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Direct Policy Optimization
using Deterministic Sampling and Collocation
Taylor A. Howell1 , Chunjiang Fu2 , and Zachary Manchester3

Abstract—We present an approach for approximately solving
discrete-time stochastic optimal-control problems by combining
direct trajectory optimization, deterministic sampling, and policy
optimization. Our feedback motion-planning algorithm uses a
quasi-Newton method to simultaneously optimize a reference trajectory, a set of deterministically chosen sample trajectories, and a
parameterized policy. We demonstrate that this approach exactly
recovers LQR policies in the case of linear dynamics, quadratic
objective, and Gaussian disturbances. We also demonstrate the
algorithm on several nonlinear, underactuated robotic systems
to highlight its performance and ability to handle control limits,
safely avoid obstacles, and generate robust plans in the presence
of unmodeled dynamics.
Index Terms—Motion and Path Planning, Robust/Adaptive
Control, Optimization and Optimal Control

I. I NTRODUCTION

T

RAJECTORY optimization (TO) is a powerful tool for
solving deterministic optimal-control problems in which
accurate models of the system and its environment are available. However, when disturbances or unmodeled dynamics are
significant, a stochastic optimal-control approach, in which a
feedback policy is optimized directly, can often produce more
robust performance [3].
Unfortunately, general solution methods for solving stochastic optimal-control problems suffer from the curse of dimensionality and are only applicable to low-dimensional systems in
practice. To scale to many interesting robotic systems, approximations must be made. Typically, these include simplifying or
linearizing dynamics, approximating value functions or policies with polynomials or neural networks, or approximating
distributions with Gaussians or Monte Carlo sampling.
We present Direct Policy Optimization (DPO), a computationally tractable algorithm for finding approximate solutions
to stochastic optimal-control problems that jointly optimizes
a small number of trajectories and a policy. This algorithm
combines several key ideas:
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Fig. 1: Rocket soft-landing position trajectories generated by
TO (blue) and DPO (orange). Unlike the TO solution tracked
with LQR, the DPO policy successfully lands the rocket
despite fuel slosh.

•
•
•
•

Joint optimization of parameterized policies along with
trajectories.
Deterministic sampling of trajectories and approximation
of expectations using the unscented transform.
Direct collocation for enforcing dynamics along trajectories without performing rollouts.
Use of large-scale constrained nonlinear programming
solvers based on quasi-Newton methods for fast and
robust convergence.

In contrast to many other approaches, DPO is able to easily
enforce constraints like torque limits and obstacle avoidance,
makes extensive use of analytical models and their derivatives,
and is extremely sample efficient.
We first provide background for the discrete-time stochastic
optimal-control problem, present related work on feedback
motion planning, and give an overview of the unscented
transform in Section II. In Section III, we present the DPO
algorithm. We then demonstrate that DPO exactly recovers
LQR policies when the dynamics are linear, the objective is
quadratic, and disturbance inputs are Gaussian, and provide
examples using DPO for several nonlinear, underactuatedcontrol problems in Section IV. Section V offers discussion of
the experimental results and, finally, we summarize our work
and propose directions for future research in Section VI.
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II. BACKGROUND
This section provides brief reviews of the discrete-time
stochastic optimal-control problem and the unscented transform, as well as a survey of related solution approaches.

f

A. Discrete-Time Stochastic Optimal Control
We formulate the discrete-time stochastic optimal-control
problem as,
minimize

E[J(τ )]

subject to

xt+1 = ft (xt , ut , wt ),

t = 1, . . . , T − 1,

ut = πt (xt , θt ),

t = 1, . . . , T − 1,

Prob(cj (τ ) > 0) ≤ j ,

j = 1, . . . , k.

