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Abstract 

The development of robust locomotion strategies for bipedal robots remains a 
significant challenge in robotics, particularly when navigating unstructured and 
unknown environments. The Cassie robot, a dynamic bipedal platform with high 
degrees of freedom and underactuated passive dynamics, presents specific control 
difficulties that classical model-based approaches often fail to address adequately due 
to modeling mismatches and computational latency. This paper proposes a novel 
framework utilizing Soft Actor-Critic (SAC), an off-policy deep reinforcement learning 
algorithm, to generate stable gait patterns and ensure robust balance control. Unlike 
standard on-policy methods, SAC optimizes a maximum entropy objective, which 
encourages substantial exploration and provides greater robustness to external 
disturbances. We introduce a comprehensive reward function design and a domain 
randomization strategy that enables the policy to generalize across varying terrain 
irregularities without requiring exteroceptive mapping during the training phase. 
Extensive simulation results demonstrate that the proposed SAC-based controller 
outperforms baseline algorithms in terms of convergence speed, energy efficiency, and 
stability on uneven terrain. The learned policy exhibits emergent behaviors capable of 
recovering from significant perturbations, suggesting a promising pathway for 
deploying autonomous bipedal systems in real-world scenarios. 
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1. Introduction 

The pursuit of agile and versatile bipedal locomotion has long been a focal point in the field of 
robotics research. Anthropomorphic robots possess the unique theoretical capability to 
traverse complex environments that are inaccessible to wheeled or tracked vehicles, such as 
stairs, rocky trails, and narrow corridors. However, realizing this potential requires control 
systems that can manage the inherent instability and high dimensionality of bipedal dynamics. 
The Cassie robot, developed by Agility Robotics, serves as a primary testbed for modern 
control theories due to its distinct morphology, which includes leaf-spring legs acting as 
series-elastic actuators. This mechanical design introduces passive compliance that is 
beneficial for energy efficiency but complicates the control landscape by adding unmodeled 
dynamics and oscillatory modes [1]. Traditional control strategies for bipedal robots have 
largely relied on simplified template models, such as the Linear Inverted Pendulum or the 
Spring-Loaded Inverted Pendulum. While these models provide rigorous guarantees of 
stability under nominal conditions, their performance often degrades rapidly when the robot 
encounters unknown terrain or when the physical parameters of the robot deviate from the 
idealized model. To mitigate these limitations, Model Predictive Control has been employed to 
optimize trajectories over a finite horizon. However, the high computational cost associated 



Frontiers in Robotics and Automation Volume 3 Issue 1, 2026 

ISSN: 3079-644X  

 

 31 

with solving optimization problems in real-time restricts the complexity of the models that 
can be used, often limiting the agility of the robot [2]. In recent years, deep reinforcement 
learning has emerged as a powerful alternative, enabling robots to learn complex control 
policies directly from interaction with the environment. By formulating the locomotion 
problem as a Markov Decision Process, reinforcement learning algorithms can discover 
control strategies that exploit the full dynamics of the robot without relying on simplified 
analytical models. Despite these successes, sample efficiency and training stability remain 
critical bottlenecks. Many state-of-the-art approaches utilize on-policy algorithms like 
Proximal Policy Optimization, which, while stable, often require a prohibitive number of 
samples and can converge to suboptimal local minima due to limited exploration capabilities 
[3]. This paper addresses these challenges by applying the Soft Actor-Critic algorithm to the 
problem of gait generation and balance control for Cassie. We posit that the maximum entropy 
framework inherent to SAC provides a significant advantage in learning robust policies for 
unknown terrains. By encouraging the agent to maximize both the expected return and the 
entropy of the policy, the system maintains a high degree of exploration, preventing premature 
convergence to brittle gait patterns. The following sections detail the formulation of the 
learning problem, the design of the reward structure, and the results of extensive simulation 
experiments. 

