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1 Scalable quasi-static self-modeling for physical
: legged locomotion

5 Yuhang Hu!, Robert Kwiatkowski?, Boyuan Chen?;
Philippe Martin Wyder!, Hod Lipson'

'Department of Mechanical Engineering, Columbia University, New York, NY, USA
2Department of Computer Science, Columbia University, New York, NY, USA
3Data Science Institute, Columbia University, New York, NY, USA

4 Self-modeling refers to an agent’s ability to learn a predictive model of its
5 own behavior. A continuously adapted self-model can serve as an internal
6 simulator, enabling the agent to plan and assess various potential behaviors
7 internally, reducing the need for expensive physical experimentation. Self-
8 models are especially important in legged locomotion, where manual model-
9 ing is difficult, reinforcement learning is slow, and physical experimentation
10 is risky. Here, we propose a Quasi-static Self-Modeling framework that fo-

1 cuses on learning a predictive model only of high-level quasi-static dynam-

12 ics, rather than a continuous model. Experimental results on a 12-degree-of-
13 freedom-legged robot demonstrate improvements over model-free and tradi-
14 tional model-based continuous approaches. Using 80 diverse robot morpholo-
15 gies, we confirm a correlation of 122=0.94 between the improvements rendered
16 by our method and the DoF of the robot, suggesting that as future robots in-
17 crease in complexity, this approach will become more valuable.

*Current address: Mechanical Engineering and Materials Science, Duke University, Durham, NC, USA
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Introduction

Self-Modeling is a concept that spans different disciplines, including human cognition, animal
behavior, and robotic systems (/—3). The term refers to the process where an agent, whether
biological or artificial, learns to construct some internal representation of its own physical prop-
erties, encompassing various aspects such as morphology, kinematics, and dynamics (4, 5), as
well as sensing, actuation, control and even planning.

Most robots today are trained, at least partially, inside some simulator, but these simulators
are typically designed by a human engineers who decide what to model and how. In contrast,
self-modeling involves an agent learning to simulate itself based on its ongoing experiences
in the world. The advantage of an agent creating its own simulation include the ability for
the simulator to keep up with changes through the lifetime of the agent, as well as the ability
to create a simpler and more efficient simulator that captures only on aspects relevant to the
agent’s goals.

Previous studies showed the use of self-modeling in robotics to accomplish various tasks.
For instance, Bongard et al. presented a self-modeling algorithm for a quadrupedal walking
robot with an unconventional motor layout (6). However, this model relied on a basic simu-
lator, which necessitated a dependency on known physics and mechanics, and therefore was
not a fully data-driven approach. A more recent study of self-modeling successfully predicted
outcomes without relying on any known physics, but was limited to just the end effector of
a robot (7). Chen et al. proposed a fully-body visual self-modeling approach that learns the
3D shape and kinematics of the entire body of the robot as a statistical model, to achieve 3D
motion planning and control (3). Additionally, Hu et al. introduced an egocentric visual self-
modeling technique that allows the robot to utilize purely 2D visual perception for performing

basic dynamic prediction for locomotion (8).
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Deep reinforcement learning for robot locomotion

Reinforcement learning allows agents to automatically approximate ideal behavior based on in-
teraction with the environment, while maximizing some notion of cumulative reward to achieve
a goal (9, 10). Reinforcement learning (RL) has proven to be a powerful tool for controlling
legged robots (//-27). However, the large amount of data needed to generate policies and
the instability of those policies has posed substantial challenges to application of in real-world
environments, especially in fields such as legged locomotion where collection of data is ener-
getically costly, risky and slow (28-32).

Reinforcement learning that also learns a model of the world (Model Predictive Control,
MPC) can be used to reduce the data requirement model-free reinforcement learning. An agent
first learns a model of the world that can predict future states (33—35). The key advantage of
model-based reinforcement learning is data efficiency. Compared to model-free reinforcement
learning, it allows the agent to learn more about the environment from fewer interactions (36).
However, model-based approaches face challenges regarding world model accuracy, particu-
larly in complex environments.

Accurate learning of complex, high-dimensional systems is generally difficult, and inaccu-
racies in the model can lead to local optimal policies (36—38). Further, the need for planning in
model-based methods can add to computational complexity, which is not suitable for real-time
applications (39, 40). While many general-purpose algorithms have been proposed to address
the inaccuracies inherent in the learned world models, applying model-based reinforcement
learning specifically to legged robots in the real world remains relatively sparse (47—45).