Θ

(1)

The system’s state, xt ∈ Rn , and control inputs, ut ∈ Rm ,
define a trajectory, τ = (x1 , . . . , xT , u1 , . . . , uT −1 ) ∈ Rz ,
with a subscript denoting the time index t, over a planning
horizon T . The initial state, x1 , is a random variable. The
discrete-time stochastic dynamics, ft : Rn × Rm × W →
Rn , are subject to random disturbance inputs, wt ∈ W. We
seek a policy, πt : Rn × Rp → Rm , parameterized by Θ =
(θ1 , . . . , θT −1 ) ∈ Rp(T −1) , to minimize the objective, J :
Rz → R, with the expectation taken over the initial state and
disturbance inputs. Chance constraints, with cj : Rz → R
and probability of violation less than tolerance j ∈ R+ , can
further constrain trajectories.
B. Related Work
Model-based approaches often tackle problem (1) in a
decoupled fashion: First, generate a reference trajectory assuming no disturbances; then, design a tracking feedback
policy to reject disturbances. Using collocation methods [23]
or differential dynamic programming (DDP) [6] to optimize
a trajectory, then tracking it with a time-varying LQR controller has achieved impressive results for complex, real-world
systems [7, 16].
There are two primary drawbacks to these classic synthesis techniques: First, there is no explicit consideration
of uncertainty or disturbances. Robustness is often achieved
heuristically via post hoc Monte Carlo testing and tuning.
Second, by decoupling the synthesis of the reference trajectory
and policy, performance is often sacrificed.
DIRTREL [10] optimizes a reference trajectory with an
additional cost term that penalizes a linearized approximation
of the tracking error from an LQR policy. Chance constraints
are approximated by enforcing constraints at a finite number of
samples. There is also a variation of DDP that can account for
multiplicative noise applied to the controls [21]. Unlike these
methods, DPO directly optimizes policies and can propagate
uncertainty through nonlinear dynamics.
Several learning-based approaches exist that directly optimize feedback policies. Policy gradient methods [18, 26]
use first-order or derivative-free methods to optimize parameterized policies, typically without direct access to the
underlying dynamics model. Domain randomization [20] can

Fig. 2: Unscented transform visualized in 2D for initial (left)
and transformed (right) distributions. Sigma points (circles)
with sample mean (square) and sample covariance (dashed)
are propagated through a nonlinear function (triangles) and
then resampled to compute new sigma points.

be employed to vary model and environment parameters to
encourage policy robustness. Random search [12], stochastic
gradient descent [4], and Newton methods [27] have also
been used to optimize linear feedback and MPC policies [1,
2]. A major benefit of stochastic methods is their inherent
exploration of the policy space.
Guided Policy Search (GPS) [9] is a hybrid approach that
alternates between optimizing sample trajectories and fitting a
policy. DDP is used to generate high-reward trajectories around
the current policy that are subsequently employed to improve
the policy. This procedure is then iterated with a regularizer to
keep new trajectories close to those generated by the previous
policy.
While GPS does not make strong assumptions about state
and disturbance distributions or explicitly require dynamics
models, it relies heavily on Monte Carlo techniques that
require a large number of samples. As a result, training
can require significant time and computational resources. In
contrast, DPO leverages analytical models and uses only a
small number of deterministically chosen samples, making it
much more efficient.
Finally, we note that many of the approaches outlined in
this section—including DDP and many of the policy gradient
methods—rely on explicit forward simulation or “rollouts”
along with some form of backpropagation. These techniques
are vulnerable to numerical ill-conditioning issues colloquially
known as the “tail-wagging-the-dog problem” in control and
the “vanishing” or “exploding” gradient problem in reinforcement learning. In contrast, DPO employs collocation methods
that simultaneously optimize state and control trajectories with
dynamics enforced as constraints. Such “direct” methods enjoy
far better numerical conditioning and robustness, especially
with long-horizon plans.
C. Unscented Transform
The unscented transform is a procedure for propagating a
unimodal probability distribution through a nonlinear function
using deterministic samples, often referred to as sigma points.
This tool is commonly used for state estimation, where it is
generally considered to be superior to the extended Kalman
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Algorithm 1 Unscented dynamics
1:
2:
3:
4:
5:
6:
7:
8:
9:

(1:N )

function gt (τt
, Dt )
for i = 1 : N do
(i)
(i)
xt , wt ← compute sigma points (2)
(i)
(i)
ut , xt+1 ← propagate sigma points (3, 4)
end for
µt+1 , νt ← compute sample means (5, 7)
Pt+1 , Lt ← compute sample covariances (6, 8)
(1:N )
return xt+1
end function

filter’s linear propagation of covariance matrices [22]. There
are many variations of the unscented transform [15]; the
version we utilize is visualized in Fig. 2 and outlined below.
Assuming a unimodal state distribution with mean µt ∈ Rn ,
covariance Pt ∈ Sn++ , and an uncorrelated zero-mean disturbance distribution with covariance Dt ∈ Sd++ , we generate
N = 2(n + d) sigma points,
s
"
#
 
