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High-Degrees-of-Freedom Dynamic Neural Fields
for Robot Self-Modeling and Motion Planning

Lennart Schulze! and Hod Lipson?

Abstract— A robot self-model is a task-agnostic representa-
tion of the robot’s physical morphology that can be used for
motion planning tasks in the absence of a classical geometric
kinematic model. In particular, when the latter is hard to en-
gineer or the robot’s kinematics change unexpectedly, human-
free self-modeling is a necessary feature of truly autonomous
agents. In this work, we leverage neural fields to allow a robot
to self-model its kinematics as a neural-implicit query model
learned only from 2D images annotated with camera poses and
configurations. This enables significantly greater applicability
than existing approaches which have been dependent on depth
images or geometry knowledge. To this end, alongside a curric-
ular data sampling strategy, we propose a new encoder-based
neural density field architecture for dynamic object-centric
scenes conditioned on high numbers of degrees of freedom
(DOFs). In a 7-DOF robot test setup, the learned self-model
achieves a Chamfer-L2 distance of 2% of the robot’s workspace
dimension. We demonstrate the capabilities of this model on
motion planning tasks as an exemplary downstream application.

I. INTRODUCTION

Neural fields paired with differentiable rendering allow
learning accurate 3D scene information from pose-annotated
2D images. This is achieved by overfitting a neural network
to the scene observed from multiple camera views using a
photometric reconstruction loss [1]. After training, the model
can be used to render realistic images of the scene from novel
camera views. Due to the importance of scene representations
in robotics, neural field extensions have evolved focusing on
use cases in this area. While most of these approaches [2,
3, 4, 5] use neural fields to capture and utilize information
about the robot’s environment, such as for reconstruction,
navigation, or localization tasks, here we propose to learn
neural fields to represent - and control - the robot.

We solve the task of robot self-modeling, the (robot’s)
ability to acquire a representation of the robot’s kinematics
from observing its behavior without human interference.
Similar to a mental image of oneself, self-models can
continually be updated to reflect the state of the robot.
This renders them advantageous over classical geometric
kinematic models, which are usually engineered once, may
be mismatched to the current state of the robot, and are
unavailable for unknown robots [6]. For these reasons,
learning-based approaches to robot self-modeling emerged.
Despite functional, a major drawback is their dependence
on supervised samples or, in the self-supervised case, depth
annotations in the training distribution. These requirements
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Fig. 1. Overview of contributions (shaded): When a kinematic model
is unavailable for the robot, 1) our method to collect curricular annotated
depth-free image data can be used instead to train 2) a high-DOFs dynamic
neural density field which the robot uses as a self-model. 3) Its forward and
inverse kinematics capabilities enable motion planning applications.

hinder the readiness of target applications of self-modeling in
real-world scenarios where this information is not available,
such as after damage to the robot’s body during deployment.
In particular, a recent approach [7] to learn a full-body
kinematic forward model as a neural-implicit representation
requires images annotated with depth values from RGB-D
cameras. In this work, we propose to solve this obstacle by
learning neural fields in a self-supervised manner directly
from 2D images only annotated with camera parameters and
the dynamic configuration. Consequently, we approach the
task of learning a neural-implicit full-body kinematic model
from unlabeled kinematic data through training a dynamic
neural field that offers downstream compatibility (Fig. 1).

We achieve this by introducing a new type of dynamic
neural field. Previous work [8, 9, 10] has extended the static-
scene setup of neural radiance fields [1] by establishing time
as an additional input dimension next to 3D coordinates,
which together are mapped to density and color values. In
contrast, in this work we introduce a high number of degrees
of freedom (DOFs) that in complex interdependence change
local parts of the scene as the conditioning variables for
a coordinate-to-density map, which has not been done for
robotic applications. Different from methods using deforma-
tion from a canonical representation [11], we propose a DOF-
encoder-based dynamic neural density field, which is suitable
for modeling complex changing scenes beyond robotics.