One approach to reducing the challenges of model-based reinforcement learning is to de-
compose the world model into a self-model (which covers just the agent), and everything else”.
As the tasks and environments change, the self remains relatively stationary. Therefore, learn-

ing a self-model rather than a world model, can be more tractable and scalable in the long term.
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It can also allow task transfer and skill retention across a changing body. The key question we
address in this paper is how to create an effective self model, especially for systems that involve
complex kinematics, such as legged robots.

Robotic systems typically oscillate between static and dynamic phases - for instance, a
legged robot transitioning between airborne and landing states during locomotion. This behav-
ior informed the design of our Quasi-static Self-Modeling framework, which distinguishes itself
from traditional model-based reinforcement learning.

A quasi-static model is designed to learn the dynamics and predict future states, focusing
solely on predicting the changes between static waypoints. This is a marked contrast to conven-
tional world models that aim to approximate a continuous model of the dynamics by predicting
every interaction of an agent at small intervals, without regards to which parts of the motion
are more salient than others. Our inspiration is the observation that while running, we humans
likely spend more time predicting the placement of our next footstep than predicting our precise
pose in mid flight in between footsteps.

Compared to model-free reinforcement learning, The data collected for QSM is used to
predict the next quasi-static state without understanding the full underlying dynamics, thus sig-
nificantly reducing the amount of data required. Our method thus improves sampling efficiency
and stable performance. We also demonstrate a linear increase in utility with the robot’s com-
plexity, an advantage that is particularly important in training future robotic systems with higher
degrees of freedom.

The primary contributions of our study can be summarized as follows:

1. We introduce a quasi-static self-modeling framework that offers improved sampling effi-
ciency and stable performance in a robot locomotion task compared to model-free and model-
based reinforcement learning.

2. We demonstrate a linear increase in the utility of quasi-static self-models with the com-
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plexity of the robot, providing prediction of the the value of self modeling to future legged

locomotion system.

Quasi-static self-models for robot locomotion

In this section, we detail our method of constructing a quasi-static self-model for the locomotion
task. Traditional robotic self-models typically operate in an offline dataset paradigm where
task-agnostic data is obtained through motor babbling. The primary goal of this approach is
to forecast the entire dynamics and kinematics of the robot. This method proves successful
for low-degree-of-freedom machines and fully-actuated robots as it effectively captures their
relatively straightforward dynamics.

However, when applied to the underactuated, high degree of freedom legged robots, this
approach faces substantial challenges. The inherent complexity of the dynamics and kinematics
of legged robots makes constructing an accurate dynamic model via the traditional method
challenging. The offline data collection strategy is based on motor babbling, which leads to
different distributions of the training data set compared to experiences of the robot locomotion
when applied in the context of locomotion. Motor babbling requires a large amount of data to
train a model that can accurately predict the states during locomotion tasks (Fig. [2b the dashed
line).

We introduce a novel self-modeling approach for robots that is more data efficient and ex-
cels in task-specific learning. The resulting self-model operates in an incremental learning
framework that self-improves through exploration and exploitation (Fig. [I). The quasi-static
self-model input consists of the robot’s current state and action, as shown in FigurdI] The ac-
tion input is comprised of two elements: the motor babbling action (Ab) and the recommended
action (Ar). The Motor Babbling action, a set of random actions, serves as the exploration.

Meanwhile, the recommended action is a calculated action based on the highest predicted re-
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Figure 1: The pipeline begins with the robot current state being replicated to match the shape
of the input action, which is then concatenated with the input action. Given that the batch size
equals the number of actions, each state-action pair generates one Predicted State (PS) for the
next time step t+1. Following this, the reward function computes the Predicted Reward (PR)
using the PS. The action associated with the maximum PR is selected as the Recommended Ac-
tion (Ar) and is subsequently executed in the real environment (Env) to yield the Ground Truth
Next State (NS). Finally, the Quasi-static Self-Model is updated with the data consisting of the
current State (S), Ar, and NS, setting the stage for improved state predictions in subsequent
epochs.

ward. The recommended action is generated using a reward function that is dependent on the
predicted state, reflecting the model’s current understanding of the environment. Once deter-
mined, the recommended action is executed in a physical simulation environment (Env), which
produces the ground truth next state.

