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Models

Overview
The human musculoskeletal system is an organ system that gives humans the ability to move using their
muscular and skeletal systems. This system provides form, support, stability, and movement of the
human body. Based on a framework supplied by Stanford Neuromuscular Biomechanics Laboratory
(NIPS 2017: Learning to Run [1]), our goal is to utilize reinforcement learning techniques to study and
develop a motion controller to enable a physiologically-based human model to navigate a complex
obstacle course as quickly as possible. We experimented with a list of state-of-art RL algorithms such
as DDPG, PPO, and Continuous DQN. Due to the nature of the high-dimensional and continuous state
and action space, we discovered that training is computationally intensive, and require long training
cycles. It was challenging to debug and fine tune parameters. After some state space transformation, we
are able to successfully train a walkable model, and also found that DDPG is the most promising and
produce better results given the slowness of the simulator.
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Deep Deterministic Policy Gradient (DDPG [3]) is a off-policy method and it consists of actor and critic neural networks. Critic is trained using Bellman equation and off-policy data and
the actor is trained to maximize the critic’s estimated Q-values through back propagation.
Proximal Policy Optimization (PPO [4]) is an on-policy method and a variant of TRPO that adds DKL terms to training loss function, and train the policy using gradient descent like
normal neural network.
Continuous Deep Q-learning [6] is a continuous-action-space variant of the Q-learning algorithm and the NAF representation allows us to apply Q-learning with experience replay to
continuous tasks, and substantially improves performance on robotic control tasks.

Feature Engineering
Using a simulator provided by OpenSim [2], we have an agent that is a musculoskeletal model controllable by a set of actions to actuate its muscles. At each step, a set of observations are
produced by a physics-based simulation environment. Each observation contains positions and velocities of joints and bones of the lower body. The goal is to move the agent forward as
fast as it can while minimizing overstretching ligaments and avoiding obstacles. The episode ends when the pelvis height is below 0.65m, or 1000 steps are reached.
The initial set of observations are 41-dimension vectors, after some trial and error, additional features such as velocity for other body parts (head, torso, etc.) are added, absolute positions
and velocities are converted to the relative values based on the pelvis, and we also added information regarding 3 nearest obstacles (instead of the one right in front), in the end, our state is
represented by 57-dimensional vectors in continuous space with 18-dimensional vectors for the action space.

Results
Figure 1: reward function
using vx and vy

Figure 3: reward function
forcing head position

Figure 2: reward function
using only vx

Figure 4: reward function
encourage talus distance

We ran various configurations on a collection of AWS EC2 instances, and were able to successfully train a model capable of walking and overcome obstacles (see figure 5, 6), after
applying state transformation, DDPG agent produced the most promising results. (tested with 500 steps)
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0.421m, 74 steps

1,000,000

2.57m, 350 steps

2.84m, 468 steps

<0m, 125 steps
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Discussion
Having a complete and observable state for the agent is critical, and we also discovered that RL algorithms are extremely sensitive to reward functions, designing a good and continuous
reward function could significantly reduce learning time. Some early tweaks of reward functions have produced some interesting results (see figures 1-4). Overall, RL project in high
dimensional space is fascinating and challenging at the same time, for us, we underestimated the demand for training time and compute power required (AWS EC2 cost). Given the set of
possible paths and parameters to alter, it is essential to have a cost and time efficient strategy to debug RL problems. We would recommend the following
1) perform state data analysis independently without relying on RL algorithms which is more time consuming
2) start with a simple reward function before employing more complex versions
3) validate with known and well supported RL algorithm first, and preferably using simpler setup with small dimensions
4) start the training process gradually with easy conditions, and then move onto conditions involving more obstacles
5) bias towards distributed algorithms that lead to faster training time
6) minimize the number of changes during each test cycle
7) invest in a better ML workflow system to manage all the combinations of code, config, train results to have a more reproducible results

Figure 5: walking model

Figure 6: jump over obstacles

Future Plans
Continue focusing on DDPG, and dive deeper to fine-tune its parameters. Since RL is computationally
intensive, we need to find better ways to distribute DDPG optimization over cheaper AWS EC2 instances
and reduce the training time required. We would also like to explore ways to retrain models without
having to start from scratch each time. We aim to try out different options with replay buffer to improve
learning speed, and understand the impact on the learning speed related to exploration noise
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