In summary, this work contributes the following:
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e We introduce a curricular data sampling method and
neural network architecture to represent high-DOFs
object-centric scenes as dynamic neural density fields.

e We use our method to visually learn the first robot
self-model without depth information and from a single
camera view, and quantify its quality experimentally.

« Extending [7], we discuss and demonstrate downstream
applications of neural-field self-modeled kinematics in
motion planning.

II. BACKGROUND AND RELATED WORK

Robot self-modeling. A self-model is a task-agnostic,
general-purpose representation of a robot’s physical shape
and structure that can be acquired at any time and continually
updated without a human in the loop [12, 13]. The objective
of enabling machines to produce a cognitive model of
themselves to guide their behavior has been inspired by
similar behavior in human beings [14]. In practice, whenever
a geometric kinematic model, which captures the spatial
relations and physical constraints of the robot’s links and
joints manually as a result of simulation and engineering,
is unavailable, the ability to self-model is required. In par-
ticular, when the robot’s kinematics are altered, for instance
through damage or undocumented body manipulation, the
robot can learn an updated self-model without the need to
manually re-devise the kinematic model [15, 16].

Approaches to robot self-modeling have leveraged an-
alytical, probabilistic, and evolutionary methods [15, 17,
16]. Learning-based approaches to implicitly represent self-
models were first presented in [18], necessitating training
samples that are labeled with the end effector position.
Similarly, certain approaches [19, 20] pre-determine the set
of parameters to learn for a system, identified based on prior
knowledge about the shape or function. The most recent,
partially self-supervised approach, which constructs an ag-
nostic self-model without such information [7], still requires
depth information, which is used to learn an SDF-based
occupancy query model. In all approaches, data acquisition
plays a crucial role, with strategies ranging from entirely
random [7], to interactive [21], and targeted-exploratory
[19, 22]. This work builds on the agnostic, neural-implicit
class of representation proposed in [7] and removes the
depth requirement using neural fields, while introducing a
curricular-random training data acquisition strategy.

Neural (radiance) fields. A neural field is a continuous
map from any spatial coordinate in 3D space x = [x, Y, z}
to a scalar or vector. In neural radiance fields (NeRF) [1],
each point is assigned a tuple of density and color. The map
is parameterized via a neural network ®, such as a multi-
layer perceptron (MLP), overfit to the specific scene,

f<I> : (Xa d) — (07 C) (1)

where x € R? is the coordinate vector, d € [0,1]3,]|d|| = 1
is the unit viewing direction, o € [0,00) is the predicted
density, and ¢ € [0, 1] is the predicted RGB color. Both to
march a ray through the scene to obtain point coordinates x
and to compute d, the camera pose “T is used.

A NeRF is a neural-implicit representation of a scene since
novel views can be rendered by querying the learned map,
without the need to store 3D information explicitly, such
as in point clouds or voxels. From the field over the 3D
space, 2D projections to images from arbitrary camera views
are rendered via volume rendering [23, 24]: The color of a
pixel C is computed by integrating the product of color,
density, and visibility of the points residing on the ray r
that was marched through the scene from the projection
plane within the depth view bounds. The visibility 7; of a
point depends on the density values of the points between
the projection plane and that point. Using quadrature, the
integral is approximated on N points, which are sampled in
a stratified manner from bins on the ray, as follows:

N
Cr) =) T; a(oe(xD)s;) co(xV, d) 2)
i=1

i—1
T; =exp | — Z oa(x9)d; 3)
j=1

Here, r = o + td is the pixel-corresponding ray marched
through the scene scaled by depth t; a(c) = 1 — exp(—0)
maps density values into the range [0, 1]; and J; = ;41 —
t; is the distance between adjacent points on the ray. The
differentiable nature of volume rendering allows the MLP to
be trained by minimizing a photometric reconstruction loss
between training images and renders from the same poses.