!
(i)
Pt 0
xt
µt
.
(2)
(i) ← 0 ± βt col
0 Dt
wt
These samples, denoted with superscripts, are constructed
using the column vectors of a square root of the joint covariance matrix. In this work we use the principle (symmetric)
matrix square root, although other decompositions, such as
the Cholesky factorization, could be employed. The parameter
βt ∈ R+ controls the spread of the samples around the
mean. For a Gaussian distribution propagated through linear
dynamics, the unscented transform will exactly recover the
updated distribution. For nonlinear systems, the selection of β
can affect performance, and has been explored extensively in
the literature on unscented Kalman filters [15].
Sample points are first propagated through the policy,
(i)

(i)

ut = πt (xt ),

(3)

and then sample dynamics,
(i)

(i)

(i)

(i)

(i)

xt+1 = ft (xt , ut , wt ),

µt+1

N
1 X (i)
(i)
(u − νt )(ut − νt )T ,
2βt2 i=1 t

(8)

for the control inputs at the current time step.
III. D IRECT P OLICY O PTIMIZATION
We now present the Direct Policy Optimization algorithm.
DPO makes several strategic approximations to the discretetime stochastic optimal-control problem: First, the expectation
of the objective in (1) is approximated using the unscented
transform. Second, DPO explicitly optimizes a reference trajectory, τ̄ , and N sample trajectories, τ (i) , in order to approximate the stochastic dynamics. We use an overbar to
denote reference or nominal quantities and superscripts to
denote sample indices throughout the paper. Next, we seek
a local feedback policy that is valid in the neighborhood
of the reference trajectory. Finally, chance constraints are
approximately enforced by applying inequality constraints to
a set of sample points chosen from level sets of the state and
input distributions. Using these approximations, we formulate
a nonlinear program (NLP) that is amenable to optimization
with large-scale quasi-Newton solvers.

DPO minimizes the following objective,
(5)

J(τ̄ ) + E[S(τ̄ , τ )],

(9)

with cost function J applied to the reference trajectory and a
quadratic tracking-cost function,

N
1 X (i)
(i)
=
(x
− µt+1 )(xt+1 − µt+1 )T ,
2βt2 i=1 t+1

(6)

for the state distribution at the next time step. Similarly, we
compute a sample mean,
νt =

Lt =

A. Objective

and sample covariance,
Pt+1

and sample covariance,

(4)

in order to compute a sample mean,
N
1 X (i)
x ,
=
N i=1 t+1

Fig. 3: Position trajectories for autonomous car avoiding
obstacles. TO (left) finds a path that is near the obstacles,
whereas DPO with δ = 0.001 (center) finds a path that avoids
obstacles with a margin for safety. With larger disturbances,
δ = 0.01, samples (magenta) diverge and the DPO policy fails
to safely avoid obstacles (right).

N
1 X (i)
u ,
N i=1 t

(7)

S(τ̄ , τ ) = (xT − x̄T )T QT (xT − x̄T )
+

T
−1
X

{(xt − x̄t )T Qt (xt − x̄t )

(10)

t=1

+ (ut − ūt )T Rt (ut − ūt )},
S : Rz ×Rz → R, with Qt ∈ Sn+ and Rt ∈ Sm
+ , that penalizes
deviations from the reference trajectory under disturbances.
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TABLE I: Tracking error, computed with (10), for cart-pole
experiencing Coulomb friction. Comparison between LQR and
DPO policies.

state

π

0
0

2.5
time

5 0

2.5
time

5

Fig. 4: Simulated tracking (black) for position (dotted) and orientation (dashed) of cart-pole experiencing Coulomb friction.
Comparison between LQR (blue) and DPO (orange) policies.

