary classi cation of con gurations by re-
turning O in case a con guration belongs to Gage, and

1 otherwise. CageClearanceNN uses clearance) val-
ues as labels and outputs a real value { the predicted
clearance of a partial cage. The networks are trained
using the Tensor ow [34] implementation of the Adam
algorithm [35]. The loss is de ned as the mean-squared-
error (MSE) between the prediction and the true label.
The batch size was chosen to be 100 in order to compro-
mise between learning speed and gradient decent accu-
racy. The networks were trained on both of our datasets
{ PC-general and PC-band.

7 Training and evaluation of the networks

In this section we describe how we train and evaluate
the two networks and perform an ablation study of the
architecture. In detail, for CageMaskNN we investigate
to what extent the training data should consist of sam-
ples belonging toC..ge and evaluate the performance of
the best such composition against a simpler network ar-
chitecture. Following that, we investigate how the num-
ber of di erent objects as well as the choice of dataset
in uences the performance ofCageMaskNN

For CageClearanceNN we also perform an analysis
of the e ect of the the number of objects in the training
data and to what extent the choice of dataset in uences
the performance and compare it to a simpler architec-
ture. As a nal investigation, we investigate the error
for speci c Qg intervals.

Note that the training data is composed of samples
where the ground truth of the con guration was ob-
tained using algorithm 1. A main goal of the presented
evaluation is hence to investigate how well the proposed
networks are able to generalise to examples that were
not included in the training data (unseen test data).
High such generalization performance, is a key indica-
tor for the potential application of the proposed fast
neural network based approach (execution in millisec-
onds) instead of the computationally expensive under-
lying algorithm 1 (execution in minutes) that was used
to generate the training data.

Single-res Architecture: In order to perform an ab-
lation of the previous discussed multi-resolution archi-
tecture we compare the performance so a architecture
that has only a single resolution as input. TheSingle-res
Arch. Takes only the 64x64x2 as input and is missing
the other heads completely. In this way we want to see if
our assumption that di erent sized inputs are bene cial
to the networks performance.

7.1 CageMaskNN - % ofC..ge and Ablation

We generate 4 datasets containing 5%, 10%, 15%,
and 20% caging con gurations inGage respectively from
PC-general This is achieved by oversampling as well
as by performing rotational augmentation with 90, 180
and 270 degrees of the existing caging con gurations.
The Single-res Arch.is trained with 10% caging con g-
urations in CGage for comparison.

The evaluation is performed on a test set consist-
ing of 50% caging examples fronC,ge. In Fig. 10, we
show the Fl1-curve and Accuracy-curve. All ve ver-
sions of the network where trained with 3048 objects
with 2000 con guration each, using a batch size of 100
and 250000 iterations. To avoid over tting, a validation
set of 381 objects is evaluated after every 140 itera-
tion. The nal scoring is done on a test set consisting
of 381 previously unseen objects. The mean squared er-
ror (MSE) on the unseen test set was 758, 00634,
0:0973 and 0072 for the 5%, 10%, 15% and 20% ver-
sion respectively, indicating that CageMaskNN is able
to generalize to novel objects and con gurations from
our test set. The MSE for the single resolution network
was Q0155 showing the signi cant gain obtained by uti-
lizing the multi-resolution branches.

Fig. 10: F1-score and accuracy of the network depending on
di erent thresholds

We observe that the network that was trained on
the dataset where 10% of the con gurations are par-
tial cages performs slightly better than the other ver-
sions. Note however that only the one that was trained
with 5% of partial cages performs signi cantly worse.
All versions of the multi-resolution architecture outper-
form the Single-res Arch, which justi es our architec-
ture design.

7.2 CageMaskNN - Number of Objects and Datasets

We investigate how the performance of the networks
depends on the size of the training data and how the
two training datasets, PC-general and PC-band, a ect
the performance of the networks. Table 1 shows the
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