Dynamic neural fields have emerged to represent scenes
with changing components, for instance over a single time
dimension [8, 9, 10, 25, 26, 27, 28, 29]. In extension,
numerous works have aimed at modeling controllable human
bodies, customarily using prior knowledge or annotations
about their shape or multi-view video training data [30,
31, 11, 32, 33, 34]. Related to our work, we propose a
new dynamic neural field architecture geared towards shape-
unknown objects with many DOFs that are interdependent,
trained on single-view images only.

III. METHOD
A. High-DOFs Dynamic Neural Density Field

We propose to extend neural fields to dynamic scenes in
which changes are anchored in interdependent DOFs of the
object in the scene. For this purpose, we condition the map
fo on the k-dimensional configuration of the object 8 =
[90, ... ,Gk,l]T € R” that causes the observed changes:

fo:(x,0) = (o) )

To model the shape, the field does not assign color and is
thus independent of the viewing direction. Nonetheless, color
can be included for the purpose of training the model via a
photometric loss.

Specifically, to learn a self-model of a robot, the map is
conditioned on the joint configuration of the robot composed
of k joint values and thus learned as a 3 + k-dimensional
neural field. We can subsequently compute density fields in
novel configurations and render these from novel views.
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Fig. 2. Overview of proposed method: A) Training images of robot in different configurations: While the point coordinates and annotated configuration
are the inputs to the neural network, the true color of the pixel is used for the reconstruction loss. B) Neural network architecture: The DOF values and
spatial coordinates are individually encoded, concatenated and group-wise encoded, and concatenated and processed to an output density. C) The trained
neural density field is used to evaluate the validity of a configuration relative to an obstacle by predicting the densities of points queried from its volume.

Encoder-based architecture. We parameterize the map
via a neural network based on [1], that is an MLP with ReLU
activations. Extending this architecture by adding @ as input
parameters produces unsatisfactory results. Consequently, we
extend [7]’s approach and introduce separate encoders for the
spatial and conditioning input variables. This leverages the
independence of the coordinates and the DOFs configuration
and promises to learn useful representations resulting from
the combinations of the constituents of each group.

Applying the shuffled curriculum learning approach in-
troduced below, however, results in continual forgetting of
previously learned relationships of DOFs as the training
progresses, reducing performance on previously well re-
constructed samples. For this reason, we introduce DOF-
individual encoders, MLPs that encode each input variable.
Since gradients flowing back to the weights of these MLPs
will be zero when the joint values are zero in batches in
which exclusively other DOFs are sampled, we argue this
improves the memorability of useful features for the behavior
introduced by each DOF individually. The outputs of the
individual encoders are concatenated and chained to the
group-based encoders. The complete model is described by:

f.:p (X, 0) =

2 k—1
Oyep | Prne, (D Prne,, (1)), Penco (EP Pency, (61)) | (5)
1=0 1=0

where @ is the concatenation operator and ®(x) = h, o

...0hy(z) is an n-layer MLP with ReLU activations. The
architecture is shown in Fig. 2.

Following [1], we train two models of this type to sepa-
rately model spatially coarse and fine predictions. The second
model evaluates points on the ray sampled from regions
of ¢t where the first model has resulted in higher density
predictions. All points are used to render the projection of a
ray. We find the sinusoidal positional encoding used in [1] to
hinder the learning of the physical movement associated with
traversing the DOF value ranges. Consequently, we substitute
it with the [—1, 1]-normalized original joint values, resulting
in 3 + k-dimensional inputs to the model.

Learning from a one-camera setup. To circumvent the
need for multiple cameras observing the robot to produce the
neural field, which limits real-world applications, we harness
the mobility of the robot’s base. Given the robot’s configu-
ration @ and the camera pose as camera-to-world transform
T, we enforce the first DOF to be the base rotation. For a
front-facing camera pointing at the center of the robot with
zero pitch and roll, rotating the object at its base is equivalent
to rotating the camera about the upward axis. Hence, multi-
view consistency for the density predictions can be enabled
by assigning (YT.)" < R.(0p)“ T, and 6} < 0.