In each training epoch, the algorithm synthesizes the current State, the recommended action,
and the observed next state, utilizing this data to incrementally train and refine the self-model.
The model starts with a reliance on Motor Babbling for its input actions due to the limited
knowledge it possesses at the beginning.

As the algorithm progresses, it transitions to using a variation of the previous best actions,
modified by adding Gaussian noise. This creates new actions that are similar to the previous
best actions and allows the model to explore the space around known good actions. This method

ensures consistency by limiting the range of exploration. Various traditional exploitation-
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exploration tradeoff strategies can be used.

Through successive iterations and data collection, the quasi-static self-model continuously
improves its predictive accuracy of the next state, enhancing its overall effectiveness and relia-
bility over time. The data is collected by the MPC controller. In contrast to the uniform action
space distribution produced by the initial motor babbling, the MPC provides a data distribution

focused on robot locomotion.
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Figure 2: a. Comparison of Joint Position Data for Quasi-static Self-Modeling vs. Contin-
uous Model: This figure illustrates the joint position (in radians) over time for the Quasi-static
Self-Modeling (QSM) approach versus a continuous model during sinusoidal locomotion tasks.
The x-axis represents time, while the y-axis represents the joint position in radians. Each circle
represents a single sample point. b. Performance comparison with respect to the num-
ber of utilized samples: The blue curve signifies our method, reaching over 7.0 rewards after
600 steps and subsequently converging, while the offline method without MPC to update the
self-model during data collection requires 2400 steps to achieve comparable performance using
motor babbling. Both methods use the same quasi-static action. The models were trained 3
times and used to perform forward locomotion via model predictive control 1000 times, illus-
trating the superior efficiency of our method in terms of sample utilization.
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In comparison to continuous models, our QSM approach demonstrates significant advan-
tages in handling data for locomotion tasks. Our framework is structured as a Markov Decision
Process (MDP) (46), but with a sequence of steps amalgamated into a dynamic process gen-
erated by a sinusoidal function. This adjustment allows for smoother and more natural robot
movement, inspired by the principles of Central Pattern Generator (47).

We present a plot comparison illustrating the data utilized for both the quasi-static and con-
tinuous models during sinusoidal locomotion. Due to the randomization of parameters in the
sinusoidal function, the QSM data is noticeably less fluctuant than that of the continuous model
(see Fig[2]a). The parameter randomization reduces high-frequency oscillations and results in
a smoother, more stable learning process. In contrast, the data for the continuous model (repre-
sented by the more oscillating curve) exhibits greater variability with high-frequency changes,
denoting a more dynamic state and posing higher computational demands and potential insta-

bility.
Robot complexity and the utility of Quasi-static Self-Modeling

Researchers have dedicated immense effort toward the development of robust gait policies that
optimize the locomotion of their robots. Through the application of reinforcement learning al-
gorithms, robots are now capable of achieving dynamic, stable, and efficient locomotion across
a variety of challenging terrains and tasks. However, much of this work has been primarily fo-
cused on single, specific robotic platforms. The controllers and policies developed are typically
tailored to the intricacies of a particular robot. Hence, their generalizability to other platforms
with varying degrees of complexity remains an open question.

Robotic complexity, often characterized by factors such as the number of degrees of free-
dom, variety in actuator types, and the intricacy of sensorimotor coordination, can significantly

influence the design, training, and performance of reinforcement learning algorithms. This
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study sets out to explore these understudied areas, looking into the relationship between robotic
complexity and model-based reinforcement learning. In doing so, we hope to provide insights
and methodologies that can guide future research efforts and enable the broader application of
reinforcement learning to increasingly complex-legged robotic systems.

In this study, we developed an experiment involving 80 distinct robotic systems. These
systems are characterized by a variety of configurations and complexities, which will allow us to
gain a broader and more nuanced understanding of the relationship between robotic complexity
and the value derived from model-based training. The novelty of our approach is also shown in
the small amount of data required for training our self-model. The data efficiency of our method
outperforms other studies. For instance, the training of a Minitaur robot required a staggering
45,000 control steps in previous work by Yang et al., while Bellegarda et al. required ’a few
million time steps’ for training a Unitree A1l robot (/4, 48). In contrast, we utilize a compact
dataset of merely 600 steps to train our quasi-static self-model, which is substantially smaller
by several orders of magnitude compared to the aforementioned studies.

