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Abstract 
 
The goal of our project is to solve a physics-based 
reinforcement learning challenge “Learning to Run” by 
training a physiologically-based human model to navigate 
a course (with obstacles) 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 can successfully train a 
walkable model, and also found that DDPG is the most 
promising and produce better results given the slowness of 
the simulator. 

 
1 Introduction 
 
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 body. 
Based on a framework supplied by Stanford 
Neuromuscular Biomechanics Laboratory (NIPS 
2017: Learning to Run), our goal is to develop a 
motion controller to enable a physiologically-based 
human model to navigate a complicated obstacle 
course as quickly as possible. Our agent includes body 
segments for each leg, a pelvis segment, and a single 
segment to represent the upper half of the body. The 
environment setup is as follow: at each iteration, the 
motion controller is provided with an observation of 
the overall environment and the agent body.  The 
motion controller needs to return an action, in which, 
the 18 muscles are actuated (9 per leg), so the action 
space is a list of length 18 of continuous values in [0, 
1] corresponding to excitation of muscles. The 
Simbody physics engine computes activations of 
muscles, calculates torques generated and effects due 
to muscle activations, and eventually produces a new 
state based on forces, velocities, and positions of 
joints. 
  
The reward is computed as a change in position of the 
pelvis along the x-axis minus the penalty for the use of 
ligaments. The termination is determined if either 

1000 iterations are reached, or the pelvis height is 
below 0.65 meters. 
 
The problem we are trying to solve is to build a 
controller (a function) that takes the current state 
observation and returns the muscle excitations action 
(18-dimension vector) in a way that maximizes the 
reward. 
 
2 Related work 
 
Reinforcement learning is becoming a common 
method to overcome modeling inaccuracies and 
improve performance in the robotics locomotion 
community. There has been research in this area 
including using reinforcement learning on bipedal 
robots [10] [11] , learning control for single legged 
robots [12] [13] , teaching robot to walk by 
demonstration [14] [15] , learning complex behavior 
for interaction with the environment [16] [17] , 
improving dynamic stability by using reinforcement 
learning [18] [19] . 
 
In a related work by training robot learning to walk 
[20], it using a statistical actor-actor algorithm which 
updates the control parameters with each step and uses 
correlations between changes in control parameters 
and changes in the return map error to climb the 
performance gradient. The major limitation of the 
algorithm is  convergence rate. In high dimensions, it 
requires many trials to effectively sample the entire 
state space. To solve the problem, it added a manual 
dimensionality reduction step which decomposes the 
control problem in the frontal and sagittal planes and 
exploits the dynamic coupling between the joint 
variables. The research also increases the number of 
degrees of freedom by using the formulation of the 
learning method on the discrete dynamics of the return 
map. The stochastic policy gradient algorithm may 
have problems with scaling as the increase of degrees 
of freedom, it requires more learning trails to obtain a 
good estimate of the correlation. 
 
In the continuous action domain, the classic 
reinforcement learning methods do not perform well, 



that is it can only handle low-dimensional action 
spaces. Recent research [21] presents progress in high-
dimensional continuous action spaces by using deep 
deterministic policy gradient (DDPG) algorithm. It 
results demonstrate stable learning and requires fewer 
steps of experience to find solution. The research 
suggests that DDPG could solve even more difficult 
problems by more simulation time. Also, there are 
limitations using DDPG, that it requires a large 
number of training. And the research suggest using a 
robust model-free approach such as an important 
component of larger system to attach the limitations. 
We aim at achieving similar results for skeleton legs 
with DDPG training. 
 

3 Dataset and Features 
 
The model is implemented in OpenSim[1], which 
relies on the Simbody physics engine. The agent is a 
musculoskeletal model that include body segments for 
each leg, a pelvis segment, and a single segment to 
represent the upper half of the body (trunk, head, 
arms). The segments are connected with joints (e.g., 
knee and hip), and the motion of these joints is 
controlled by the excitation of muscles. The muscles 
in the model have complex paths (e.g., muscles can 
cross more than one joint, and there are redundant 
muscles). The muscle actuators themselves are also 
highly nonlinear. Given the musculoskeletal structure 
of bones, joints, and muscles, at each step of the 
simulation (corresponding to 0.01 seconds), the engine 
calculates activations of muscles from the excitations 
vector provided to the step() function to generates a 
new state based on forces, velocities, and positions of 
joints. 
 