Curricular training data. Due to the large space of
configurations and the serial dependence among the k£ DOFs,
the most distal joint’s position depending on all k—1 previous
DOFs, learning a high-DOFs neural field is difficult. Thus,
the training data generation approach is crucial to the success
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of the model inferring the correct marginal influence of each
DOF. We propose a curriculum-learning-inspired sampling
approach. For the set of all DOF indices © = {l}f:ll, we
compute the powerset containing all subsets of © and sort it
in ascending order by magnitude, excluding the empty set:
Se = {s}sce. For each set of DOF indices s € Sg, samples
are generated by uniformly randomly sampling values from
the permissible ranges of the DOFs in s. The values of
the remaining DOFs are fixed to zero. Thus, we encourage
learning the contribution of each DOF first by itself and
then in combination with other DOFs in order of increasing
complexity, until all DOFs are interacting. For example,
0t =[0 6,~Dy 0 0 64~ Dy 0], (©
where D; = (0™, 6™"*)). We find shuffling the images
such that images with different numbers of active DOFs lie
in the same batch to improve the training performance.
Training. We optimize the model via a photometric mean
squared error (MSE) loss between ground-truth CP*®J and
rendered pixels C. Our experiments suggest that keeping the
RGB output improves training performance. Nonetheless, the
density prediction is the only output kept to be used in the
self-model after training. To train density-output-only high-
DOFs neural fields, the MSE loss may be used between
binarized images and renderings with c set to black.

B. Neural-Field Self-Model and Applications

Self-model. The trained map fg is an implicit full-body
kinematic model of the robot since it enables the recon-
struction of its shape conditioned on its joint configuration.
Learning this model only from annotated 2D images replaces
the need to know the robot geometry altogether.

Motion planning: Reaching a target via inverse kine-
matics. Extending [7], we demonstrate motion planning as an
inherent downstream application of the model. Due to the dif-
ferentiable forward prediction of the density of a point given
the configuration, we can compute the inverse kinematics,
that is the configuration such that a point is occupied. For this
purpose, the MLP parameters are fixed, and the input joint
values are optimized via projected gradient descent (PGD)
to minimize the delta to the desired density.

By choosing appropriate points, the robot can, for ex-
ample, compute how to reach an object. Furthermore, by
selecting the initial configuration of the optimization to be the
current configuration of the robot and acting in an obstacle-
free environment, the inverse kinematics optimization steps
can be cast as a path to reach the target. Precisely, given
information about the target, we uniformly sample N points
from its surface Oy = {xW}N and query the robot’s
density on them, leveraging that density on the surface above
a threshold 7 indicates touch. In the fine model, starting from
a no-touch configuration (°), we minimize the following
loss, which will be < 0 when the target is reached:

L(6,0.) = min [~a(fa(x,0))] + 7 ™

The final ReLLU activation at ®pp’s output unit for o is
removed to produce non-zero gradients. To enforce that the

final joint configuration and every step of the optimization
are within the joint limits, after each step of size 7 the
joint values are projected back into the k-dimensional ball
representing the permissible ranges:

OL(0W, 0,)
59

If only the inverse kinematics task is required, random initial-
izations of the configuration can accelerate the optimization.
Motion planning: Configuration space. For more com-
plex constraints and in the presence of obstacles, customary
motion planning algorithms can be used with the self-model.
Any planning algorithm using the configuration space, that
is the binary map over the k-dimensional space of possible
configurations indicating which configuration is collision-
free, is compatible with the implicit kinematic model. Given
the neural density field and information about obstacle(s) in
the scene, a configuration is valid if the maximum density
of the robot among N uniformly sampled points from the
volume of the obstacle O, is below a threshold. Thus,
sampling-based motion planning methods that search the
configuration space, such as Probabilistic Roadmap [36] or
Rapidly-exploring Random Trees (RRT) [37], can be used.
The membership in the configuration space is queried as:

True
Qo) = {False

. (maxz) .
oU+1) Hz(mm) W —p (8)

ift maxxeo, [a(fo(x,0))] < T
else.