To justify this choice of data volume, we conducted experiments where we trained the mod-
els with different datasets of varying sizes, ranging from 300 to 600, 1200, 1800, and 2400
steps. The experimental process commenced with the training of the models. Subsequently, the
robots employed these models to predict the subsequent state using Model Predictive Control
(MPC) controllers. For each experimental trial, the coefficients of the objective function were
randomized 100 times, with the maximum reward logged for each randomization. To ensure
the consistency and robustness of our results, this data collection, model training, and testing
process was replicated three times for each data volume, thereby providing a comprehensive
evaluation of the system’s performance across multiple trials.

The results of these experiments are summarized in Figure 2b. Our findings indicated that a

dataset comprising 600 steps was adequately large to enable the robot to execute basic forward
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locomotion effectively.

Importantly, larger datasets did not yield a proportionate improvement in performance, sug-
gesting that additional data beyond the 600-step threshold did not significantly contribute to
model training. This not only verified the efficiency of our Quasi-static Self-Modeling ap-
proach but also informed our decision to utilize a 600-step dataset for the main experiments.
Through this approach, we ensured that our models were trained using an optimal data volume,

thus guaranteeing efficiency while retaining performance.

Results

Training a locomotion policy in the synthetic environment

In this section, we present the real-world results of combing the QSM with model-free
reinforcement learning-Proximal Policy Optimization (PPO) algorithm to train a locomotion
policy (49). We conduct experiments on a 12-degree-of-freedom (DOF) legged robot, as shown

in Figure 3] Our goal is to train a predictive model for the robot and evaluate the forward

locomotion policy learned with this model using Quasi-static Self-Modeling.

|zIR| nse 1265 ----

10



200

201

202

203

204

205

207

208

209

210

Figure 3: Legged robot locomotion in the real world using PPO trained using the Quasi-
static self-modeling. Our legged robot platform has 12 motors using position control. Each leg
has 3 DoF. The Intel Realsense tracking camera T265 provides the state of the robot. The right
pictures show the robot doing forward locomotion in real-time on the carpet in our lab using the
policy trained by model free RL (PPO) and quasi-static self-model.

Once the quasi-static self-model is established, it becomes a synthetic environment, pre-
dicting the next observation based on the state and action input. The trained model simulates
the response of different actions from the robot, and the policy is trained within this synthetic
environment using PPO.

Our method addresses the shortcomings of conventional reinforcement learning methods,
presenting a data-efficient and effective solution to navigate complex dynamic environments.
The robot locomotion video can be found in Movie 1. In real-world experiments, a robot trained

by our method can reach a forward speed of 0.143m/s, while the baseline PPO cannot perform

any noticeable locomotion at all.
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Figure 4: Performance comparations of quasi-static Self-Modeling and PPO on Forward
Locomotion. This plot demonstrates the superior performance of our method (depicted in
blue) against the Proximal Policy Optimization (PPO) baseline (shown in green) in various
robot configurations, represented on the horizontal axis. The horizontal axis represents robot
configurations, while the vertical axis is the maximum rewards obtained by the policy.

Quantitative evaluations for the scaling study were conducted in a simulation only (Figure

211 [A)). We used Gaussian noise to initialize the action space, generating 20 different morphological
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configurations for the same joint hardware (see Movie 2). Each experiment used only 600 inter-
action steps in the simulated environment, as described in the previous section. Subsequently,
we utilized the quasi-static self-model as a synthetic environment to facilitate the training of a
forward locomotion policy via the Proximal Policy Optimization (PPO) algorithm. The transi-
tion to the training phase required no additional data.

In each experiment, we train the PPO with a quasi-static self-model for 24,000 interaction
steps. We provide visual comparisons in the simulation in Movie 2 and Movie 3. The reward
obtained by the robot is proportional to the forward amount and penalizes lateral offset and
heading angle divergence. Through these experiments involving varied robot configurations
and limited interaction steps, our QSM-trained robot consistently outperformed the baseline
model-free RL (PPO). These performance differences were significant and consistent across all
experiments, demonstrating the robustness and generalizability of our method across morpholo-

gies.
Accuracy Comparison: Quasi-static Self-Model vs. Continuous Models

In this experiment, we aimed to evaluate the performance of the quasi-static self-model in com-
parison to the continuous model in model-based reinforcement learning. Specifically, we inves-
tigated the advantage of the quasi-static self-model in achieving better state prediction accuracy
using a 12-degree-of-freedom (DOF) legged robot.

