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Traditional Al-planning methods for task planning in robotics require a symbolically
encoded domain description. While powerful in well-defined scenarios, as well
as human-interpretable, setting this up requires a substantial effort. Different
from this, most everyday planning tasks are solved by humans intuitively, using
mental imagery of the different planning steps. Here, we suggest that the same
approach can be used for robots too, in cases which require only limited
execution accuracy. In the current study, we propose a novel sub-symbolic
method called Simulated Mental Imagery for Planning (SiMIP), which consists of
perception, simulated action, success checking, and re-planning performed on
‘imagined’images. We show that itis possible to implement mental imagery-based
planning in an algorithmically sound way by combining regular convolutional
neural networks and generative adversarial networks. With this method, the robot
acquires the capability to use the initially existing scene to generate action plans
without symbolic domain descriptions, while at the same time, plans remain
human-interpretable, different from deep reinforcement learning, which is an
alternative sub-symbolic approach. We create a data set from real scenes for a
packing problem of having to correctly place different objects into different target
slots. This way efficiency and success rate of this algorithm could be quantified.
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1. Introduction

Task planning is the process of generating an action sequence to achieve a certain
goal. To do this with conventional Al-planning, one needs to rigorously define symbolic
structuring elements: the planning domain include planning operators, pre- and post-
conditions, as well as search/planning algorithms (Fikes and Nilsson, 1971; Hoffmann,
2001; Helmert, 2006). While this is powerful in different complex scenarios, most every-day
planning tasks are solved by humans without explicit structuring elements (even without
pen and paper). Modern neural network-based methods can predict the required action,
given a scene, without any aforementioned symbolic pre-structuring (Hafner et al., 2020;
Schrittwieser et al., 2020). However, the reasons for the decisions made by a neural networks
usually remain opaque and interpretation by a human is impossible. Thus, networks elude
explanations, which, however, might be important in human-robot cooperation tasks. Based
on this need, we are suggesting a planning approach based on human-understandable
entities: image segments, objects, and affordances, but no explicit domain descriptions.
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Our new method for task planning called Simulated
Mental Imagery for Planning (SiMIP) consists of the following
components: perception, imagination of the action effect, success
checking, and (re)planning. This is similar to everyday human
plans, comprising few steps only, being many times ad hoc,
involving frequent success-checking and re-planning (Hesslow,
2012). Note, however, that we abstract away from agent self-
modeling (as in Kwiatkowski and Lipson, 2019) and only produce
mental images of successive scenes. If one wants to extract
parameters required for robotic execution, such as locations of
objects to be grasped or target locations of where to put the objects,
one has to post-process the mental images showing scenes before
the action and after the action. In addition, we do not include
actions of other agents in our mental models (as in Krichmar et al.,
2019).

Extending affordance-based approaches, which analyze one
scene at a time (Stark et al.,, 2008), we add to our architecture
generative adversarial networks (GANs) for simulated imagery
of scenes following an action. Given the impressive performance
of GANs in realistic image generation (Karras et al, 2019; Yu
et al., 2019), one could potentially use them to envision outcomes
of robot manipulation. However, when handling complex scenes,
GAN s tend to suffer from instabilities in learning. Moreover, when
processing complex scenes in an end-to-end manner, network
behavior is hard to explain (e.g., see Nair and Finn, 2019). Instead,
we suggest obtaining future scenes by re-combinations on an
object-by-object basis, with a GAN-based “imagination” step for
the completion of individual objects. This is reminiscent of object-
centric approaches that address scenes in object-by-object manner
in latent space, (e.g., see Veerapaneni et al, 2020; Chang et al,
2022). However, we prefer to keep the model explicit for achieving
more stable training and performance.

As stated above, we use a simulated mental imagery process,
which creates images of the outcome of an imagined action, then
we use the imagined outcome as the input for the next imagined
action, and so on. This way we can create a planning tree composed
of images for which conventional search algorithms can be used
to arrive at an image sequence that leads to the goal. While
the tree remains sub-symbolic, due to the object-wise treatment
of the imagined scenes, it can be readily post-processed into
a symbolic representation required for robotic action. Stated in
natural language, from the representations employed, it is possible
to deduce commands such as “pick an object with label A from
the table top with center coordinate (x1,y;), and diameter B cm
and place it on an empty space with center coordinate (x3,y2).”
This, together with the obtained image trees, makes the approach
explainable to a human both in symbolic as well as in visual terms.

We demonstrate our approach on a task of box packing, where
we created and labeled a small data set for that. As we keep the
neural architectures simple (the aforementioned object-by-object
attitude), comparatively small data sets suffice for training. Thus,
one could also address a new task by preparing and labeling a
new data at limited costs. A large domain of problems including
packing, stacking, and ordering (of table-tops, shelves) can be
addressed this way.

The article is structured as follows. In section II, we discuss
related work. Subsequently, an overview of our approach is
presented in section IIT and implementation details are described in
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section IV. In Section V, we present experiments and results, and,
finally, in section VI, we provide a conclusion and outlook.

2. Related work

We will first briefly discuss classical symbolic and then neural
network-based sub-symbolic planning. We discuss the usage of
physical simulation in planning in respect to mental imagery of
future scenes used in our study. Then we provide an overview
of affordance recognition, focusing on aspects relevant to our
framework. In the end, we briefly review the usage of neuro-
symbolic representations in visual reasoning, which is also to some
degree related to our approach.

2.1. Symbolic planning

Classical planning techniques originating from STRIPS (Fikes
and Nilsson, 1971) are the usual choice for decision-making
for robotic execution. They use a symbolic, logic-based notation
compatible with human language that permits an intuitive
domain specification (Ingrand and Ghallab, 2017). Contemporary
planning techniques go a step forward and handle real-world
uncertainties using probabilistic approaches (Lang and Toussaint,
2010; Kolobov, 2012; Zhang et al., 2017). Despite the recent
progress of such planning applied to robotics, these techniques
are still subject to the symbolization problem mentioned before:
all the relevant aspects for the successful execution of the robotic
actions should be considered in the planning problem definition
using scenario-specific domain descriptions.

To reduce hand-crafting, learning methods have been designed
for aiding the domain definitions (Ugur and Piater, 2015; Asai
and Fukunaga, 2018; Konidaris et al., 2018; Ahmetoglu et al,
2022). However, learning is not effort-free as data sets of pairs
of pre- and post- conditions are required. In case of classical
techniques, many constraints and problem pre-structuring is
needed (Konidaris et al., 2018). In case of deep learning approaches,
most often latent space representations are used for obtaining
“symbols”. Experimentation of how many symbols (i.e., latent
variables) does one need is required (Ahmetoglu et al., 2022),
while any human-understandable meaning of these symbols can
only be hand-assigned post hoc. Thus, symbolic representation
learning, though possible, requires quite some additional design
efforts. Generalization of the developed representations many times
requires additional machinery, where objects and effects need to be
assigned into classes, based on similarities in some feature space
(Ugur and Piater, 2015; James et al., 2022), where the feature
space is used for generalization afterward. Thus, though promising,
learning of planning operators remains relatively complex and,
thus, is not frequently used in practice.