(©))

IV. EXPERIMENTAL SETUP

We demonstrate our method on a simulated 7-DOF robot.

Training distribution. We apply the curriculum data
generation described above with 16 different configurations
per set s and 6 random base rotations sampled anew for each
configuration, totalling 5,588 annotated 400 x 400 images.
We generate the images in simulation of the Panda robot [38]
with 7 joints and a rotatable base (k = 8), using the Pybullet
simulator [39]. We group batches of 15 images and, to avoid
overfitting to one batch, only process 10, 240 rays per image.

Training. We use the described architecture with 3-layer
DOF-individual encoder MLPs, 1-layer coordinate encoder
MLPs, 2-layer group encoder MLPs, and the final 7-layer
density MLP. We train using the Adam optimizer for
1,320,000 steps with a learning rate of 4e¢ — 5 and optimize
the parameters of all MLPs together.

Visualizations. To visualize the predicted self-model, we
produce point clouds by querying the field from two camera
poses at the front and side of the scene on the y- and
z-axes. Points with alpha values above 0.015 are kept,
determining the isolevel. On the fused point cloud, marching
cubes [40] reconstruction is applied to generate a triangle
mesh, followed by hole repair and Taubin smoothing [41]
algorithms. To visualize the ground truth, we simulate the
true robot model in Pybullet. The ground-truth point cloud
for a joint configuration is the fusion of six point clouds
from RGB-D images obtained from two camera views per
axis, one at either end, with the view centered at the object.
The mesh is then produced identically to the predicted mesh.
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TABLE I
SPATIAL DISTANCES BETWEEN PREDICTED AND GROUND-TRUTH SELF-MODEL MESHES IN RANDOM TEST CONFIGURATIONS AND ACROSS TEST SET.

[ Distance metric [[ configa configb configc  configd confige [ test set (n=30) |
Chamfer-L2 (m) | 017 .019 .053 .013 .013 .024
Chamfer-L2 (% of workspace-z) | 1.35 1.51 4.22 1.06 1.07 1.94
Surface area IoU 1 501 479 408 571 572 496
Hull volume IoU 1 .685 .607 336 714 .690 573
Ground .
truth {j’\‘? g ¢
top view ‘% Q
<l & & S
front view
Prediction
front view
top view

o® =10.0,-0.89,1.26,2.36,
—0.62,-1.92,2.47,-1.77]

0@ = [0.0,—1.77,—1.62,
2.36,-0.62,—-1.33,0.0,0.89]

Fig. 3.

09 =[0.0,-2.80,-1.62,—1.77, 8@ = [0.0,—1.48,0,—0.59,
—1.24,-2.80,2.28,—0.30]

9 = [0.0,-1.92,0.18,0.59,

—2.48,-1.33,1.33,0.89] —1.24,-2.95,0.76,0.89]

Self-model results: Predicted vs. ground-truth meshes, smoothed and reconstructed via marching cubes from point clouds generated by querying

the high-DOFs neural density field in the given random test configuration. The configurations are shown in radians. Please also see suppl. video [35].

Metrics. To assess the quality of our model, we compare
the ground-truth against the predicted meshes. First, we use
the customary Chamfer-L2 distance, the shortest Euclidean
distance of a point in a set to any point in the other set,
applied symmetrically and averaged over all points. This
returns an average spatial offset per point. We generate the
point sets by sampling uniformly from the mesh surfaces.
Second, as measures for the spatial similarity of the shapes,
we compute two intersection over union (IoU) metrics. Both
are based on a union point cloud, constructed by fusion, and
an intersection point cloud, constructed by keeping points
with a negative signed distance to the mesh defined by the
other point cloud. We compute a 2D metric, relating the
surface areas of the meshes reconstructed from the point
clouds, and a 3D metric, relating the volumes of their convex
hulls, produced from uniformly sampled surface points.