To create a controlled and replicable environment for our investigations, we opted to conduct
our experiments within a simulated platform. The initial phase of the experimental process
involved the utilization of the motor babbling technique to compile a dataset comprising 600
pairs of observed states, actions, and ground truth of the next states for both the world model and
the QSM. The world model (WM) requires the prediction of the full dynamic state, whereas the

QSM targets the prediction of the relatively static state that emerges after the sinusoidal actions.

12
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Table 1: Comparison of Prediction Errors between the Continuous Model (CM) and Quasi-

static Self-Model (QSM)

Ax(m) Ay(m) Az(m) | Aroll(rad) | Apitch(rad) | Ayaw(rad)

CM | Mean | 4.35E-03 | 5.69E-03 | 1.21E-03 | 2.89E-01 1.54E-02 4.68E-02
Std. | 9.37E-04 | 2.73E-03 | 2.02E-04 | 3.66E-01 4.01E-03 2.62E-03

Min. | 3.56E-03 | 3.10E-03 | 1.01E-03 | 2.62E-02 1.06E-02 4.45E-02

Max. | 5.66E-03 | 9.46E-03 | 1.49E-03 | 8.06E-01 2.04E-02 5.05E-02

QSM | Mean | 2.91E-03 | 3.64E-03 | 9.47E-05 | 2.96E-03 2.83E-04 4.00E-02
Std. | 4.00E-04 | 6.38E-04 | 9.83E-06 | 7.21E-04 | 3.82E-05 3.27E-03

Min. | 2.56E-03 | 2.82E-03 | 8.77E-05 | 2.31E-03 2.52E-04 3.76E-02

Max. | 3.47E-03 | 4.38E-03 | 1.09E-04 | 3.97E-03 3.37E-04 4 47E-02

To compare the efficacy of the two models, we adopted the model predictive control (MPC)
methodology, utilizing the trained models to execute a forward locomotion task. This task ne-
cessitated the prediction of subsequent states by inputting the current state and potential actions
into both the WM and QSM. The choice of the subsequent action by the robot was dictated by
the rewards calculated based on the predicted states. To ensure the reliability of our results,
the experiment was executed 100 times. Each run involved the collection of prediction errors
and the ground truth. Table [I] presents the prediction errors for both models regarding the six
robot states including Ax, Ay, Az, Aroll, Apitch, and Ayaw. For each of these parameters,
we assessed the mean, standard deviation, minimum, and maximum errors in order to provide
a comprehensive overview of the model performance.

The results clearly demonstrate the advantage of our method in achieving better state pre-
diction accuracy across all state variables. The experimental results not only demonstrate the
advantage of quasi-static self-modeling in state prediction but also highlight through incor-
porating the self-model into model-based reinforcement learning, the robot can achieve more

accurate predictions, leading to more efficient robot locomotion policy training.
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Quasi-static Self-Model Utility Scales with Complexity

To quantify the relationship between robot complexity and the usefulness of quasi-static self-
models, we compare the performance of the model-free RL (PPO) to our method. The ex-
periments were conducted on a set of 80 different robots, each having an overall morphology
identical to the 12 degrees-of-freedom (DOF) legged robot discussed earlier. To vary the DOF
and control the variable of the robot systems, we selectively froze motor joints. For instance,
for a 4 DOF robot system, only four active motors were allowed, with the remaining motors
kept inactive. For the 12 DOF robot, we manipulate the action space to produce different con-
figurations. To ensure that these configurations are feasible for locomotion tasks, we maintain
symmetry in the robot actuator selection. For each robot, we compared the performance of a
policy trained via our method with that trained via the baseline PPO using the 600 interactive
steps. The PPO policy trained by our method is trained for 24k steps based on the synthetic

environment provided by the quasi-static self-model without additional data.

14



264

265

266

267

268

Model-free RL (PPO) =—e=Our Method

: 1
-§6 ‘/]Tr' l 1

%5 1 J T T T

£ | | i i
<z l

Degree of Freedom (Complexity)

3.5 R-Squared: 0.94

2.5 l

1.5

0.5

Factor of improvement by using self-model
N
\

2 4 6 8 10 12

Degree of Freedom (Complexity)

Figure 5: The results of comparisons: a) Comparative performance of our method (blue curve)
versus the baseline (green curve) with respect to varying degrees of freedom. Our method
consistently delivers increasing average rewards, signifying stable learning effectiveness, while
the baseline PPO declines performance as system complexity increases. b) Scatter plot with
overlaid curve demonstrating the improvement factor achieved by using our self-model method
compared to the baseline PPO method across multiple robots. Each scatter point represents the
ratio of rewards achieved by our method to the baseline, calculated over three runs for each
robot. The distribution includes five robots for 2 and 10 DOF, fifteen robots for 4 and 8 DOF,
and twenty robots for 6 and 12 DOF.