After simple manipulations, we can write (9) in terms of the
quantities introduced in Sec. II-C,
E[(xt − x̄t )T Qt (xt − x̄t )]
= Tr(Pt Qt ) + (µt − x̄t )T Qt (µt − x̄t ), (11)
E[(ut − ūt )T Rt (ut − ūt )]
= Tr(Lt Rt ) + (νt − ūt )T Rt (νt − ūt ). (12)
Since the expectation in (9) depends only on the first and
second moments of the state and control distributions, we can
efficiently compute it using the unscented transform. As an
aside, the second terms in (11) and (12) are zero in the linearquadratic Gaussian (LQG) case, and their presence reflects the
invalidity of the separation principle in more general settings.
B. Dynamics
DPO utilizes direct collocation and enforces dynamics for
each trajectory via equality constraints at each time step. A
unimodal distribution over the state and policy is maintained
along the planning horizon by resampling the sample trajectories at each time step using the unscented transform (2-8);
this procedure is summarized in Algorithm 1. For motionplanning applications, maintaining a unimodal distribution
over a planning horizon is a reasonable modeling choice
because the policy explicitly works to keep sample trajectories
near the reference. In addition to computing terms required by
the expectation over the objective, resampling at each time
step prevents samples from collapsing to the reference at later
time steps, encouraging the policy to be robust throughout the
entire trajectory.
Initial sample states and disturbance inputs are determin(i)
istically drawn from normal distributions, x1 ∼ N (µ1 , P1 )
and wt ∼ N (0, Dt ), using (2). The initial reference state is
x̄1 = µ1 . By utilizing the discrete-time dynamics, it is possible
to generate non-Gaussian noise for the system and capture
model uncertainty.
C. Feedback Policy
Each sample trajectory is subject to a policy constraint,
(i)

(i)

ut = πt (xt , x̄t , ūt , θt ),

(13)

cost

LQR

DPO

state
control
total

3.18
0.84
4.02

2.26
0.39
2.64

at each time step. Instead of optimizing global policies, we
search for local feedback policies that can depend on the
reference trajectory. While these policies can be from any
differentiable function class, we focus on linear policies for
simplicity and leave extensions to more complex functions to
future work.
D. Chance Constraints
Chance constraints are approximated by constraining the
reference and sample trajectories. The probability of violation,
, corresponds to particular level sets of the state and control
distributions. The sampling parameter β can be selected in
order to sample sigma points that approximate these level
sets. Constraints are only enforced at these points. While
more accurate methods for evaluating chance constraints exist,
they are much more computationally demanding. Instead, DPO
trades computational tractability for exact guarantees.
E. Nonlinear Programming Formulation
DPO can be formulated as the following NLP:
minimize

J(τ̄ ) +

Θ,τ̄ ,τ (1:N )

N
X

S(τ̄ , τ (i) )

(14)

i=1

subject to x̄t+1 = f¯t (x̄t , ūt , 0),
(1:N )
xt+1
(1:N )
ut

=

(1:N )
gt (τt
, Dt ),

t = 1, . . . , T − 1,

=
(1:N )

πt (xt

, x̄t , ūt , θt ), t = 1, . . . , T − 1,

cj (τ̄ ) ≤ 0,
cj (τ

t = 1, . . . , T − 1,

(1:N )

) ≤ 0,

j = 1, . . . , k,
j = 1, . . . , k.

Additional constraints, for example, conditions on the policy
parameters or trajectories, can be directly added to the formulation. Off-the-shelf large-scale NLP solvers like Ipopt [24]
and SNOPT [5] can be employed to efficiently optimize (14)
by taking advantage of sparsity in its associated Jacobian and
Hessian matrices.
IV. E XAMPLES
The following examples were implemented in Julia, used
SNOPT to optimize (14), and were performed on a laptop
computer with an Intel Core i7-7600U 2.80 GHz CPU and 16
GB of memory.
To verify the performance of DPO, optimized policies are
simulated at ten times the sample rate used during optimization, systems are simulated with explicit third-order RungeKutta integration, zero-order-hold control interpolation, cubic

orientation
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Fig. 6: Simulated tracking (black) for the orientation of a
rocket experiencing fuel slosh during landing. Comparison
between LQR (blue) and DPO (orange) polices.

lr
Fy , Fz
y

Fig. 5: Rocket with planar dynamics. The model has lateral
and vertical positions y and z, orientation φ, and thrust inputs
Fy and Fz . Parameters are inertia Jr , mass mr , and length
lr from center of mass to thruster. A pendulum positioned df
from rocket center of mass, with orientation ψ, length lf , and
mass mf , models fuel slosh.