2. Related Work 

The landscape of bipedal locomotion control is currently divided between model-based 
optimal control and data-driven learning approaches, with a growing trend towards hybrid 
methodologies. Early work on the Cassie robot focused heavily on feedback linearization and 
control Lyapunov functions to enforce stability. These methods, while mathematically elegant, 
often struggle with the series-elastic nature of the robot's legs, which introduces significant 
compliance that is difficult to model accurately. Consequently, researchers have turned to 
trajectory optimization techniques that can account for full-body dynamics, although these 
approaches are computationally intensive and sensitive to initial conditions [4]. 
Reinforcement learning has recently demonstrated remarkable success in continuous control 
tasks. The application of Deep Deterministic Policy Gradient and Trust Region Policy 
Optimization marked early milestones in learning locomotion policies. However, the 
sensitivity of these algorithms to hyperparameter tuning and their high sample complexity 
limited their practical utility for complex robots like Cassie. More recently, Proximal Policy 
Optimization has become the default standard for many robotics applications due to its ease 
of implementation and generally monotonic improvement. Several studies have successfully 
demonstrated PPO-based policies for Cassie, achieving walking, running, and even stair 
climbing behaviors [5]. Despite the popularity of PPO, it is an on-policy algorithm, meaning it 
discards data after each policy update. This inefficiency necessitates vast amounts of 
simulation time. In contrast, off-policy algorithms like Soft Actor-Critic can reuse past 
experiences stored in a replay buffer, significantly improving sample efficiency. Furthermore, 
theoretical analyses suggest that the entropy regularization term in SAC leads to more robust 
policies that are less brittle to disturbances, a critical feature for locomotion in unknown 
terrain where foot-ground interactions are unpredictable [6]. The challenge of unknown 
terrain is often addressed through the integration of exteroceptive sensors, such as LiDAR or 
depth cameras. However, reliance on vision introduces latency and requires complex state 
estimation pipelines. An alternative approach, which this paper adopts, is "blind" locomotion, 
where the controller relies solely on proprioception (joint encoders and IMU data) to infer 
terrain properties and adjust posture accordingly. Recent work has shown that robust blind 
policies can traverse surprisingly rough terrain if trained with sufficient domain 
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randomization, a technique that varies physical parameters during training to prevent 
overfitting to the simulator [7]. 

3. Problem Formulation 

The control objective is to develop a policy that maps the robot's state to joint torque 
commands, enabling the Cassie robot to track a reference velocity while maintaining balance 
on uneven surfaces. The Cassie robot is a bipedal platform with 20 degrees of freedom, though 
only ten are actuated. The unactuated joints primarily consist of the leaf springs in the legs 
and the toe joints, which necessitates a control strategy capable of handling underactuation. 
The dynamics of the robot can be described by the standard equations of motion for rigid 
body systems with contact constraints, subject to actuator limits and friction cones at the 
ground contact points [8]. 

3.1 State and Action Space 

The design of the observation space is critical for the convergence of the reinforcement 
learning algorithm. In this study, the state vector is constructed from proprioceptive 
measurements available on the physical hardware. This includes the orientation and angular 
velocity of the floating base (pelvis) derived from the Inertial Measurement Unit, the positions 
and velocities of the actuated joints, and the positions of the passive joints. To facilitate the 
learning of periodic gaits, we also include a phase variable or a clock signal in the input, which 
helps the network synchronize the leg movements. Explicitly, the state vector excludes global 
position and yaw, ensuring the policy is invariant to the robot's absolute location and heading, 
thereby promoting generalizability [9]. The action space corresponds to the torque commands 
sent to the ten motors (five per leg: hip abduction, hip rotation, hip flexion, knee, and toe). The 
policy network outputs normalized actions in the range of negative one to one, which are then 
scaled to the maximum torque limits of the respective motors. It is important to note that 
directly outputting torque can sometimes lead to high-frequency chatter in the control signal. 
To mitigate this, some approaches output target joint positions for a low-level PD controller. 
However, to fully leverage the capabilities of the SAC algorithm and allow it to manage 
compliance, our approach operates directly in the torque domain, relying on the entropy 
regularization term to produce smooth control actions [10]. 