2.2. Simulation
Physical simulation is another way for future state prediction

and simulation-based approaches for planning also exist. The
fusion of simulation of sensing and robot control in virtual
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environments is an important development leading to the
application of such techniques in robotics (Rossmann et al., 2012).
Planning of actions based on simulations has been done both in
the realm of classical (Kunze et al.,, 2011; Bozcuoglu and Beetz,
2017) as well as deep-learning (Hafner et al., 2019) methods. To
perform simulations, however, one needs robot- and object-models
as well as a full specification of the scenario. In industrial tasks,
CAD models of parts and setups are usually available. However, this
is usually not the case in everyday environments. In this study, we
are not concerned with industrial, high-precision robotic actions,
but we are targeting the everyday domain. Most actions need only
to be “fairly” accurate there, and, thus, one is not forced to simulate
actions and their outcomes with the highest precision. Our method,
thus, exploits mental simulation in the form of imagination of
future scenes instead of physical simulation.

2.3. Sub-symbolic planning using neural
networks

Deep reinforcement learning approaches allow learning action
selection strategies in complicated worlds. Here, explicit symbolic
representations are not required as actions can be deduced from
the learned value function given the current scene (e.g., see
Schrittwieser et al., 2020, but see also more citations below).
Such models are then capable of predicting future states, either at
some level of abstraction, e.g., hidden/latent variables (Racanicre
et al., 2017; Hafner et al,, 2020), or as complete images (Ha and
Schmidhuber, 2018; Kim et al,, 2020). Predicting future states helps
training the models as this way hypothetical future developments
can be obtained. However, reinforcement learning requires probing
very many consecutive states. Thus, such approaches, as for
now, have been mainly developed for computer games, where
there are easy ways to register state-action sequences. When
using imitation learning, which reduces data requirements, 3D
simulated environments as well as real scenes can be addressed
(Xu et al, 2019; Lin et al, 2023). Task and motion planning
problem can be formulated and learned similar to reinforcement
learning approaches (Driess et al., 2020). Stereotyped tasks can be
attained in real-world experiments through long self-supervised
experimentation by a robot (Ebert et al, 2018), where this
can be unavailable or too expensive for developing concrete
applications. Different from all that, our approach does not require
action sequences or pre- and post- condition pairs. Conventional
approaches suffice here for learning of the following entities,
which we need: object detection, object completion, and affordance
segmentation in the scene. These allow performing planning for us.

2.4. Affordance recognition

The term “affordance” originates from cognitive psychology
(Gibson, 2014). The set of affordances can be briefly described as
the set of momentarily possible interactions between an agent and
its environment. In robotics, this term very often takes the meaning
of “which actions could a robot perform in a given situation (with
some given objects)?” The goal of affordance segmentation is to
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assign probabilities for a set of affordances to every location in an
image. A straightforward problem is trying to estimate affordances
of whole objects (Stark et al., 2008; Zhu et al., 2014). However,
affordances can also be detected for multiple objects in the scene
(Do et al.,, 2018; Liiddecke et al., 2019). Studies exist predicting
affordances resulting after an action has been executed, aiding
planning (Xu et al, 2021). Alternatively, in this study, we will
obtain future affordances through imagination of future scenes,
thus pixel-wise affordance segmentation of scenes is enough for us.

2.5. Neuro-symbolic representations

Related to planning are visual reasoning tasks, such as visual
question answering (VQA) (Suarez et al, 2018; Yi et al, 2018;
Mao et al, 2019) which works through employing symbolic
reasoning on images. These methods, similar to ours, include
scene parsing modules; however, in addition, they heavily rely
on NLP modules. We do not need NLP modules as our aim is
individual object manipulation, where object specificity beyond its
affordances is not considered. Related to our approach, we have
video de-rendering tasks, where a latent representation is pushed
toward an interpretable structure, by including a graphics engine
into the decoder (Wu et al., 2017). Other elaborate mechanisms
exist to obtain symbolically meaningful latent representations
(Veerapaneni et al, 2020). We, however, do not go into the
direction of interpretable latent representations but rely on
explicitly modeling individual objects in the scene as instances
with affordances. Finally, graph neural networks may be applied
for planning tasks, where geometric and symbolic information of
a scene is supplied to the algorithm (Zhu et al, 2021). Different
from all mentioned algorithms here, we avoid complicated network
structures in order to avoid heavy demands on the amount of
data required for training. We also avoid task pre-structured
architectures, so that the application of the algorithm in a new
situations is made easy.

3. Overview

We are solving the task of ordering a desktop, where the system
is presented with an initial scene (see Figure 1), and the goal is to
put the objects in the provided box, so that there are no objects
remaining outside of the box. Thus, the algorithm is not provided
with the target scene as such but only with the condition that the
table-top outside the box has to be free. The box can be initially
empty, as shown in the figure, or partially filled. Initial filling
of the box may be incorrect, with too small objects occupying
compartments required for putting in a bigger object. Furthermore,
an initial scene with no objects outside of the box is also a valid
scene, where we expect the answer from our algorithm such that
nothing needs be done.

In Figure 2, the general workflow of our system is visualized,
which we will describe next (for more details, see next section). We
take as input an initial scene. First, we perform object detection
and pixel-level instance (object) segmentation. In addition to this,
we also create an affordance map for the initial scene, which
assigns to the scene pixel-level affordances. We then perform object
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Initial scene

Target scene

FIGURE 1

Task definition. The table top has to be ordered by putting all objects in the given box. The target is to leave no objects outside the box. Note the
“target scene” here is presented only for illustration purposes as all other configurations, where there is no object left outside the box, would be
considered valid too.

Affordance: gras

Initial scene

V-“B"ﬁ
Lr bd

Object detection  Instance segmentation

a. Object detection — ®
Inputs b. Instance&Affordance segmentation :
— > c. Object completion

Outputs
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Fe
Invalid k ; J
; : Select a
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FIGURE 2

Flow diagram of our approach. Our system contains two main parts: scene understanding and action planning. For scene understanding, we use
three deep networks, (a) object detection, (b) affordance and semantic segmentation, and (c) object completion. The details of the training and
inference process can be seen in . Through the scene understanding part, we can get the complete shape of the background and each
individual object and its affordance class. Then, we can apply actions such as move and rotate to the object and use the information obtained from
the affordance map to check whether the action is valid or not. If it is valid, we can perform the next action.

completion (de-occlusion) using a generative adversarial network
(GAN). This allows us to split the whole scene into background
and a set of complete individual objects. This is followed by pose
estimation (not shown in the flow diagram).