equation are near the tolerance of the solver: 2.4e-5, 4.0e7, 8.5e-7, respectively—reinforcing that the approximations
made in the derivation of DPO are exact in the LQG case.
Additionally, the second term in (11) is zero, demonstrating
that the separation principle holds for this problem.
B. Car

spline state interpolation, and are subject to additive zeromean Gaussian noise. TO and DPO utilize the same objective
for the reference trajectory. Throughout, the tracking cost
(10) and LQR policies have the same weights and, unless
specified, β = 1. The reported tracking error is computed
using the tracking cost (10) for a single trajectory. During
optimization we employ implicit midpoint integration and use
discrete dynamics with additive noise,
(i)

(i)

(i)

(i)

(i)

xt+1 = ft (xt , ut ) + wt .

(15)

We find that additive noise with state augmentation and different sample models is quite general and capable of capturing
interesting dynamical effects. Policies use linear feedback to
track the reference trajectory,
(i)

(i)

ut = ūt − θt (xt − x̄t ).

(16)

Our implementation of DPO and additional details for
each example are available at, http://roboticexplorationlab.org/
projects/dpo.html.
A. Double Integrator
We first demonstrate that DPO recovers the LQR solution
for double integrator dynamics,


 
1 1
0
xt+1 =
x +
u + wt
(17)
0 1 t
1 t
with n = 2 states, m = 1 controls, and d = 2 disturbances,
regulated to the origin over a horizon T = 51. The policy has
p = 2 parameters at each time step. Initial states are sampled
from a distribution with µ1 = 0 and P1 = I, disturbances have
D1:T −1 = I, the weights are Q1:T = I and R1:T −1 = I.
The decision variables are initialized by uniformly sampling
between −1 and 1 for 1000 trials. The maximum, mean, and
standard deviations of the normalized error between the DPO
policies and the exact LQR solution computed with the Riccati

We plan a collision-free path through four obstacles for an
autonomous car, modeled as a unicycle [8],
  

ẏ
vcos(φ)
 ż  =  vsin(φ)  .
(18)
ω
φ̇
The n = 3 states are positions y and z, and orientation φ.
The m = 2 controls are the forward and angular velocities, v
and ω. There are d = 3 disturbance inputs and the policy has
p = 6 parameters at each time step. Initial states are sampled
from a distribution with µ1 = 0, P1 = diag(1, 1, 0.1), weights
are Q1:T −1 = diag(10, 10, 1), QT = 100I, and R1:T −1 =
0.1I, and disturbances have D1:T −1 = diag(δ, δ, 0.1δ). The
planning horizon is T = 51 with fixed time step h = 0.02.
The choice of β = 1 over the planning horizon results in
constraints being enforced on the 1-sigma level set of the state
distribution, corresponding to  = 0.32.
For this scenario, TO finds a path that is in close proximity
to the obstacles. In contrast, by considering noise, DPO with
δ = 0.001 finds a path that remains a safe distance from
the obstacles. Decreasing the noise results in convergence
to the TO solution. However, larger disturbance inputs (e.g.,
δ = 0.01), expose a limitation of DPO; samples can diverge,
resulting in a multimodal state distribution with trajectories
taking different paths around the obstacles (Fig. 3). Ultimately,
unlike ad hoc techniques like obstacle inflation, DPO considers
the coupling of dynamics, constraints, and disturbances to
generate safer paths for the system.
C. Cart-Pole
A swing-up trajectory for a cart-pole [19] with a slider that
experiences Coulomb friction is synthesized for horizon T =
51 and fixed time step h = 0.1. The state, x = (y, φ, ẏ, φ̇), has
cart position y, pendulum orientation φ, and their respective
time derivatives. The optimality conditions for the maximumdissipation principle [17] are used as constraints to explicitly
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TABLE II: Tracking error, computed with (10), for rocket
landing with fuel slosh. Comparison between LQR and DPO
policies.
cost