3.2 Unknown Terrain Modeling 

To simulate unknown terrain, we generate procedural ground profiles using Perlin noise and 
randomized height fields. The terrain is characterized by variations in height, slope, and 
friction coefficients. The robot does not have access to a height map or visual data regarding 
the terrain ahead. Instead, it must infer the terrain geometry through the interaction forces 
and the kinematic deviations detected by its proprioceptive sensors. This setup mimics the 
real-world scenario where visual estimation may fail due to lighting conditions or occlusions, 
requiring the locomotion controller to be inherently robust to unseen irregularities [11]. 

4. Methodology 

The core of our approach is the Soft Actor-Critic algorithm, which optimizes a stochastic policy 
in an off-policy manner. The primary distinction of SAC from other actor-critic methods is the 
modification of the maximization objective. Instead of seeking only to maximize the lifetime 
cumulative reward, SAC seeks to maximize the sum of the expected reward and the entropy of 
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the policy. The entropy term serves as a regularizer, preventing the policy from collapsing into 
a deterministic behavior too early in the training process. This is particularly advantageous for 
high-dimensional systems like Cassie, where a deterministic policy might get stuck in a local 
optimum that corresponds to a highly unstable or energy-inefficient gait [12]. 

4.1 Soft Actor-Critic Implementation 

The SAC framework maintains two Q-functions (critics) to mitigate positive bias in the policy 
improvement step, a value function, and a policy network (actor). All networks are 
parameterized as multi-layer perceptrons. During training, the agent interacts with the 
environment, storing transitions of state, action, reward, and next state into a large replay 
buffer. Batches of experiences are sampled uniformly from this buffer to update the network 
weights. The temperature parameter, which governs the relative importance of the entropy 
term against the reward, is automatically tuned during training to maintain a target entropy 
level. This automatic tuning is crucial as the optimal amount of exploration varies as the policy 
becomes more competent [13]. The actor network outputs the mean and standard deviation 
of a Gaussian distribution for each action dimension. To ensure the actions remain within 
valid physical bounds, the Gaussian samples are passed through a hyperbolic tangent 
squashing function. This probabilistic formulation allows the robot to explore various torque 
combinations during the early phases of training. As training progresses and the reward signal 
dominates, the variance of the output distribution naturally decreases, leading to stable and 
precise control behaviors suitable for deployment [14]. 

4.2 Reward Function Design 

The shaping of the reward function is the most sensitive aspect of reinforcement learning for 
robotics. A sparse reward (e.g., only rewarding for moving forward without falling) is rarely 
sufficient for learning complex locomotion. We employ a composite reward function 
consisting of several weighted terms. The primary term rewards velocity tracking, penalizing 
the difference between the robot's actual velocity and the command velocity. Crucially, 
stability terms are included to penalize large deviations in pitch and roll orientation of the 
pelvis. Energy efficiency is encouraged by penalizing the square of the output torques and the 
mechanical work performed. To encourage a natural-looking gait and prevent foot dragging, 
we include a term that penalizes low foot clearance during the swing phase. Additionally, a 
smoothness penalty is applied to the derivative of the action to prevent high-frequency 
oscillations that could damage the gearboxes. This multi-objective reward structure guides the 
optimization landscape toward gaits that are not only stable but also feasible on physical 
hardware [15]. 

5. Domain Randomization 

To ensure that the policy trained in simulation can transfer to the real world and handle 
unknown terrain variations, we apply extensive domain randomization. This technique 
involves perturbing the dynamic parameters of the simulation during the training episodes. 
Specifically, we randomize the mass and center of mass of the robot's links to account for 
manufacturing tolerances and added payloads. We also vary the joint friction and damping 
coefficients, as these are difficult to identify accurately on the real robot. Furthermore, we 
introduce random latency and noise to the observation vector to mimic sensor imperfections 
and communication delays. The terrain parameters, including friction and restitution, are also 
randomized. By training the policy to maximize the expected return over this distribution of 
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environments, the resulting network learns to be invariant to specific parameter values and 
instead relies on robust feedback loops. This creates a "blind" walker that reacts to terrain 
disturbances as if they were simple unmodeled dynamics, essentially overpowering the 
irregularities through compliant yet firm control [16]. 

