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1 Summary

We present an online trajectory optimization method and
software platform applicable to complex humanoid robots
performing challenging tasks such as getting up from an ar-
bitrary pose on the ground and recovering from very large
disturbances using adroit acrobatic maneuvers. The result-
ing behaviors, illustrated in the movie referenced in the fig-
ure caption, are computed only 7 times slower than real time,
on a single desktop computer. The movie also shows results
on the acrobot problem, planar swimming and one-legged
hopping. These simpler problems can already be solved
in real time, without pre-computing anything and without
specifying heuristic approximations to the value function.
We show both robustness to state perturbations, a generic
feature of the online approach since it always optimizes the
trajectory starting at the present (possibly perturbed) state,
and robustness to large modeling errors (unknown to the
controller).

2 Motivation

The framework of optimal control makes it possible to spec-
ify high-level task goals through simple cost functions and
synthesize the details of the behavior and control law auto-
matically. In practice however, optimal control is rarely ap-
plied to systems with high-dimensional state spaces – due to
the curse of dimensionality. The curse is particularly prob-
lematic for humanoid robots, whose state space is so large
that no control scheme (optimal or not) can explore all of it

in advance, and prepare suitable responses for every situa-
tion. The most impressive results to date have been achieved
by local methods, which side-step the curse of dimensional-
ity at the price of local minima and open-loop control. A
further complication in the context of locomotion are con-
tact phenomena – which are inherently discontinuous and
thus difficult to handle automatically.

Here we describe our recent efforts to overcome the above
limitations. Our goal is to construct intelligent feedback
controllers that are not limited to the vicinity of precom-
puted trajectories, and to do so fully automatically, without
need for manual specification of contact phenomena or any
other aspects of the behavior. We achieve this through on-
line trajectory optimization, also known as model-predictive
control (MPC) or receding-horizon control. The idea is to
optimize a trajectory up to some time horizon starting at the
current state, apply the initial control signal along this tra-
jectory, and repeat. The previous solution is used to warm-
start the optimizer, which often yields convergence after a
single step, if the minimum has been well-tracked. Contacts
are handled automatically by contact smoothing methods we
have developed.

The main difficulty in applying MPC is the need to
(re)optimize movement trajectories in real time. This may
seem impossible for a 3D humanoid performing a complex
task. However advances on multiple fronts have brought us
surprisingly close to this goal. Controlling the 23-dof hu-
manoid illustrated in the figure (in the task of getting up
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from an arbitrary pose) is currently only 7 times slower than
real time, on a single desktop machine. The computational
bottleneck is in the derivatives of the dynamics, computed
via finite differencing, which in turn is “embarrassingly par-
allel”. Thus if we were to connect 10 such computers in a
cluster, we should be able to control this humanoid in real
time. We have already implemented the distributed version
of our code, and hope to be able to demonstrate such real
time control before the workshop.

3 State of the Art

In domains such as chemical process control where the dy-
namics are sufficiently slow and smooth – and thus on-
line trajectory optimization is already feasible – MPC is
the method of choice [1]. In robotics, however, the typical
timescales of the dynamics are orders of magnitude smaller.
Furthermore, many robotic tasks involve contact phenom-
ena that present a serious challenge to optimization-based
approaches. As a result, MPC is rarely used to control com-
plex robots. Autonomous helicopter flight [2] is a recent
example of the power of MPC applied to robotics, although
that system is lower-dimensional and smooth. Another il-
lustration is our work on bouncing two ping-pong balls on
the same paddle [3]. This task involves contacts but the di-
mensionality is still relatively low.

The ball-bouncing example relies on a heuristic approxima-
tion to the optimal value function, which is used as a final
cost applied at the MPC horizon. In general there is a nat-
ural tradeoff between how good the value function approx-
imation is, and how much work the MPC machinery has to
do [4]. Here we focus on the case when no such approxima-
tion is available, and all the work is done by MPC. Thus
our results are in some sense worst-case results, and the
performance of our method can be improved by using suit-
able value function approximations. One way to obtain such
approximations automatically is to apply machine learning
methods to the vast amount of data generated by the MPC
controller.

Another approach to generating intelligent feedback (be-
yond linear) with trajectory optimizers are aggregation
methods, like trajectory libraries [5] and LQR trees [6].
While this approach is promising, our guess is that it will
eventually run into the curse of dimensionality. Presumably
as the volume of state space grows with the dimension, ei-
ther the number of local controllers will have to grow ex-
ponentially, or the region of validity of each local controller
will have to grow exponentially, either way susceptible to an
explosion in computational complexity.

4 Our Approach

The results presented here are enabled by advances on mul-
tiple fronts. Our new physics simulator, called MuJoCo,
was used to speed up the computation of dynamics deriva-
tives. MuJoCo is a C-based, platform-independent, multi-
threaded simulator tailored to control applications. We de-

veloped several improvements to the iterative LQG method
for trajectory optimization [7] that increase its efficiency and
robustness. We also developed several models of contact dy-
namics [8, 9, 10] which yield different trade-offs between
physical realism and speed of simulation/optimization. We
introduced cost functions that result in better-behaved en-
ergy landscapes and are more amenable to trajectory opti-
mization. Finally, we developed a MATLAB-based environ-
ment where the user can modify the dynamics model, cost
function or algorithm parameters, while interacting in real
time with the controlled system. We have found that the
hands-on familiarity with the various strengths and weak-
nesses of the MPC machinery is invaluable for proper pa-
rameter tuning.
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Figure 1: Getting up. The blue line shows the planned position of the torso. This sequence is at 3m50s in the movie.

Figure 2: Getting up from a different initial pose. This sequence is shown at 3m19s in the movie.