Following that, we imaginarily-execute actions (i.e.,
generate post-action images), where we can choose from
pick and place, rotate, or flip vertically. After a post-
action image was generated, we perform a validity checking
process determining if an imagined action has yielded a

permissive result.

Frontiersin

Thus, in summary, we have the workflow: (a) object detection,
(b) instance and affordance segmentation, (c) object completion,
(d) pose estimation, (e) application of the action, and (f) evaluation
of the result. Parts (a), (b), and (c) require deep network
models, where the architectures for training and inference are
given in . Details of implementation will be given in
Subsection 4.2 below.

Quantification: We use a set of initial scenarios and create
) and check

validity of the scenes. All valid image sequences then represent

decision trees based on imagined scenes (see
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(de-occlusion). In the training phase, we train the three models individually and then combine the obtained results in the inference phase. Note that
after finishing, the object completion [(C), above], we need to do affordance segmentation [(B), above) again, to get the complete object
corresponding to the affordance classes (see red arrows). Bbox=bounding box. Details are explained in subsection 4.2.
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valid plans, where pre- and post-conditions are implicitly encoded
by the images. This way, we can quantify whether or not
such a system shows degradation along several planning steps,
determining different scenarios, manipulation sequences, and its
actual usefulness for planning and execution. In Algorithm 1, we
show in a formal way how a symbolic plan for a robot can be
extracted from the image-based plan shown in Figure 4. For more
details, see next section.

4. Implementation
4.1. Data set

The data to train and evaluate our proposed method are created
from a real environment. We used a top-view camera positioned

Frontiersin Neurorobotics 05

100 cm above the center of the table and collected images with a
resolution of 1,024 x 7, 68 pixels. Note that the usage of the top-view
camera is not a restriction of this method. At the end of this study,
we show that top views can be generated by inverse perspective
mapping. Hence, similar to human imagination processes, where
we employ some canonical “internal view” onto the imagined
scene, here the top view serves as the canonical perspective for our
planning method.

The data set includes eleven different objects from seven classes:
can, cup, plate, bowl, apple, box, and cuboid, where cups and
cuboids are two each, and there are three different boxes. We used
the following procedure for data collection: (a) we randomly placed
the box and some objects on a table; (b) we applied random actions
by hand, changing position or orientation of one of the objects or
the box and took a picture after each action has been accomplished.
We repeated (a) and (b) multiple times. This way we collected
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FIGURE 4
Demonstration of a planning tree. Each column represents an action step, the branches represent possible actions, and each action is based on an
imagined scene, where the previous action had been completed. The red dashed boxes mark the scenes indicating the valid planning sequence and
are numbered consecutively (these numbers are used in Algorithm 1). Red circles indicate the objects on which the action is applied. The green
pointer indicates where the object marked by the circle in the previous image has been placed.

TABLE 1 Description of the set of affordances used.

Affordance Description ‘
Grasp Areas that can be grasped to apply another action.

Place-on A surface, where objects can be placed.

Obstruct Areas, where objects are not allowed to be put.

Hole Hollow space in a solid object.

1196 scenes. Each scene contains at least one object with a unique
pose and position. Afterward, the scenes were labeled with instance
and affordance annotations. For instance annotation, the seven
aforementioned object categories and four different affordance
categories (grasp, place-on, obstruct, and hole; for description, see
Table 1) were considered and extracted for all visible regions. It
is important to note that our data set does not structure collected
images into pairs: (image before the action, image after the action)
and does not include all possible goal configurations.

4.2. Network implementation details

Many of the approaches combined here represent standard
methods, and will, thus, only be described briefly. Note that
neural networks for object detection, instance and affordance
segmentation, as well object completion are first trained separately
using our dedicated data set. Afterward, the results from different
networks are integrated to obtain the imagined planning tree,
where we provide details of that integration.

Frontiersin Neurorobotics

For object detection, considering the size of the data set, we
used EfficientDet-DO0 (Tan et al., 2020) as the backbone network.
During training, we applied horizontal flipping, scale jittering,
and random masking to perform data augmentation, and then we
resized the images to 512x512 pixels as the input. We modified
the output and added a pose classification head to predict whether
the object is placed vertically or horizontally. The model is trained
for 200 epochs with a total batch size of 4. We also used the SGD
optimizer with momentum 0.9 and reduced the initial learning rate
0.001 by factor 0.1 when the total loss has stopped improving after
3 epochs. The other parameters are same as in Tan et al. (2020) and
the original loss functions are utilized.

For Instance&Affordance segmentation, we used a U-net
like architecture (Ronneberger et al., 2015) and apply the same
loss fuction as in Liiddecke et al. (2019). Let Csk denote the
Convolution-BatchNorm-ReLU, DC¢k denote double convolution
layers (Convolution-BatchNorm-ReLU-Convolution-BatchNorm-
ReLU), PCk denote partial convolution layers (Liu et al., 2018)
(PartialConvolution-BatchNorm-ReLU), k be number of filters,
and subscript s be stride. Furthermore, UP denotes upsampling
layers and DN denotes downsampling layers. Then, the encoder
is defined in the following way: DC;32 — DN — DC;64 —
DN — DC;128 — DN — DC;256 — DN — DC;256 and the
decoder by is defined by UP — DC;512 — UP — DC;256 —
UP — DC;128 — UP — DC;64. After the last decoder layer,
two classification heads are applied to obtain four-dimensional
output for affordance segmentation and two-dimensional output
for semantic segmentation (background and main body). To work
with the image with completed objects and for obtaining of the
secondary segmentation mask, we cropped the image according
to its axis-aligned bounding box and resized it to 256x256 pixels.
Combining all the outputs of the bounding box patches, we got
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Variables:

object_name # of each individual object

Functions:

Flip(object_name) # clockwise flip an object by 90°.