V. RESULTS

Neural-field self-model. We show the predicted meshes
from the 7-DOF robot self-model for five random test
configurations from a fixed view in Fig. 3. It can be observed

that in each configuration, the prediction follows the shape of
the ground truth, subject to small deviations in the rotations
of smaller parts of the body. For the shown samples, this
indicates that the model learned to correctly approximate
the shape from the configuration, despite the large space of
possible configurations. We find that density scales with the
certainty in the prediction and that despite the solid material
of the robot, most of the non-zero density values are in the
lower regime as opposed to close to one. Consequently, the
threshold selection, that is the marching cube isolevel, is a
significant hyperparameter since it controls the sensitivity
with which sampled points are included. A too high value
may exclude parts of the body in whose prediction the model
is less certain. Due to the serial dependence among the DOFs
- the first link’s density only depends on the first joint value,
whereas the seventh link’s density depends on all previous
joint values - those excluded parts are the upper parts of the
body. The highest density values belong to points in the base
of the robot, which remains static. In addition, the querying
resolution determines the trade-off between computational
cost and approximation of the true predicted model.
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Fig. 4. Motion planning results: A) Joint value optimization via input PGD. A density loss is minimized when the sphere (green) is touched. B) RRT
planning in config. space to intersect a point (green). The query model rejects samples with density on the obstacle (red). Please also see suppl. video [35].

In addition to the qualitative evaluation, numerical results
on the spatial distance metrics are provided in Table I. As
the most important metric, the mean of the Chamfer-L.2
distance for the test set is 1.94% relative to the length of the
shortest dimension of the workspace of the robot, 1.254m
along the vertical axis. This indicates that, on average, each
point on the mesh that was reconstructed from the points
in the volume predicted to have sufficiently high density is
close to a point on the robot’s true surface given the queried
configuration. Greater variance can be observed for the two
IoU metrics. For the volume-based IoU, this is due to the
constraint that the hull must convexly contain all points of
the surface point cloud so that outliers have a large effect on
its shape and, thus, volume. In addition, while marginally off-
positioned predicted robot parts can still produce moderate
Chamfer-L2 distances, these parts may not or only partially
intersect with the ground-truth parts, leading to a lower value.
The surface area is similarly outlier-sensitive and depends on
the smoothness of the surface, which is not reliably given.

Motion planning. In Fig. 4, PGD- and RRT-generated
trajectories are shown. The task for the former was to touch
an object in an obstacle-free environment, while the task for
the latter was to circumvent an obstacle to move from a start
to a goal position. For PGD, the joint-limit-projected opti-
mization results in valid trajectory steps. The robot moves
itself into a configuration in which the sphere is touched such
that the density on a surface point is above the threshold
(t = 0.6). Unlike in classical kinematics, the part touching
the target can be different from the end effector. However,
distant start configurations may stop in local optima before

reaching the target, rendering the learning rate a crucial
hyperparameter. In addition, 7 controls the closeness to the
target in the final configuration. In those challenging cases,
neural-field-based RRT reliably finds valid trajectories. In
Fig. 4, the robot is able to move around the obstacle to
reach its goal position. This approach is computationally
more expensive since the neural field is queried extensively
to construct the tree. Similarly, the strategy for sampling from
the obstacle’s volume impacts the performance and runtime.

VI. CONCLUSION AND OUTLOOK

We propose dynamic neural density fields conditioned on
high DOFs. To this end, we introduce a hierarchical MLP
architecture and curricular data sampling strategy. We use
this method to learn the first neural-implicit self-model of a
robot without depth or geometry information and from one
camera, which can be used in lieu of a classical kinematic
model. Future work may explore limiting the training data to
more sparsely observed DOFs configurations and removing
the need for camera parameter annotation via automatic esti-
mation. In navigation and manipulation tasks, the integration
of our approach, which models the robot, with previous work,
which models the robot’s environment, would be beneficial,
as well as an extension to multi-robot setups. We highlight
the usability of our method for dynamic object-centric scenes
outside robotics in general DOFs-controlled environments.
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