The initial set of observation contains 41 values: 

• position of the pelvis (rotation, x, y) 
• velocity of the pelvis (rotation, x, y) 
• rotation of each ankle, knee and hip 
• angular velocity of each ankle, knee and hip 
• position of the center of mass 
• velocity of the center of mass 
• positions of head, pelvis, torso, left and right 

toes, left and right talus  
• strength of left and right psoas 
• next obstacle: x distance from the pelvis, y 

position of the center relative to the the 
ground, radius. 

 
We started our baseline using these observations as the 
state for the Markov Decision Process. However, we 
discovered that even though we had some initial 
success quickly (the skeletal model was able to stand 

and take steps after training using 500K steps), a more 
extended period of training didn't produce any 
improvements over the test results. After analyzing the 
list of observations, we noticed that some information 
is missing, for example, we only have position 
information of the head, torso, etc. but no velocity 
information is provided, which need to be calculated 
based on two consecutive observations. We also 
further normalize the x position information across all 
parts, using relative coordinates regarding pelvis bone, 
while setting the pelvis position to zero. 
 
Since only information about the obstacle right in front 
of the agent is provided, we modified the logic to 
obtain the three closest obstacle information. The final 
state contains 57-dimensions 
 
4 Methods 
 
We experimented with a list of state-of-art RL 
algorithms that work in this continuous high-
dimensional action and state space environment. 
 
Q-learning is a model-free reinforcement learning 
technique. Specifically, Q-learning can be used to find 
an optimal action-selection policy for any given 
Markov decision process (MDP). It works by learning 
an action-value function that ultimately gives the 
expected utility of taking a given action in a given state 
and following the optimal policy thereafter. It works 
in a way that we create a table to store each state and 
each action’s Q value in this state. 
 
Deep Q Network (DQN) algorithm uses a Neural 
Network instead of a table described above and this 
therefore solves problems with high-dimensional 
observation spaces, but it can only handle discrete and 
low-dimensional action spaces. It is not possible to 
straightforwardly apply Q-learning to continuous 
action spaces, because in continuous spaces finding 
the greedy policy requires an optimization of at every 
time step, which is too slow to be practical with large, 
unconstrained function approximators and nontrivial 
action spaces. Recently researchers have developed 
two ideas for extending the success of Deep Q-
Learning to the continuous action domain: Deep 
Deterministic Policy Gradient (DDPG [3]) and 
Continuous DQN[6]. 
 
DDPG is an off-policy method and it consists of actor 
and critic neural networks. Critic is trained using 
Bellman equation and off-policy data and provide the 
actor with the loss function: 
 

𝑄 𝑆#, 𝑎# = 𝑟 𝑆#, 𝑎# + 𝛾𝑄(𝑆#+,, 𝜋𝜃(𝑆#+,)) 



and the actor is trained to maximize the critic’s 
estimated Q-values through back propagation: 
 

𝜕ℒ 𝜃 𝜕𝜃 = Ε 𝜕𝑄 𝑆#, 𝑎# 𝜕𝑎𝜕𝑎𝜕𝜃  
	
Continuous DQN [6] is a continuous-action-space 
variant of the Q-learning algorithm which we refer to 
normalized advantage functions (NAF), as an 
alternative to the more commonly used policy gradient 
and actor-critic methods. The idea behind normalized 
advantage functions is to represent the Q-function 
Q(xt,ut) in Q-learning in such a way that its maximum 
arg maxu   Q(xt,ut) , can be determined easily and 
analytically during the Q-learning update. 
 
This method combines the NAF representations with 
deep neural networks into an algorithm that can be 
used to learn policies for a range of challenging 
continuous control tasks with experience replay, and 
substantially improves performance on robotic control 
tasks. 
 
Proximal Policy Optimization (PPO [4]) is an on-
policy method and a variant of Trust Region Policy 
Optimization (TRPO) that adds a KL penalty term (or 
an alternative is clipped surrogate objective) to 
training loss function, and train the policy using 
gradient descent like normal neural network. While 
Policy Gradient is fundamental in using deep neural 
networks, it suffers from a problem that they are very 
sensitive to learning rate (step size). The progress will 
be extremely slow if the choice of step size is too 
small, and becomes too noisy if the step size is too 
large. PPO’s penalty term utilizes the comparison 
between new policy and old policy to control the 
update of each step, reducing the sensitivity to step 
size. 
 
5 Experiments/Results/Discussion 
 
Initially, we trained models on laptops; it became 
apparent quickly that we need to find more compute 
power to parallelize various configuration tests. We 
decided to utilize AWS EC2 instances, in particular, 
compute-intensive C5 instances. These instances are 
designed for compute-heavy applications like batch 
processing, distributed analytics, and high-
performance computing. However, they are quite 
expensive @ $0.085 per hour for the cheapest version 
with 2 vCPUs, and we have set a hard limit with a 
budget of $250 for this project, and completed the 
project with $23 over budget. 
 