As depicted in Figure [5p, our method can provide stable training even as the robot com-
plexity increases. On the contrary, the PPO model-free algorithm struggles with limited data,

resulting in an insufficiently trained policy. Consequently, when the complexity of the robot

increases, and the action space expands, the average rewards for the baseline PPO method tend
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to decline. Our quasi-static self-model method maintains the performance, demonstrating its
robustness and data efficiency in handling more complex robotic systems with limited data.
In FiguregSh. We calculate the factor of improvement by using quasi-static self-models for 80
robots. All the data points are calculated three times from data collection to the test experiments
using MPC. The ascending curve exhibits a strong positive correlation with an R-squared value
of 0.94, indicating that our quasi-static self-modeling method becomes increasingly beneficial
for more complex robotic systems. Further visual evidence of our method’s efficacy is provided
in Movies 4 and 5, which showcase the locomotion results for all the robots involved in this

experiment.

Discussion

We demonstrated the effectiveness of our quasi-static self-modeling framework through ex-
periments on a 12-degree-of-freedom legged robot. The results showed that our method out-
performed the baseline model-free Proximal Policy Optimization (PPO) algorithm in terms of
forward locomotion. The quasi-static self-modeling approach allowed the robot to achieve a
forward speed of 0.143 m/s, while the baseline PPO failed to produce any locomotion.

We also evaluated the performance of the quasi-static self-model in predicting robot states
and found that it outperformed a traditional world model in terms of state prediction accuracy.

Furthermore, we investigated the relationship between robotic complexity and the utility
of quasi-static self-modeling. Our experiments with 80 different robot configurations demon-
strated that the utility of the quasi-static self-model increased with the complexity of the robot.
This finding highlights the potential of our method for training complex robotic systems with
limited data.

However, there are several limitations and potential areas for future improvement. First, our

experiments focused on forward locomotion, and it would be interesting to investigate the appli-
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cability of our approach to other locomotion tasks or complex robotic behaviors. Additionally,
while our method demonstrated robust performance in different robot configurations, further re-
search is needed to explore its scalability to more advanced-legged robot platforms with torque
control. Moreover, the generalization capability of policies trained using our method to unseen
environments or variations in robot morphology should be examined.

In conclusion, our quasi-static self-modeling framework presents a novel approach that
bridges the gap between self-modeling and reinforcement learning, enabling efficient and stable
policy learning for complex robotic systems. The quasi-static self-modeling approach offers a
promising solution for data-efficient and stable training of robots in real-world environments.
By leveraging self-modeling, robotic systems can acquire a deeper understanding of their own
dynamics and kinematics, leading to more intelligent and adaptive behavior in real-world envi-

ronments.

Supplementary materials

Legged Robot Configurations

In this supplementary section, we provide detailed information about the 80 different configu-
rations of the robot used in our experiments. These configurations were designed to vary the
degrees of freedom (DOF) and control variables of the robot systems, allowing us to explore

the relationship between robotic complexity and the utility of quasi-static self-modeling.
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Table 2: Robot name and activated motor identification

Name | Motor ID | Name Motor ID Name Motor ID

200 [0, 9] 600 |1[0,1,2,9,10,11] | 800 [0,2,3,5,6,8,9, 11]
201 4, 7] 601 [0,1,3,6,9, 10] 801 |[0,1,2,3,6,9,10,11]
202 [1, 10] 602 [2,4,5,7,8,11] 802 |10,1,2,4,7,9,10, 11]
203 [5, 8] 603 [0, 3,4,6,7,9] 803 |1[0,1,2,5,8,9,10, 11]
204 [2, 11] 604 [0,1,5,8,9, 10] 804 [0,3,4,5,6,7,8,9]

400 [0, 3, 6, 9] 605 [0,2,3,6,9,11] 805 [1,3,4,5,6,7,8,10]
401 [0,4,7,9] 606 [0,2,4,7,9, 11] 806 [2,3,4,5,6,7,8, 11]
402 [0, 5, 8, 9] 607 [0,2,5,8,9,11] 807 [0,1,3,4,6,7,9, 10]
403 | [1,3,6,10] | 608 |[1,2,3,6,10,11]| 808 [0,1,3,5,6,8,9, 10]

For each configuration, we describe the specific motor joints and their activation status. By
selectively freezing motor joints and maintaining symmetry in the selection of active motors, we
ensured that the configurations were feasible for locomotion tasks while varying the complexity
of the robot. Fig. [6|shows the motor identification of our legged robot. Table[2]lists the activated

motor identification for the 60 robots which has frozen motors. The remaining 20 robots use all

Figure 6: Robot motor identification. Each leg has three motors.