Variable Assignment (for the example in Figure 4):

class_label = {“can”, “bowl”, “cup”, “apple”,“compartment”}

» o«

» o«

image_ref={"image_1",..., “image_6"}
bounding_box={parameters of all bounding boxes}
rotation_angel = {parameters of all rotation angles of all objects}

Plan (for the example in Figure 4):

Grasp(“can”, Bbox(“black_can”, “image_17))
Rotate(“black_can”,rotation_angle)

Place_at(“compartment”, Bbox(“compartment_4”, “image_1"))
Grasp(“bowl”, Bbox(“blue_bowl”image_2"))
Place_at(“compartment”, Bbox(“compartment_2”, “image_2"))
Grasp(“cup”, Bbox(“yellow_cup”, “image_3”))
Place_at(“compartment”, Bbox(“compartment_1”, “image_3"))
Grasp(“blue_cup”, Bbox(“blue_cup”, “image_4"))
Place_at(“compartment”, Bbox(“compartment_5”, “image_4"))
Grasp(“apple”, Bbox(“red_apple”, “image_5"))
Place_at(“compartment”, Bbox(“compartment_3”, “image_5"))

bounding box # parameters of the outer edges of the object in 3D

10.3389/fnbot.2023.1218977

class_label # determined for each object in each image, including box compartments
image_ref # reference to images in the valid plan sequence: image_1 to image_n

rotations_angle # between the same object in two consecutive images

Bbox(object_name, image_ref) # Read out of a bounding box, given object name and image reference
Grasp(class_label,bounding box) # for grasping of object, given its class label and bounding box
Place_at(class_label,bounding box) # for placing object at object of class label, given its bounding box
Rotate(object_name,rotation_angle) # for rotating of object using angle between two consecutive images

object_name= {“black_can”, “blue_bowl”, “yellow_cup”, “blue_cup”, “red_apple”,
“compartment_17, “compartment_2”,..., “compartment_5"}

Algorithm 1. Translating a visual plan into a robotic-compatible symbolic plan with parameters. Entities and parameters used in translation are extracted

alongside the imagination process.

the Instance&Affordance segmentation for the original image. The
model is trained for 400 epochs with the Adam optimizer and a
learning rate 0.0001 with batch size 8. The binary cross-entropy loss
is employed for classification.

For object completion, we applied two U-net-like architecture
models PCNet-M and PCNet-C as in Zhan et al. (2020) as mask and
image generator. For PCNet-M, we used the same structure as used
in segmentation, and for PCNet-C, we used six down-sampling
layers encoder (PC,64-PC;128-PC,256-PC,512-PC,512-PC;512)
and six up-sampling layers decoder (PC;1024-UP-PC;1024-UP-
PC,768-UP-PC;384-UP-PC;92-UP-PC;67-UP). The last layer for
the decoder has no BatchNorm and ReLU. For the discriminator,
an SN-PatchGAN (Yu et al, 2019) is applied which uses four
convolutional layers with spectral normalization (C,64-C;128-
C,256-C,512) and one convolution map to create a one-
dimensional 70x70 output. As in Zhan et al. (2020), we also
cropped each object according to its bounding box. The other
parameters are same, and the original loss functions are utilized.
During training, the PCNet-M and PCNet-C are trained for 200
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epochs and 800 epochs, respectively, with the Adam optimizer with
learning rate 0.0001 and batch size 8.

4.3. Pose estimation

The data collected in our experiments come from a top-
down view of the RGB-camera image, which is appropriate for
handling object movement and rotation in the horizontal direction.
However, we also allow flipping of an object; for example, as shown
in Figure 5, cuboid will appear different when placed horizontally
or vertically. Hence, we need to predict the pose of the object,
horizontal or vertical, together with object detection. Since each
unique object in the experiment belongs to one category, we create
a dictionary to store the horizontal and vertical poses of each object.
The category and pose of the object are jointly used as primary keys,
and the corresponding object’s RGB image, instance segmentation
map, and affordance map are saved as values. The horizontal or
vertical pose of each category of objects is saved only once. When
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FIGURE 5

Example for pose mapping. We create a dictionary to store the
horizontal and vertical pose of the blue cuboid. When we apply a
flipping action on this object, we can lookup the dictionary and
retrieve the corresponding pose.

TABLE 2 Results for model components a, b, and c (see Figure 3 first blue
box on top).

model results: mean (SD)

Object detection: EfficientDet-DO mAP@0.5:0.95: 71.48%
(0.59%)

Instance segmentation: Unet mloU: 94.18% (0.36%)

Affordance segmentation: Unet mloU: 91.70% (0.89%)

L1: 0.0275 (8.37E-05)
L2: 0.0028 (5.48E-05)

Object completion: PCNet-M&PCNet-C

mAP, mean average precision; mIoU, mean intersection over union. L1 is the L1 norm; given
as mean (SD) in 5-fold cross-validation.

we need to flip an object, we can use this dictionary to get the flipped
pose of the corresponding object.

4.4. Applying the action

The actions, we apply, are pick and place, rotate, and flip
vertically. For pick and place to be performed, the object has to
have an affordance grasp and the place where the object is placed
shall have an affordance place-on or affordance hole; however, the
obstruct affordance shall be not present for those pixels. In the first
instance, we do not check if the object is fitting on the area of
affordance place-on or hole correctly, but see the next subsection
“action validation,” where we solve this. For the action rotate, the
object shall have affordance grasp. Rotation is being performed
in 15 deg. steps. For the action flip vertically, the object shall
have affordance grasp, and the imagined action is performed by
retrieving entries from the dictionary of horizontal vs. vertical
poses, as was described above. The result of an imagined action is a
post-action image.

To obtain the post-action image, we regarded each object as
a separate layer and then we used traditional image processing
methods, such as cut-and-paste and rotation, to perform the
movement and horizontal rotation of the object. We take the center
of the object’s bounding box as the origin when applying the action.
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For flipping objects, we need to replace the corresponding object
layer with the flipped pose according to the dictionary. The object
layers are afterward overlaid on a background layer to get the
resulting image showing the result of applying the action.

4.5. Action validation

In the last step, having obtained images after action
imagination, we check whether the action is valid or not. We
require that the object is not placed in an area where the affordance
is “obstruct.” Thus, the checking process is based on the affordance
map. For this, we define conflict areas as the intersection of the
“obstruct” affordance with the manipulated object. We count the
intersection pixels, where we set the threshold to 30 pixels. If the
conflict area is less than 30 pixels, then we assume that the action
is correct.

4.6. Formation of a planning tree

For the planning tree, we used a basic greedy search approach
(depth-first-search) to generate a valid plan. For the initial scene,
we first randomly selected an object with a picking affordance from
the set of objects standing outside the box. Then, we attempted
to position the object on a randomly selected placing affordance.
For that, we performed a series of imaginary actions, including
rotation and flipping and verified the image after each action until
the object passes a validity check, which a conflict area of no
more tan 30 pixels as described above. If success was not achieved
by rotating the object in 15° steps either flipped or non-flipped,
we proceeded to choose another object from the ones standing
outside the box. If an object was successfully placed, we advance
to the next planning step based on the image generated in the first
planning step. Affordance-supported stacking here is also allowed.
We terminate the process when there are no more objects outside,
or no action exists that passes the validity check.

