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Abstract

We present a system for large-scale generation
of diverse robot embodiments. Unlike existing
approaches that rely on prior knowledge and
thus limit the embodiment design space, our sys-
tem leverages a Variational Autoencoder with a
message-passing graph neural network that can
be trained directly on existing robot designs. As
the Variational Autoencoder learns a continuous
latent space of morphologies, this approach poten-
tially enables sampling thousands of valid, phys-
ically plausible designs. Experiments on syn-
thetic datasets and real robot designs show that
our system can reconstruct unseen robots and
generate novel embodiments that are suitable for
downstream tasks. This paves the way for both
task-agnostic robot generation and morphology-
agnostic policy learning.

1. Introduction

Foundational models in robot learning aim to generalize
the capability to perform a given task, independent of robot
embodiments, environment characteristics or task variations.
Especially in locomotion, a foundational model needs to be
agnostic of the specific robot design in order to be used for
new and unseen robots. To achieve this generalization, a
large number of diverse robots is needed as training exam-
ples. Recent work has shown that increasing the number of
training embodiments improves the generalization to unseen
ones (Ai et al., 2025).

The design space of robot embodiments is large and grows
exponentially with the number of components of the robot.
Therefore, a systematic approach for exploring the numer-
ous design options and based on this, procedurally generat-
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ing new designs is needed. Existing automated approaches
address this through grammar-based methods (Zhao et al.,
2020; Hu et al., 2023), which construct robots from a prede-
fined library of body parts. These methods suffer from sev-
eral drawbacks: they require prior knowledge to define the
component library, restrict design to discrete combinations
and produce robots that might not reflect the complexity
of real-world systems with continuous physical parameters
such as mass, friction, or stiffness.

In this work, we present an end-to-end system that ap-
proaches this problem by using a Variational Autoencoder
(VAE), implemented by a Message Passing Graph Neural
Network (MPNN). The VAE learns a latent space represen-
tation and a probability distribution of robots.

The training examples consist of both the robot kinematic
structures and the attributes of the body parts of each robot.
Instead of predicting discrete components, our method re-
gresses continuous feature values, capturing realistic prop-
erties like mass, geometry and joint specifications. This
enables the generation of physically plausible designs that
are closer to robots already used in research and industry.

2. Related Work

2.1. Evolutionary Algorithms

Evolutionary algorithms have been used for robot design
automation, typically optimizing morphology and control
simultaneously through population-based search methods.
Sims (1994) pioneered the co-evolution of morphology and
control in simulated creatures, while more recent work
by Wang et al. (2019) introduced Neural Graph Evolution
(NGE), which evolves robot structures over arbitrary graph
topologies.

These approaches rely on task-specific fitness functions to
guide the evolutionary process, which require extensive com-
putational resources as each robot morphology candidate
must be evaluated through complete policy learning for spe-
cific tasks. This dependence on task-specific rewards limits
the ability of discovered morphologies to generalize well,
as the fitness landscape changes across different objectives.
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2.2. Cross-Embodiment Policy Learning

A related line of work focuses on policies that generalize
across robot morphologies. Bohlinger et al. introduced the
Unified Robot Morphology Architecture (URMA), an end-
to-end reinforcement learning framework with morphology-
agnostic encoders and decoders. URMA was trained on 16
robots and learns a locomotion policy that is transferable to
unseen robots in simulation and the real world. However, it
remains limited to locomotion tasks.

This idea was extended by studying embodiment scaling
laws (Ai et al., 2025). Using GENBOT-1K, a dataset of
~1,000 procedurally generated robots, they showed that
more diverse training embodiments improve generalization
and enable zero-shot transfer to real robots.

Motivated by this finding, our approach focuses on generat-
ing a large number of diverse robot embodiments that are
independent of a specific objective. These robots can then
be used for downstream tasks like locomotion and improve
generalization abilities.

2.3. Task-Agnostic Morphology Discovery

Recent work has begun to explore the optimization of robot
morphologies without explicit task specifications. Task-
Agnostic Morphology Evolution (TAME) (Hejna et al.,
2021) represents this new approach by using information-
theoretic objectives to evaluate morphologies without task-
specific rewards.

Their method uses mutual information between states and
actions as an approximation for how effective a morphology
is, capturing both its ability to explore and its controllabil-
ity. This approach uses Entropy-based metrics to measure
the diversity of the states a robot goes through and the pre-
dictability of these movements, which provides a statistical
framework for morphology evaluation.