6. Experimental Results and Analysis 

We evaluated the proposed SAC-based framework in the MuJoCo physics engine, using a 
high-fidelity model of the Cassie robot. The training was conducted over 50 million time steps. 
We compared the performance of our SAC implementation against a standard PPO 
implementation and a baseline Model Predictive Control approach. The evaluation metrics 
focused on velocity tracking error, energy consumption (Cost of Transport), and the success 
rate of traversing a 50-meter track of progressively difficult uneven terrain. 

6.1 Training Convergence and Stability 

The training curves indicate that while PPO initially achieves higher rewards due to its 
on-policy nature directly optimizing the current trajectory, it tends to plateau relatively 
quickly. In contrast, SAC shows a slower initial start but eventually surpasses PPO in 
asymptotic performance. The entropy regularization allows SAC to explore a wider variety of 
gait frequencies and stride lengths before settling on the most energy-efficient pattern. The 
resulting gait from SAC exhibits a more natural compliance in the legs, utilizing the leaf 
springs effectively to store and release energy, whereas the PPO gait appeared stiffer and more 
reliant on high-torque corrections. 

Table 1 Experimental Results 

Metric SAC (Ours) PPO (Baseline) MPC (Classical) 

Success Rate on 
Rough Terrain (%) 

94.2 81.5 68.0 

Velocity Tracking 
Error (RMSE) 

0.08 m/s 0.12 m/s 0.05 m/s 

Cost of Transport 
(Dimensionless) 

0.65 0.82 0.75 

Max Recoverable 
Push (N) 

210 165 140 

6.2 Robustness to Unknown Terrain 

The robustness of the controller was tested on terrain with random height steps ranging from 
5 to 15 centimeters. The classical MPC controller struggled significantly with height variations 
exceeding 10 centimeters, as the linearized model failed to capture the sudden impact 
dynamics, leading to divergence. The PPO agent performed better but occasionally failed when 
a foot caught the edge of a step during the swing phase. The SAC agent demonstrated superior 
robustness, achieving a success rate of 94.2 percent on the roughest test track. Qualitative 
analysis of the motion shows that the SAC policy learned a higher stepping reflex when the 
perceived state indicated terrain uncertainty (simulated via noise). When the robot stumbled, 
the policy was able to execute a quick recovery step, effectively widening the support polygon 
to regain balance. This emergent behavior was not explicitly programmed but arose from the 
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requirement to maximize long-term survival in the randomized training environments. 

 
Figure 1 Velocity Tracking and Terrain Adaptation 

6.3 Energy Efficiency 

Energy efficiency was quantified using the Cost of Transport, a dimensionless measure of 
energy used per unit distance traveled. As shown in the table above, the SAC-based controller 
achieved the lowest Cost of Transport. This is attributed to the policy effectively learning to 
exploit the passive dynamics of the spring-loaded legs. By maintaining a smoother gait cycle 
and avoiding antagonistic co-contraction of muscles (which appeared more frequently in the 
PPO baseline to artificially stiffen the joints), the SAC agent minimized unnecessary power 
dissipation. This efficiency is critical for the autonomy of battery-powered systems like Cassie. 

7. Conclusion 

This paper presented a robust gait generation and balance control framework for the Cassie 
bipedal robot using the Soft Actor-Critic reinforcement learning algorithm. By leveraging the 
maximum entropy objective and operating directly in the torque space, the proposed method 
produces policies that are not only energy-efficient but also highly resilient to disturbances 
and unknown terrain irregularities. The extensive domain randomization employed during 
training allowed the policy to bridge the reality gap, functioning effectively without 
exteroceptive terrain mapping. Our comparative analysis demonstrates that the SAC-based 
approach outperforms standard PPO and MPC baselines in terms of traversal success rates on 
rough terrain and overall energy economy. The ability of the system to recover from significant 
external forces and navigate unmodeled ground profiles highlights the potential of off-policy 
reinforcement learning for dynamic legged locomotion. Future work will focus on integrating 
sparse exteroceptive information, such as elevation maps, to enable anticipatory planning for 
extreme terrain features like large gaps or tall obstacles, further enhancing the autonomy of 
bipedal robots in real-world environments. 
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