4.7. Parsing of symbolic entities

In Algorithm 1, we show an example of parsing of the valid
visual plan, represented as an image sequence in Figure 4, into
symbolic planning entities with parameters required for robotic
execution. Note that entities used in the parsing process: class
labels, bounding boxes, and the manipulated object sequence are
directly obtained from the imagination process. Hence, for making
a symbolic plan, it remains to collect those entities from the images
and pass them to the corresponding robot action primitives. We
provide the plan in an unwrapped form (instead of an algorithmic
loop) to depict the full sequence of steps corresponding to the
visual plan given in Figure 4. Note that this plan could be further
processed (translated) into human readable sentences (not shown
here) or—as an alternative—one could use automatic, neural
network-based methods (see e.g., Dessi et al, 2023) for image
captioning to arrive also at a language description of the images.
However, the latter is much more demanding than the former due
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TABLE 4 Success rates for step by step analysis.
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The planning steps were performed for the testing data set using a 5-fold cross-validation. The results are reported as mean(SD). Best result in each column is emphasized in bold.
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5.2. Evaluation of the method

We verified our method using 5-fold cross-validation. Scenes in
the data sets differ in the number and location of objects. Our target
is to place as many objects from outside the box as possible into
the appropriate compartments in the box. To save computational
resources, a depth-first search is used to find the complete plans,
which are then checked whether they are valid. As many valid plans
exist, it is costly to construct a ground-truth set for verification of
validity (e.g., consider the need to account for all combinations
of packing, including stacks of objects). Hence, we evaluated the
obtained plans by eye.

Of the 240 test cases in each test set, there exist plans with
zero up to seven packing steps. A “0 step” case corresponds to the
situation, where the box is fully packed and no planning steps are
required. This is included to test the system’s capability to recognize
also such situations. Table 3 shows how many of these different
cases had been successful. The grand average success rate across
all cases was 90.92%. As expected, the success rate deteriorates by
10-15% for longer planning sequences, as both imagination and
planning errors accumulate.

In Table 4, we analyze all cases in a step-wise manner asking
whether a plan step n has been successful or not. On average,
623 steps were performed across all 240 test cases in the plan-
search process. The overall average success rate of one step is
97.03%. Success rate deteriorates step-wise; however, only by a
couple percent from step 1 to step 7. This demonstrates that
the imagination process used in our study degrades the images
only minimally.

To identify the reasons of failed cases we analyzed the causes
of each failure. The failures can be attributed to wrong object
detection or inaccurate affordance segmentation results, which
account for 45.37% and 54.63% of the failure cases, respectively.
Failures due to object completion can not be evaluated directly;
thus, ablation study is made on that component, as described at the
end of the section.

In Figure 7, we show some successful and some failed plans.
Three successful plans were able to complete our box packing task.
The action sequences in those plans are described in the figure
legend. In the failure cases, the red dashed box means an invalid
step in a plan. In failure case 1, a part of the cup is incorrectly
identified as another cup, which is caused by an inaccurate result
of object detection. The same failure cause also happens in failure
case 2, where a part of the plate is identified as a can, which in turn
leads to a wrong action. In failure case 3, there were objects that
could be packed, but no action was found in the search. This is,
because none of the conflict areas calculated between the “grasped”
objects and all “place-on” and “hole” areas is smaller than the 30-
pixel threshold value, which is caused by an inaccuracy of the result
in affordance segmentation.

5.3. Comparison to baseline
We performed a comparison to a baseline method where

we randomly choose objects and placed them on random place-
affordance locations for as many times (steps), as there were objects
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Initial scene

success case 1

success case 2

success case 3

failure case 1

failure case 2

failure case 3

FIGURE 7

Examples of three successful and three failed plans. The first column represents the initial scene, each following column represents an individual
imagined action step. Circles emphasize the objects for which the action is applied. Failed steps are marked with red dashed boxes. Explanation for
individual cases: Success case 1: (1) Pick up red apple & place into yellow cup. (2) Pickup yellow cup (with red apple inside) & place into the
compartment 4 of the box. (3) Pickup the yellow cup (with the red apple inside) & place into black can. (4) Pickup black can (with yellow cup and red
apple inside) & place in the compartment 4 of the box. Success case 2: (1) Pick up yellow cup and place into compartment 4. (2) Pick up black can,
rotate 60 deg. and place into compartment 1 of the box. (3) Pick up blue bowl and place into compartment 2 of the box. Success case 3: (1) Pick up
red apple and place into yellow cup. (2) Pick up black can, rotate 60 deg. and place into compartment 1. In the failure cases, the red dashed box
means an invalid step in a plan. In failure case 1, a part of the blue cup is incorrectly identified as another cup. The same failure cause also happens in
failure case 2, where a part of the blue plate is identified as a can. In failure case 3, there were objects that could be packed, but no action was found
in the search.

outside the box. For each test, set the random placement was  deterministic 100% performance in case there are no objects
repeated four times to obtain more reliable averages. Results are  outside the box; t se as “not applicable” in Table 3. Otherwise, the
shown in lines “baseline” in Tables 3, 4. Note that the baseline  baseline performs substantially worse than our method, which is
has a small advantage against our method as it has information  especially visible for longer plans. Note the number of total steps
how many objects there are outside the box. This leads to  in our method and in baseline method are different as the baseline
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TABLE 5 Results for initial scenes of successful and failure plans.

Model

Object detection: EfficientDet-DO mAP: 75.97% (2.06%)

Successful plans:mean (SD)

10.3389/fnbot.2023.1218977

Failure plans:mean (SD)

mAP: 70.96% (0.19%)

Instance segmentation: Unet mloU: 94.13% (0.24%)

mloU: 91.47% (1.57%)

Affordance segmentation: Unet mloU: 93.06% (0.10%)

mlIoU: 90.68% (1.04%)

method uses a simplified procedure on decision how many steps
are required.

5.4. Ablation study

Here, we investigate the utility of different components. For
the GAN-based component, the results of the study are shown
in Tables 3, 4, lines “without object completion.” In all cases, the
ablated version performs worse and the effect becomes especially
prominent in the last steps of the plan (see the last columns of
Table 4). This is expected, as with more imagination steps the need
to reproduce object appearance grows. We did not make ablation
study for other components of the method (e.g., object detection or
affordance segmentation) as removal of those components disrupt
operation of the framework completely.

As we cannot completely exclude object detection, instance
and affordance segmentation from the algorithm, we made
those evaluations differently. We evaluate the influence of those
components on the final result by calculating success measures of
components for successful and failed plans separately (Table 5).
One can see that the mean average precision (mAP) for object
detection is 5% smaller in failed cases, while mean intersection over
union (mIoU) in instance and affordance segmentation is also a
couple of percents smaller in failure as compared to success cases.
This shows that there is a relation between success in the here
analyzed system components and the overall system performance.