Our test results using 500 steps 
 

Traini
ng 
Steps 

DDPG 
w/o state 
transfor
mation 

DDPG 
with state 
transform
ation 

PPO Continuo
us DQN 

500,00
0 

1.24m,   
158 steps 

0.37m,  
500 steps 

<0m,  
104 steps 

0.421m,  
74 steps 

1,000,0
00 

2.57m,  
350 steps 

2.84m,  
468 steps 

<0m,  
125 steps 

0.561m, 
112 steps 

2,000,0
00 

1.95m,  
182 steps 

4.93m,  
370 steps 

0.99m, 
121 steps 

not 
attempted 

4,000,0
00 

0.32m,  
63 steps 

7.34m,  
405 steps 

1.29m, 
127 steps 

not 
attempted 

8,000,0
00 

1.48m,  
160 steps 

not 
attempted 

1.07m, 
123 steps 

not 
attempted 

 

For DDPG, we used both 3 hidden layer NN for Actor 
and Critic component, with hidden layers containing 
32 and 64 nodes for Actor and Critic correspondingly. 
We chose sigmoid as the activation function for the 
Actor component, as the action space for the muscle 
activation fall into the range of 0-1. and we used the 
following hyper parameters 
           Actor NN           [32,32,32] sigmoid activation 
           Critic NN           [64,64,64] linear activation 
           gamma              0.995 
           replay buffer      100k 
           Batch Size         100 
           learning rate       0.001 
           OU exploration   theta=.15, mu=0., sigma=.2 
      
With DDPG, after the state transformation and 
normalization, we start seeing improvements and 
stabilization of our agent. 
  
For Continuous DQN, we used NAFAgent from 
Keras-rl (a RL package) with both 3 hidden layer NN 
for Q Value function and Action, and a 2 hidden layer 
NN for Loss. Specifically, the hyper parameters were: 

• Q value NN [32,32,16] Relu activation for 
hidden layers and Linear for output layer 

• Action NN [32,32,16] Relu activation for 
hidden layers and Sigmoid for output layer 

• Loss NN [64,64] Relu activation for hidden 
layers and Linear for output layer 

Other parameters are the same as those of DDPG we 
used above. Due to the limitation of computing 
resources, we only ran up to 1m iterations and the 
results did not significantly outperformed that of 
DDPG. 
 



 
Figure 1: walking model 
 

 
Figure 2: jump over obstacles 
 
We ran into some issues while trying to integrate the 
PPO algorithm. Namely, the PPO implementation 
from OpenAI's baselines package is based on Python 
3.5, which is not compatible with the OpenSim models 
(which is based on Python 2.7). We first attempted 
uplifting OpenSim with Python 3.5,  as we hope it will 
also create a faster simulator. After some research, we 
managed to rebuild OpenSim for Python 3.5 on Linux 
environment, however, since we only do training on 
Linux, but carry out the most of the development and 
validation on Mac OS X, we also have to rebuild 
OpenSim for Mac OS X as well,  this turned out to be 
a time-consuming process, and at the end, we had to 
abandon the Python 3.5 uplift, and went the other way 
instead. Porting OpenAI's PPO implementation back 
to Python 2.7 was straightforward.  
 
We used the default parameters from OpenAI Hopper 
Mojuco during our evaluation 
 2 hidden layers, each with 64 nodes 
 gamma    0.99 
 lam     0.95 
 batch size 64 
 

MPI (Message Passing Interface) is used to parallelize 
compute to run multiple cores and trained our models 
with up-to 8 million steps. 
 
Since PPO is a on-policy based algorithm, which 
updates agent's behavior based on the current agent's 
policy, our results from PPO based agent is not 
optimal. One possible theory is our simulator speed. 
From early on, we noticed that OpenSim based 
simulator is extremely slow, ~5 time steps per second. 
From OpenSim discussion board, Qin Yongliang 
posted that there is a way to recompile OpenSim with 
less accuracy in terms of physics simulation, but could 
double the simulator speed, unfortunately we ran out 
of AWS EC2 budget, and was not able to explore this 
option and validate its impact on PPO based agent. 
 
6 Conclusion/Future Work 
 
Continue focusing on DDPG, and dive deeper to fine-
tune its parameters. As described by Pavlov et al. [7], 
we may try parameter noise (Plappert et al. 2017), 
Layer normalization (Ba, Kiros, and Hinton 2016) 
and  Actions and states reflection symmetry to see how 
they may improve our DDPG method.  
 
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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