This information-theoretic approach allows us to statisti-
cally differentiate between morphologies based on their gen-
eral capabilities rather than on a specific task performance,
which aligns well with our goal of developing a statistical
view on robot populations.

2.4. RoboGrammar and GLSO

Graph grammar-based approaches have emerged as tools for
constraining the morphological search space while maintain-
ing design diversity. RoboGrammar (Zhao et al., 2020) in-
troduced recursive graph grammar rules to generate terrain-
optimized robots, representing morphologies as directed
acyclic graphs where vertices represent limbs and edges
represent joints.

This grammatical approach ensures physical feasibility

while enabling systematic exploration of the design space.
Building upon this foundation, Grammar-guided Latent
Space Optimization (GLSO) (Hu et al., 2023) combines
graph grammar rules with VAEs to learn continuous latent
representations of discrete morphological designs. GLSO
addresses the computational challenges of morphology-
behavior optimization by transforming the discrete combi-
natorial optimization problem into a continuous one, where
Bayesian Optimization can be applied efficiently. The VAE
learns a mapping between graph-structured robot designs
and a low-dimensional latent space, with training guided
by both reconstruction objectives and robot world-space
features.

This approach enables the generation of large populations of
morphologically diverse robots without having to evaluate
specific tasks, as the latent space captures morphological
similarity based on structural and physical properties and
not on performance metrics.

3. Preliminaries
3.1. Variational Autoencoder

A VAE is a generative model that learns a probabilistic
mapping between the input data and a latent space (Kingma
& Welling, 2014). The model consists of an encoder and
decoder neural network.

In the encoder, the input data x is mapped to a latent distri-
bution ¢4 (z | ), which is typically a Gaussian parametrized
by a mean y and variance o2. The decoder network recon-
structs the input from sampled latent variables pg(x | 2).

During training, the VAE optimizes the Evidence Lower
Bound (ELBO) which balances the reconstruction accuracy
with a regularization term that enforces similarity between
the learned latent distribution and a prior distribution. The
standard choice for this prior is a multivariate Gaussian

p(z) = N(0,1).

After training, new samples can be generated by sampling
from the latent space p(z) and passing these through the
decoder. This probabilistic framework makes VAEs suitable
to procedurally generate a large number of robot embodi-
ments, based on the training examples that were provided.
Consequently, we hypothesize that if the model is trained on
a diverse set of embodiments it is easy to generate a large
number of new robots by sampling from the latent space and
using the decoder and the postprocessing pipeline described
in4.1.

3.2. Message Passing Neural Networks

MPNNSs (Gilmer et al., 2017) provide a general framework
for supervised learning on graph-structured data by abstract-
ing similarities of existing neural network architectures that
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Figure 1. Overview of the end-to-end system, which consists of pre- and postprocessing, the encoder and the decoder. The orange arrows
represent the training loop which consists of encoding the robot designs that serve as training data, computing the loss and performing
backpropagation to update the learnable parts of the system. The purple arrows represents the process of generating new robots by
sampling from the latent space, decoding the latent vector and postprocess to retrieve the .xml MuJoCo file.

take graphs as input. An MPNN operates on undirected
graphs G = (V, E)) with node features z,, and edge features

Cypw-

The forward pass of this architecture consists of two phases,
a message passing phase that runs for 7" time steps and a
readout phase. In the message passing phase, at each time
step, messages m’ ! are used to update the hidden state
representations h!, for each node according to

mf;+1 = Z Mt(hfnhfuaevw) (1)
weN (v)
hytt = Ug(hg, mitt) )

where N (v) are the neighbors of node v in G, and the mes-
sage functions M; and the node update functions U, are
differentiable and learned.

In the readout phase, a feature vector for the whole graph is
computed by

§=R({h; v e G}). 3)
where the readout function R is also differentiable and
learned. Since R takes the final hidden state representa-
tions of all nodes in the graph as input, the function must be
invariant to permutations of the hidden representations to
ensure graph isomorphism invariance.

4. Large-Scale Robot Generation

In the following, the proposed architecture of our system is
described. A schematic overview can be found in Figure 1.