6. Discussion and outlook

We have presented a method for planning of packing and
ordering tasks based on mental imagery, where a tree of imagined
future scenes is created, and the plan is represented as a sequence of
images from such a tree. Unlike methods that predict entire future
images in robot manipulation scenes end-to-end (Nair and Finn,
2019), our approach involves a scene parsing process, which brings
the following advantages:

e Generative processes can be supported by comparatively small
data sets.

e The parsed entities can be further used for definition of
robotic actions.

While successful operation of generative processes was proven
in our ablation analysis, actual robotic action specification based
on developed image sequences and robotic implementation will be
addressed in future studies.
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The approach supports explanation of the obtained plans to a
human in a hybrid manner: symbolically, by using the labels of the
parsed entities (see Algorithm 1) and at the sub-symbolic level by
showing the human the pictures that were imagined by the system.
For example, by these pictures it is easy to see what would go wrong
along those planning tree branches, which were not included into
the valid plan.

The developed system generalizes to different distributions
of objects in the initial scenes and can achieve goal states not
explicitly provided in the training data. However, the objects
need to be learned for instance- and affordance segmentation
as well as for generative object completion. The advantage of
our method is that a relatively small data sets suffices and,
thus, can be labeled with a concrete application in mind.
Furthermore, due to the modularity of this system, each component
within the system can be readily replaced with newly emerging
state-of-the-art techniques.

The current algorithm uses images obtained from a top view
camera. This issue does not lead to restrictions because one
can recreate top view images using inverse perspective mapping
methods as long as the ground plane is known. Figure 8 shows
how to generate top views from different camera perspectives. Here,
we created a simulated scene and placed four cameras at fixed
positions around the scene for data collection. We first used inverse
perspective mapping (IPM) to remap the images from four cameras
into a preliminary orthographic projection based on the intrinsic
and extrinsic camera parameters. Then, we used a deep network
(U-net) to further correct this distorted scene and to finally get a
near optimal top view image. We used 2000 images for training
and 200 images for testing. As this is not in the center of this
study, we directly used top view cameras, instead, to generate a
canonical view for all our experiments avoiding shape deformation,
which might interfere with the planning process. However, if
required, IPM pre-processing can be included into our algorithms
without restrictions.

Concerning the generative process introduced in our study, we
performed these on an object-by-object basis and this way achieved
high performance, where future frames do not substantially
deteriorate over time. Though generating full images of future
scenes is in principle possible and was addressed by several studies,
e.g., Nair and Finn (2019), Veerapaneni et al. (2020), the obtained
images are blurry (see Figure 7b in Veerapaneni et al, 2020
and Figure 1 in Nair and Finn, 2019). In some own preliminary
unpublished study, we were also attempting full image generation
and saw the same deficiencies too. Given that one needs anyhow
individual object information for making robotic plans, applying
object-by-object treatment of scenes, as now done in this study,
is natural and reduces data requirements, while at the same time
leading to satisfactory results.
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front-view 1 front-view 2 front-view 3

FIGURE 8

Rt 14

Example result of a simulated scene by applying inverse perspective mapping to create a top view from several side views.

front-view 4 reconstructed top view ground truth top view

Clearly, one cannot address very precise 3D fitting tasks for
objects with complicated shapes with our approach and more
specialized methods are required for that (Lin et al., 2023). For
generative approaches, more advanced methods such as diffusion
models (Rombach et al., 2022) can be used. In general, existing
studies considering image-based foresight are mostly specialized,
e.g. pouring (Wu and Chirikjian, 2020), pushing, lifting, and
dragging (Ebert et al., 2018), addressing only block worlds, or rope
manipulation (Wang et al., 2019), closing a door and object pushing
(Nair and Finn, 2019). Here, we show that for a packing, stacking,
and ordering tasks, one can simplify this by performing planning
directly by visual imagination without pre/post-condition pairs for
training in case of every-day accuracy requirements. In addition,
from a practical perspective, it is important that for implementation
of our system only deep-learning-based image analysis knowledge
is needed, while domain description or reinforcement learning
knowledge is not required for that.

Although our current study does not involve direct interaction
with a real robot arm, for the implementation of the system on
a robot, one can follow a similar approach as we did during data
collection. A camera, capable of providing a top-down perspective,
is required, and it needs to be set up so that the robot does not
occlude the scene when in its home position. The camera has to
be synchronized with the robot so that it takes an image each time
after the robot has accomplished an action and has returned to the
home position.

We also believe that incorporating feedback loops on a robot
could enhance the success rate of the plans. We can assess the
consistency between the actual scene after robot execution and the
imagined scene to determine whether plan updates are necessary. If
inconsistencies arise, we can choose to regenerate the plan, thereby
improving the success rate of the task. For example, errors such
as in Failure case 1, shown in Figure 7, where part of a cup was
left behind in forward imagination could this way be corrected
and would then not influence the final result. Alternatively, we
can also choose to regenerate the plan after each step, which
allows for continuous updates of the overall plan. This approach
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essentially involves making predictions for each step individually
and our experimental analysis above suggests that planning only
one step yields high success rates. This will be the focus of our
future study.

Data availability statement

The datasets presented in this study can be found in
online repositories. The names of the repository/repositories and
accession number(s) can be found below: https://doi.org/10.5281/
zeno0do.7904630.

Author contributions

SL performed data set generation, developed the methods, and
performed simulations and analyses. TK provided camera setup
and data acquisition. MT and FW performed analyses and wrote
manuscript. All authors contributed to the article and approved the
submitted version.

Funding

The research leading to these results has received funding
from the German Science Foundation WO 388/16-1 and the
European Commission, H2020-ICT-2018-20/H2020-ICT-2019-2,
GA no. 871352, ReconCycle.

Conflict of interest

The authors declare that the research was conducted
in the absence of any commercial or financial relationships
that could be
of interest.

construed as a potential  conflict

frontiersin.org


https://doi.org/10.3389/fnbot.2023.1218977
https://doi.org/10.5281/zenodo.7904630
https://doi.org/10.5281/zenodo.7904630
https://www.frontiersin.org/journals/neurorobotics
https://www.frontiersin.org

Lietal.

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated

Ahmetoglu, A., Seker, M. Y., Piater, J., Oztop, E., and Ugur, E. (2022). Deepsym:
Deep symbol generation and rule learning for planning from unsupervised robot
interaction. J. Artificial Intellig. Res. 75:709-745. doi: 10.1613/jair.1.13754

Asai, M., and Fukunaga, A. (2018). “Classical planning in deep latent space:
Bridging the subsymbolic-symbolic boundary;” in Proceedings of the AAAI Conference
on Artificial Intelligence.

Bozcuoglu, A. K., and Beetz, M. (2017). “A cloud service for robotic mental
simulations,” in 2017 IEEE International Conference on Robotics and Automation
(ICRA). Singapore: IEEE, 2653-2658.