12 motors and Gaussian noise 0.2 for the action space to create new configurations.
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Architecture and usage of the model

The neural network model used in our quasi-static self-modeling framework is implemented
as a neural network with five fully connected layers. The input layer takes the concatenated
state and action as input and is followed by three hidden layers with a size of 128 each. The
final output layer produces the predicted next state vector. The activation function used in the
hidden layers is the hyperbolic tangent. During the forward pass, the input is passed through
the layers, applying the activation function after each hidden layer. The output of the final layer
represents the predicted next state. The loss function is calculated as the mean squared error
between the predicted next state and the target next state. This architecture enables the quasi-
static self-model to learn the relationships between the current state, action, and subsequent

state changes.

Data Representation and Reward Function

In this section, we discuss the data representation used in our quasi-static self-modeling frame-
work for robot locomotion.
The state representation refers to how we encode the information about the robot’s current

state. In our framework, the state representation consists of an 18-size vector:

* Az, Ay, Az: These variables represent the changes in the robot’s position along the x, y,

and z axes, respectively.

* Aroll, Apitch, Ayaw: These variables capture the changes in the robot’s orientation or

roll, pitch, and yaw angles.

* Joint angles: The vector includes the joint angles of the robot, providing information

about the motor position.
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The action representation refers to how we encode the robot’s actions in a format suitable
for learning. In our quasi-static self-modeling framework, the action representation consists
of 16 parameters that control the generation of a sinusoidal curve. This action representation
enables the robot to produce smooth trajectories during locomotion.

The reward function for the MPC controller and PPO policy training is defined as:
r=a-Ay—b-|Ayaw| — ¢ |Az| (1)

Here Ay is the change in the forward axis, Ayaw is the change in yaw (rotation around
the vertical axis) and Az is the change in the lateral axis. a, b and ¢ are constants that control
the relative importance of moving forward, minimizing yaw change, and minimizing lateral

movement. During PPO policy training, a, b and c are 3, 1, 0.5.

Parallelization Strategy for Efficient Training and Enhanced Stability

Our quasi-static Self-Modeling approach leverages the synthetic environment not only for effi-
cient training but also for facilitating easy parallelization of the training procedures. This paral-
lelization capability is particularly advantageous in mitigating the instability issues commonly
associated with Proximal Policy Optimization (PPO).

In traditional reinforcement learning, PPO sometimes fails to produce an effective pol-
icy, necessitating complete retraining and resulting in substantial real-world data waste. Our
method, however, allows for the simultaneous training of multiple PPO instances, each under
a different initial seed within the synthesized environment. This parallelization strategy ac-
celerates the training process and results in the generation of multiple unique policies without
requiring additional data.

The value of this strategy extends beyond simply speeding up the training process; it also
presents a crucial advantage in handling the inherent instability often encountered with model-

free reinforcement learning. Policies exhibiting early signs of failure can be promptly identified
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and discontinued, preserving vital computational resources. Concurrently, more promising poli-
cies can be selected and pursued for further training, ensuring the efficient use of resources and

optimizing the chances of achieving effective locomotion policies.

Movies and Code

Movie 1: A comparison between our method and the Proximal Policy Optimization (PPO) base-

line in real-world environment.

Movie 2 and Movie 3: Demonstrations of 20 different 12-degree-of-freedom (DOF) robots us-

ing our method and the PPO baseline in a simulation environment. Each robot experiment was

repeated three times.

Movie 4 and Movie 5: Simulation Results for 2 DOF to 12 DOF Robots These videos demon-

strate the simulation results obtained from 60 robots, ranging from 2 DOF to 12 DOF, using our

method and the PPO baseline. Each robot experiment was conducted three times.

The source code for our method and experiments is available on GitHub at: https://github.com/H-

Y-H-Y-H/OSM
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