4.1. Abstracting and Processing Robot Designs

Abstracting a robot design requires to capture the connec-
tivity and the attributes of the body parts. For represent-
ing the connectivity, we use an acyclic, undirected graph
G = (V, E) where the vertices (in the following: nodes)
are the body parts. These can represent either links (rigid
bodies) or joints (movable connections). The edges of the
graph represent the connection of two body parts. It should
be noted that the decision for using an undirected graph
was made because, the MPNN we leverage was used for
molecular graph generation, which operates on undirected
graphs and therefore yields worse results when using di-
rected graphs.

The attributes of the body parts can for instance include the
size, position and stiffness. These are stored in a feature
matrix X € R"*4  where n is the number of nodes in
the graph. Each row x; € R is a d-dimensional vector
containing features of node ¢ of the robot graph. Storing
both link and joint features in the same matrix has the caveat
that the matrix becomes large and partially sparse as each
row that represents a link feature has zero entries for the
joint-feature columns and vice-versa.

To train the MPNN, many different robot embodiments are
needed as training examples. Most robot manufacturers
provide a Unified Robot Description Format (URDF) file,
which can be converted to be compatible with physics simu-
lators like the Multi-Joint dynamics with Contact (MuJoCo)
simulator (Todorov et al., 2012).

In this work, we use robot descriptions in the Extensible
Markup Language (XML) format which are already con-
verted to the format required by MuJoCo. To be able to use
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MuJoCo models of existing robots for the training of the
MPNN, we implement a pre- and postprocessing pipeline.

The preprocessing pipeline extracts the adjacency and fea-
ture matrix out of the XML file. The postprocessing pipeline
takes the reconstructed graph and the corresponding features
of the output of the decoder as input and converts them back
to the MuJoCo XML format to use the respective model for
downstream tasks. Currently, the postprocessing only re-
turns the basic MuJoCo XML structure consisting of bodies,
joints and one geometric property per body.

4.2. Encoding Robot Designs

Following the VAE architecture, we use a variant of a
MPNN similar to the one proposed by Jin et al. (2018)
for mapping robot graphs to the latent distribution. A de-
tailed overview of both encoder and decoder can be found
in Figure 2.

In the message passing phase, the messages are updated
using a Gated Recurrent Unit (GRU) (Chung et al., 2014)
adapted for message passing in graphs

m;; = GRU(2, {my i treniy/j) @

where m; ; is the message from node ¢ to node j and x; is
the feature vector of node ¢. Following the MPNN frame-
work described in Section 3.2, the GRU implements the
differentiable, learnable functions M; and U;. To make
the features of the robot body parts processable, we use a
learned linear transformation to project the input features to
the required hidden state dimension:

¥ = WPa; 5)

where 2% is the feature vector projected onto the hidden
state dimension and WP contains the learned parameters for
this projection.

After message passing, in the readout phase, the hidden
state representation h; of node ¢ is obtained by aggregating
the inward messages using a linear layer followed by an
Rectified Linear Unit activation 7 according to

hi =7(Weal + > Umy,) (©6)
kEN(i)

where W€, U* are learned weight matrices. The final hidden
state representation hg of a graph is obtained by taking the
sum of the representations of the leaf nodes

hg - Z hleaf~ (7)

In the final step, following the VAE framework, the graph
representation is passed through two linear layers to obtain
the mean g and variance aé of the latent distribution. The

reparametrization trick (Kingma & Welling, 2014) is used to
maintain differentiability for backpropagation. Additionally
it allows sampling the latent vector zg from a Gaussian
distribution zg ~ N (ug,0).

As a regularization term, the Kullback-Leibler (KL) diver-
gence between the learned distribution and a standard Gaus-
sian prior p(z) = N (0,T) is computed as:

B d
1
Lxr=—-55 YD (tlogal, —pi;—of) ®)
i=1 j=1
where B is the batch size and d is the latent dimension.

4.3. Decoding Robot Designs

The decoder component of the VAE reconstructs the robot
design graph from the continuous latent representation z¢g
through a sequential generation process. Starting from the
root node, the decoder expands the graph in a depth-first
manner by iteratively attaching nodes to the current partial
design. At each generation step, it performs two tasks:
deciding whether to expand the graph and if so, predicting
the continuous feature values of the new node.

The decision of expanding the graph is based on message
passing within the partial graph. Here, messages are prop-
agated through the same GRU architecture used in the en-
coder. Formally, the probability p; of expanding the current
node 7, at time step ¢ is computed as:

pr=o(u - T(Wiz;, + Wszg + WS hii,)),  (9)
k

where o denotes the sigmoid activation, 7 is a ReL.U ac-
tivation, z;, represents the node features, hy, ;, are inward
messages from neighboring nodes and W{, Wy, W are
trainable weight matrices, projecting between the latent,
hidden and feature spaces.