Chang, M., Griffiths, T., and Levine, S. (2022). “Object representations as fixed
points: Training iterative refinement algorithms with implicit differentiation,” in
Advances in Neural Information Processing Systems (Curran Associates, Inc.), 35.

Dessi, R., Bevilacqua, M., Gualdoni, E., Rakotonirina, N. C., Franzon, F., and
Baroni, M. (2023). “Cross-domain image captioning with discriminative finetuning,” in
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
(IEEE), 6935-6944.

Do, T.-T., Nguyen, A., and Reid, I. (2018). “Affordancenet: An end-to-end
deep learning approach for object affordance detection,” in 2018 IEEE International
Conference on Robotics and Automation (ICRA). Brisbane, QLD: IEEE, 5882-5889.

Driess, D., Ha, J.-S., and Toussaint, M. (2020). Deep visual reasoning: Learning to
predict action sequences for task and motion planning from an initial scene image.
arXiv. doi: 10.15607/RSS.2020.XVI1.003

Ebert, F,, Finn, C., Dasari, S., Xie, A., Lee, A., and Levine, S. (2018). Visual foresight:
Model-based deep reinforcement learning for vision-based robotic control. arXiv. doi :
10.48550/arXiv.1812.00568

Fikes, R. E., and Nilsson, N. J. (1971). STRIPS: A new approach to the
application of theorem proving to problem solving. Artif. Intell. 2, 189-208.
doi: 10.1016/0004-3702(71)90010-5

Gibson, J. J. (2014). The Ecological Approach to Visual Perception: Classic Edition.
London: Psychology Press. doi: 10.4324/9781315740218

Ha, D. and Schmidhuber, J. (2018).
doi: 10.48550/arXiv.1803.10122

Hafner, D., Lillicrap, T., Norouzi, M., and Ba, J. (2020). Mastering atari with discrete
world models. arXiv. doi: 10.48550/arXiv.2010.02193

Hafner, D., Lillicrap, T., Fischer, I, Villegas, R., Ha, D., Lee, H,, et al. (2019).
“Learning latent dynamics for planning from pixels,” in International Conference on

Machine Learning. New York City: PMLR, 2555-2565.

Helmert, M. (2006). The fast downward planning system. J. Artif. Intell. Res. 26,
191-246. doi: 10.1613/jair.1705

World  models.  arXiv.

Hesslow, G. (2012). The current status of the simulation theory of cognition. Brain
Res. 1428, 71-79. doi: 10.1016/j.brainres.2011.06.026

Hoffmann, J. (2001). FF: The fast-forward planning system. AI Magazine 22, 57-57.
doi: 10.1609/aimag.v22i3.1572

Ingrand, F., and Ghallab, M. (2017). Deliberation for autonomous robots: a survey.
Artif. Intell. 247, 10-44. doi: 10.1016/j.artint.2014.11.003

James, S., Rosman, B., and Konidaris, G. (2022). “Autonomous learning of object-
centric abstractions for high-level planning,” in International Conference on Learning
Representations (OpenReview).

Karras, T., Laine, S., and Aila, T. (2019). “A style-based generator architecture
for generative adversarial networks,” in Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (IEEE), 4401-4410.

Kim, S. W., Zhou, Y., Philion, J., Torralba, A., and Fidler, S. (2020). “Learning
to simulate dynamic environments with gamegan,” in Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition (IEEE), 1231-1240.

Kolobov, A. (2012). Planning with markov decision processes: An Al perspective.
Synth. Lect. 6, 1-210. doi: 10.2200/S00426ED1V01Y201206 AIM017

Konidaris, G., Kaelbling, L. P., and Lozano-Perez, T. (2018). From skills to symbols:
learning symbolic representations for abstract high-level planning. J. Artif. Intell. Res.
61, 215-289. doi: 10.1613/jair.5575

Frontiersin

14

10.3389/fnbot.2023.1218977

organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Krichmar, J. L., Hwu, T., Zou, X,, and Hylton, T. (2019). Advantage of prediction
and mental imagery for goal-directed behaviour in agents and robots. Cogn. Comput.
1, 12-19. doi: 10.1049/ccs.2018.0002

Kunze, L., Dolha, M. E., Guzman, E., and Beetz, M. (2011). “Simulation-
based temporal projection of everyday robot object manipulation,” in The
10th International Conference on Autonomous Agents and Multiagent Systems
(International Foundation for Autonomous Agents and Multiagent Systems), 107-114.
doi: 10.1109/IR0OS.2011.6094743

Kwiatkowski, R., and Lipson, H. (2019). Task-agnostic self-modeling machines. Sci.
Robot. 4, eaau9354. doi: 10.1126/scirobotics.aau9354

Lang, T., and Toussaint, M. (2010). Planning with noisy probabilistic relational
rules. J. Artif. Intell. Res.39, 1-49. doi: 10.1613/jair.3093

Lin, Y.-C,, Florence, P., Zeng, A., Barron, J. T, Du, Y., Ma, W.-C,, et al. (2023).
“Mira: mental imagery for robotic affordances,” in Conference on Robot Learning. New
York: PMLR, 1916-1927.

Liu, G,, Reda, F. A,, Shih, K. J., Wang, T.-C,, Tao, A., and Catanzaro, B. (2018).
“Image inpainting for irregular holes using partial convolutions,” in Proceedings of the
European Conference on Computer Vision (ECCV) (IEEE), 85-100.

Liiddecke, T., Kulvicius, T., and Worgétter, F. (2019). Context-based affordance
segmentation from 2D images for robot actions. Rob. Auton. Syst. 119, 92-107.
doi: 10.1016/j.robot.2019.05.005

Mao, J., Gan, C., Kohli, P., Tenenbaum, J. B., and Wu, J. (2019). The neuro-symbolic
concept learner: Interpreting scenes, words, and sentences from natural supervision.
arXiv. doi: 10.48550/arXiv.1904.12584

Nair, S., and Finn, C. (2019). Hierarchical foresight: self-supervised learning of
long-horizon tasks via visual subgoal generation. arXiv.

Racaniére, S., Weber, T., Reichert, D., Buesing, L., Guez, A., Jimenez Rezende,
D., et al. (2017). “Imagination-augmented agents for deep reinforcement learning,” in
Advances in Neural Information Processing Systems, 30.

Rombach, R., Blattmann, A., Lorenz, D., Esser, P., and Ommer, B. (2022).
“High-resolution image synthesis with latent diffusion models,” in Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition (IEEE),
10684-10695.

Ronneberger, O., Fischer, P., and Brox, T. (2015). “U-net: Convolutional networks
for biomedical image segmentation,” in International Conference on Medical Image
Computing and Computer-Assisted Intervention. Cham: Springer, 234-241.