When a new child node j is created from parent 7, our ap-
proach differs from traditional classification-based methods
(Hu et al., 2023) by directly regressing the continuous fea-
ture values of the node. Instead of predicting discrete labels
from a vocabulary (Zhao et al., 2020), the decoder outputs
a continuous feature vector. In addition, a sigmoid acti-
vation is used to determine the node type, distinguishing
between link and joint nodes in the robot structure. The
feature prediction for node j is given by

fi=U'r (Wizg + Wihi ), (10)
sj =0 (U T (Wize + Wihi;)), (11)
where f; denotes the predicted feature vector, s; the pre-

dicted node type, h; ; is the message passed from parent ¢
to child j and WY, Wi, U! and U*¢ are trainable weights.
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Figure 2. Detailed overview of the proposed VAE design. In the Encoder, the messages of the nodes are updated through a GRU. The
features are projected to the hidden state dimension through a learned, linear transformation and the final representation of a graph is
obtained by linear transformations and a ReLU activation. Based on this, the mean g and variance 05 are derived by using linear layers.
The decoder uses a similar MPNN architecture and expands the constructed graph based on topological prediction and feature regression

and categorical prediction for the node type.

The overall decoder loss combines the topological prediction
loss, the feature regression loss and the node type classifi-
cation loss. The topological predictions are trained using
binary cross-entropy between the predicted probability p;
and the ground truth p,. Feature regression is optimized
using a mean squared error (MSE) loss between predicted
features and ground truth features. Node type prediction is
trained with binary cross-entropy loss based on the sigmoid
output s;. The total decoder loss is:

G) = 3 Leprs P +Y [ Lreal g )+ Lope(ss:55)]
t J

(12)
where L. is the binary cross-entropy for topology decisions,
L measures the mean squared error for feature values
and L. is the binary cross-entropy for node type classi-
fication. In the forward pass of the VAE this loss and the
KL-Divergence from the encoder are added and form the
total loss as:

L(G) = La(G) + BLKL (13)

where 3 controls the influence of the KL divergence regu-
larization.

During training, we apply teacher forcing (Williams &
Zipser, 1989): ground truth topology and features are pro-
vided at each step to stabilize learning. At inference time,

the decoder generates the robot design graph autoregres-
sively, relying solely on its own predictions to reconstruct
the structure from the latent representation 2.

5. Experimental Results

To test the feasibility and capabilities of our approach, we
conducted three experiments, one on synthetic data and two
on real robot data. For every dataset, there were mainly two
aspects that we investigated: (1) Is the VAE able to encode
and decode a new, unseen graph that was not in the training
dataset? (2) Does sampling from the learned latent space
yield a new, similar graph?

We chose these two aspects as they effectively capture the
requirements for the input-output flow of our model when
used for large-scale robot generation: In training, the system
receives batches of MuJoCo XML files as input and learns
a general latent space representation, which should gener-
alize across embodiments. This is investigated by (1), i.e.
encoding and decoding an unseen design. Based on this, the
learned latent space can be used to generate novel designs
by sampling and decoding, which is investigated by (2). In
this case there is no new input to the system.

To quantify the reconstruction quality in the following ex-
periments, we introduce two metrics: the Reconstruction
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Figure 3. Experimental results of encoding and decoding the Unitree Go2 robot for the training datasets consisting of 2 and 4 robot
designs. The bottom left and bottom middle graph (orange arrows) show the output of the reconstructed Go2, after the VAE was first
trained on two quadrupeds and then on two quadrupeds and humanoids. When trained on two quadrupeds, the reconstruction of the Go2
worked perfectly. However, when adding two humanoids to the training data, the reconstructed graph falsely contains an additional limb.
The bottom right graph (purple arrow) shows a new valid graph obtained by sampling from the latent space.

Accuracy (RA), which is defined as the ratio of correctly re-
constructed nodes to the total number of nodes in the output
graph, and the Feature Reconstruction Error (FRE), which
is defined as the MSE between predicted and ground-truth
feature values.

For the synthetic examples, we abstracted from a specific
robot in order to directly use adjacency matrices of undi-
rected, acyclic graphs. We started with a small example
dataset of 20 random graphs consisting of 15 nodes each
and five-dimensional feature vectors with random values
between 0 and 1.

For both questions, our VAE yielded promising results on
the synthetic data. It was able to reconstruct the same struc-
ture, i.e. the nodes and predicted the continuous feature
values of an unseen graph with minimal deviation from the
ground truth values. Also sampling from the learned latent
space gave us a valid graph structure. Training plots for
these experiments can be found in appendix B.

Based on this, we continued with real robot data from the
MujoCo Menagerie (Zakka et al., 2022), a collection of
high-quality models of real robots. We focused on robots
that were able to perform locomotion tasks, as the first use
case of our system will be generating robots for downstream
cross-embodiment locomotion policy training (Bohlinger
et al.; Ai et al., 2025). In total, we used 34-dimensional fea-
ture vectors containing the physical attributes of the model,
which are listed in appendix E.

In the first step, we tested the validity of our preprocess-
ing by overfitting the VAE on one robot design. Since the
RA was 100% and the FRE was approximately zero, we
expanded our training dataset to first two quadrupeds and

afterwards added two humanoids (see appendix A). After
training, we tested the VAE on encoding and decoding the
Unitree Go2 robot, which was not in the training data. The
VAE solely trained on quadrupeds was able to reconstruct
the Go2 perfectly with a RA of 100%. However, the VAE
trained on both quadrupeds and humanoids had a RA of
81% and showed a similar but incorrect structure with one
additional limb. After investigation we conclude that the
MPNN falsely predicts one additional node expansion from
the root node. We assume that the MPNN learned that a
node connecting to the root is always expanded to a full
limb which explains the mismatch in comparision to the
input graph.

The continuous feature reconstruction worked well in both
cases with a FRE of approximately 10~ (the additional
fifth limb was excluded from the computation as there are
no ground-truth feature values for it). We hypothesized
that a larger and more diverse dataset would improve the
reconstruction performance of the VAE. The specific robots
that were used for training can be found in appendix A.

Additionally, we sampled a random vector from the latent
space and ran the vector through the learned decoder. This
yielded a valid graph structure but it is arguable whether
this will result in a usable MuJoCo design after applying
postprocessing. The results of these experiments are sum-
marized in Figure 3. The training plots can be found in
appendix C.

To further evaluate our approach, we passed the recon-
structed Unitree Go2 through our postprocessing pipeline
and visualized the result in Figure 4, where it is shown side
by side with the original Unitree Go2. For clarity, we only
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Figure 4. Comparison between the original Unitree Go2 (left) and the reconstructed Go2 obtained from our decoder and the postprocessing
pipeline (right). The reconstruction captures the general four-limbed morphology of the robot, while missing certain parts such as the feet

and head as only one geom is considered per body part.

show the reconstructed version of the robot that has four
limbs, as this allows a direct comparison to the reference
robot. The visualization shows that our reconstruction cap-
tures the general form of the robot, while some parts such as
the feet and head are missing. This happens because the cur-
rent postprocessing only considers a single geom per body
part. Since the main physical properties, such as mass and
inertia, are defined directly in the links, these missing geoms
do not severely affect the viability of the reconstructed robot,
as they are primarily used for visualization and collision
detection.

Based on this, we expanded the training dataset to 17 robots
of the MuJoCo Menagerie. As hypothesized, increasing
the diversity of the training data improved the structural
reconstruction as the encoding and decoding of the Unitree
Go?2 yielded a reconstruction accuracy of 100%. However,
the FRE remained relatively high. This was anticipated as
the FRE directly corresponds to the MSE term in the train-
ing loss, which had not converged after 1500 epochs with
normalized features (see in the training plots in appendix
D). Training for additional epochs would likely reduce this
loss further, but due to time constraints we were not able to
compute longer runs.

6. Discussion and Future Work

Our current work demonstrates the feasibility of using a
VAE framework with an MPNN for large-scale robot gen-
eration. However, several aspects remain open for further
development and evaluation. In the following, we highlight
key directions.

6.1. Postprocessing

A critical component, which needs to be expanded is the
postprocessing pipeline that converts the decoded graph rep-
resentation back into a valid MuJoCo XML file. While our
current postprocessing returns the basic XML structure, the
additional geometric properties present further challenges.