Rossmann, J., Schluse, M., Schlette, C., and Waspe, R. (2012). “Control by 3d
simulation-a new robotics approach to control design in automation,” in International
Conference on Intelligent Robotics and Applications. Cham: Springer, 186-197.

Schrittwieser, J., Antonoglou, L., Hubert, T., Simonyan, K., Sifre, L., Schmitt, S., et al.
(2020). Mastering atari, go, chess and shogi by planning with a learned model. Nature
588, 604-609. doi: 10.1038/541586-020-03051-4

Stark, M., Lies, P., Zillich, M., Wyatt, J., and Schiele, B. (2008). “Functional object
class detection based on learned affordance cues,” in International Conference on
Computer Vision Systems. Cham: Springer, 435-444.

Suarez, J., Johnson, J., and Li, F.-F. (2018). Ddrprog: a clever differentiable dynamic
reasoning programmer. arXiv. doi : 10.48550/arXiv.1803.11361

Tan, M., Pang, R,, and Le, Q. V. (2020). “Efficientdet: Scalable and efficient object
detection,” in Proceedings of the IEEE/CVF Conference On Computer Vision and Pattern
Recognition (IEEE), 10781-10790.

Ugur, E., and Piater, J. (2015). “Bottom-up learning of object categories, action
effects and logical rules: from continuous manipulative exploration to symbolic
planning,” in 2015 IEEE International Conference on Robotics and Automation (ICRA).
Seattle, WA: IEEE, 2627-2633.

Veerapaneni, R., Co-Reyes, J. D., Chang, M., Janner, M., Finn, C.,, Wu, J, et
al. (2020). “Entity abstraction in visual model-based reinforcement learning,” in
Conference on Robot Learning. New York: PMLR, 1439-1456.

Wang, A., Kurutach, T. Liu, K, Abbeel, P, and Tamar, A. (2019).
Learning robotic manipulation through visual planning and acting. arXiv.
doi: 10.15607/RSS.2019.XV.074


https://doi.org/10.3389/fnbot.2023.1218977
https://doi.org/10.1613/jair.1.13754
https://doi.org/10.15607/RSS.2020.XVI.003
https://doi.org/10.1016/0004-3702(71)90010-5
https://doi.org/10.4324/9781315740218
https://doi.org/10.48550/arXiv.1803.10122
https://doi.org/10.48550/arXiv.2010.02193
https://doi.org/10.1613/jair.1705
https://doi.org/10.1016/j.brainres.2011.06.026
https://doi.org/10.1609/aimag.v22i3.1572
https://doi.org/10.1016/j.artint.2014.11.003
https://doi.org/10.2200/S00426ED1V01Y201206AIM017
https://doi.org/10.1613/jair.5575
https://doi.org/10.1049/ccs.2018.0002
https://doi.org/10.1109/IROS.2011.6094743
https://doi.org/10.1126/scirobotics.aau9354
https://doi.org/10.1613/jair.3093
https://doi.org/10.1016/j.robot.2019.05.005
https://doi.org/10.48550/arXiv.1904.12584
https://doi.org/10.1038/s41586-020-03051-4
https://doi.org/10.15607/RSS.2019.XV.074
https://www.frontiersin.org/journals/neurorobotics
https://www.frontiersin.org

Lietal.

Wu, H.,, and Chirikjian, G. S. (2020). Can I pour into it? Robot imagining open
containability affordance of previously unseen objects via physical simulations. IEEE
Robot. Autom. Lett. 6, 271-278. doi: 10.1109/LRA.2020.3039943

Wu, J., Tenenbaum, J. B., and Kohli, P. (2017). “Neural scene de-rendering,” in
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
699-707.

Xu, D., Mandlekar, A., Martin-Martin, R., Zhu, Y., Savarese, S., and Fei-Fei, L.
(2021). “Deep affordance foresight: Planning through what can be done in the future,”
in 2021 IEEE International Conference on Robotics and Automation (ICRA), 6206-6213.

Xu, D., Martin-Martin, R., Huang, D.-A., Zhu, Y., Savarese, S., and Fei-Fei, L. F.
(2019). “Regression planning networks,” in Advances in Neural Information Processing
Systems.

Yi, K., Wy, J., Gan, C., Torralba, A., Kohli, P., and Tenenbaum, J. (2018). “Neural-
symbolic VQA: Disentangling reasoning from vision and language understanding,” in
Advances in Neural Information Processing Systems.

Yu, J, Lin, Z., Yang, J., Shen, X, Lu, X, and Huang, T. S. (2019).
“Free-form image inpainting with gated convolution in  Proceedings

Frontiersin

15

10.3389/fnbot.2023.1218977

of the IEEE/CVF International Conference on  Computer  Vision,

4471-4480.

Zhan, X, Pan, X, Dai, B, Liu, Z, Lin, D, and Loy, C. C.
(2020).  “Self-supervised ~ scene de-occlusion” in  Proceedings of the
IEEE/CVF Conference on  Computer  Vision and  Pattern Recognition,

3784-3792.

Zhang, S., Khandelwal, P., and Stone, P. (2017). “Dynamically constructed (PO)
MDPs for adaptive robot planning” in Thirty-First AAAI Conference on Artificial
Intelligence.

Zhu, Y, Fathi, A, and Fei-Fei, L. (2014). “Reasoning
about  object affordances in a  knowledge base  representation,
in  European  Conference  on  Computer ~ Vision. ~ Cham:  Springer,
408-424.

Zhu, Y., Tremblay, J., Birchfield, S., and Zhu, Y. (2021). “Hierarchical planning
for long-horizon manipulation with geometric and symbolic scene graphs,” in 2021
IEEE International Conference on Robotics and Automation (ICRA). New York: IEEE,
6541-6548.


https://doi.org/10.3389/fnbot.2023.1218977
https://doi.org/10.1109/LRA.2020.3039943
https://www.frontiersin.org/journals/neurorobotics
https://www.frontiersin.org

	Simulated mental imagery for robotic task planning
	1. Introduction
	2. Related work
	2.1. Symbolic planning
	2.2. Simulation
	2.3. Sub-symbolic planning using neural networks
	2.4. Affordance recognition
	2.5. Neuro-symbolic representations

	3.  Overview
	4. Implementation
	4.1. Data set
	4.2. Network implementation details
	4.3. Pose estimation
	4.4. Applying the action
	4.5. Action validation
	4.6. Formation of a planning tree
	4.7. Parsing of symbolic entities

	5. Experiments and results
	5.1. Evaluation of the system's components
	5.2. Evaluation of the method
	5.3. Comparison to baseline
	5.4. Ablation study

	6. Discussion and outlook
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher's note
	References