In MuJoCo the geometric properties of a body describe its
appearance and their dimensionality varies depending on the
type. Currently, we only take the default type into account
which limits the usage of the reconstructed model. Adapt-
ing this requires additional changes in the postprocessing
to ensure a valid reconstruction of the learned geometric
properties.

Additionally, the decoded continuous features have to be
mapped to valid physical parameters, ensuring constraints
such as non-negative masses valid joint limits and unit
quaternions. We assume that by providing valid physical
attributes in the training data, the VAE only learns feasible
attributes. This assumption may fail in edge cases such as
joint ranges outside the ones available in MuJoCo, negative
masses or non-normalized quaternions. These cases can be
addressed by simple mapping rules to constrain the output
to the ranges available in MuJoCo, e.g. by clipping nega-
tive masses to zero and normalizing quaternion outputs to
enforce unit length.

These steps are important not only for the visualization of
the generated robots, but also for validating whether our
generated robots are structurally and physically plausible
for simulation and downstream tasks.
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6.2. Statistical View of Robot Generation

The learned latent space does not only enable us to generate
many different robots through sampling, but offers us the
opportunity to analyze robot populations from a statistical
perspective.

By treating the latent distribution as a representation of the
robot design space, one could quantify similarity and di-
versity among embodiments. In future work we plan to
use an entropy-based encoding strategy similar to those
employed in Task-Agnostic Morphology Evolution (Hejna
et al., 2021) to characterize differences between robot mor-
phologies. This approach may provide a statistical way to
understand the learned design space.

6.3. Robot Design Validation

An additional important next step will be to test whether the
reconstructed robots are physically and functionally feasible.
For this, we plan to use a trained locomotion policy on the
original Unitree Go2 and apply it to the reconstructed Go2
produced by our decoder. If the policy transfers successfully,
it would indicate that the generated robot designs are not
only valid in terms of graph structure and features but also
usable in downstream tasks.
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A. Robots included in Training Datasets for experiments
The training dataset for the experiment with 2 robots consisted of: Unitree Gol, Unitree Al.
The training dataset for the experiment with 4 robots consisted of: Unitree Gol, Unitree G1, Unitree Al, Unitree HI.

The training dataset for the experiment with 17 robots consisted of: Agility Piper, Agility Cassie, Berkeley Humanoid,
Booster T1, Boston Dynamics Spot, Fourier N1, Google Barkour VO, Google Barkour VB, PAL Talos, PAL Tiago, PAL Tiago
Dual, Unitree Al, Unitree G1, Unitree Gol, Unitree Go2, Unitree HI and Unitree Z1.

B. Training Plots for Experiments on Synthetic Data
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Figure 5. Training Plots for Experiments on Synthetic Data. For better visibility due to different orders of loss magnitudes, the prediction
loss is clipped at 0.02 and the stop loss at 0.001

C. Training Plots for Experiments on 4 Robots of MuJoCo Menagerie
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Figure 6. Training Plots for Experiments on 4 Robots of MuJoCo Menagerie. For better visibility due to different orders of loss magnitudes,
the plot starts at epoch 500 and is clipped at 0.1 for the prediction loss and at 0.001 for the stop loss.
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D. Training Plots for Experiments on 17 Robots of MuJoCo Menagerie
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Figure 7. Training Plots for Experiments on 17 Robots of MuJoCo Menagerie. For better visibility due to different orders of loss
magnitudes, the plot starts at epoch 200 and is clipped at 10 for the prediction loss and at 0.01 for the stop loss.

E. Physical Parameters used during Training on Robots of MuJoCo Menagerie

Table 1. Features of the MuJoCo models used during training

Feature Node type Description Value Range

range Joint Allowed motion limits for the joint [Omin, Omax]) (radians)
stiffness Joint Joint stiffness (spring constant) >0

axis Joint Axis of rotation / translation unit vector in R?

pos Joint Anchor position of the joint world/local coordinates
armature Joint Added rotational inertia for joint DoF > 0 (kg'm?)

damping Joint Viscous damping coefficient resisting motion >0

frictionloss  Joint Static frictional torque/force before motion occurs > 0

pos Body Body or geom position in frame world/local coordinates
mass Body Mass of the body >0

inertia Body Inertia matrix components >0

quat Body Orientation of body or geom unit quaternion
subtreemass  Body Mass of body + descendants >0

ipos Body Joint anchor position in body frame world/local coordinates
iquat Body Joint orientation in body frame unit quaternion

size Body Geometric size (radius, length, etc.) >0
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