LQR

DPO

state
control
total

4725.39
75.21
4800.60

5.02
0.39
5.41

model friction [11] with coefficient µf = 0.1 for each trajectory. The cart position is controlled and m = 1, there are d = 4
disturbance inputs, and the policy has p = 4 parameters at each
time step. Initial states are sampled from µ1 = 0 and P1 = I,
the weights are Q1:T −1 = diag(10, 10, 1, 1), QT = 100I, and
R1:T −1 = I, and disturbances have D1:T −1 = 0.001I.
The performance of LQR tracking reference trajectories
optimized subject to friction, as well as the DPO policy, are
verified in simulation. Results are provided in Table I and
tracking for the position and orientation is shown in Fig. 4. By
first designing a trajectory that explicitly models friction, it is
possible to subsequently synthesize an LQR policy for tracking. In contrast, DPO, which can handle nonsmooth dynamics,
produces superior tracking by simultaneously optimizing the
reference trajectory and policy.
D. Rocket Landing
We plan a soft landing for a rocket [13]. The nominal
system with planar dynamics has state x = (y, z, φ, ẏ, ż, φ̇),
with lateral and vertical positions y and z, orientation φ, and
their respective time derivatives. The rocket is controlled with
gimballed thrust, u = (Fy , Fz ). It is initialized with non-zero
displacements and velocities relative to its target state: a zerovelocity, vertical-orientation touchdown inside a landing zone.
The rocket experiences fuel slosh during landing that is
not accounted for in the nominal model. This is a critical
dynamical effect, but it is difficult to model and observe.
In practice, these unmodeled effects are typically handled in
ad hoc ways, often with extensive Monte Carlo simulation
and controller tuning. To approximately model fuel slosh,
we augment the nominal model with two additional states
associated with an unobservable and unactuated pendulum
(Fig. 5). A common frequency-domain control approach is to
include a notch filter at the pendulum’s natural frequency in
order to prevent excitation of these fuel-slosh dynamics. We
instead use DPO to synthesize a policy that is robust to fuel
slosh.
The reference trajectory is optimized with the nominal
model, while the sample trajectories are subject to the augmented model in order to capture fuel-slosh dynamics, and a
linear output feedback policy is optimized that does not have
access to the fuel-slosh states. There are d = 8 disturbance
inputs to the augmented model and the policy has p = 12
parameters at each time step. Initial states for the augmented
model are sampled with uncertainty P1 = I, weights are
Q1:T −1 = 100I, QT = 1000I, and R1:T −1 = diag(1, 1, 100),
and disturbances have D1:T −1 = 0.001I. Over the planning
horizon T = 41 with free final time, thrust limits are enforced.

Fig. 7: Simulated position trajectories (gray) for quadrotor
controlled with LQR (top) and DPO (bottom) policies while
experiencing different propellers breaking. LQR (blue) has
degrading tracking while DPO (orange) has superior, and
nearly identical tracking regardless of which propeller breaks.

TO finds a 2.72 second solution, whereas DPO finds a longer
2.91 second path to the landing zone. The position trajectories
are shown in Fig. 1, simulation results with fuel slosh are
provided in Table II, and tracking results for the rocket’s
orientation are shown in Fig. 6. Due to fuel slosh, LQR fails
to track the path generated by TO and the rocket tips over,
whereas the DPO policy successfully lands the rocket. DPO
is able to optimize a policy for a system with unobservable
dynamical effects by sampling augmented models.
E. Quadrotor
A point-to-point maneuver is planned for a quadrotor [14]
that experiences a random blade breaking off from a propeller
during flight. A broken propeller is modeled by constraining
the corresponding control input to be half its nominal maximum value. We use DPO to optimize a policy that is robust to
this event occurring for any of the propellers. The reference
model has no broken propellers, but the sample trajectories
are optimized with different models from four groups, each
experiencing a different broken propeller. There are n = 12
states, m = 4 controls, d = 12 input disturbances, and the
policy has p = 48 parameters at each time step. Initial states
are sampled around the initial nominal state with uncertainty
P1 = I, weights are Q1:T −1 = 10I, QT = 100I, and
R1:T −1 = I, and disturbances have D1:T −1 = 0.001I. Thrust
limits are enforced over the planning horizon T = 31 with a
free final time.
TO finds a 2.71 second trajectory, while DPO finds a longer
3.38 second trajectory with lower maximum controls (Fig.
8). The policies are compared in simulation over 100 initial
conditions with noise sampled from N (0, 0.001I). One set of
initial conditions is visualized in Fig. 7. The average tracking
performance over each propeller breaking is provided in Table
III. DPO finds a policy with consistent and superior tracking
compared with LQR for all cases by optimizing over different
models.
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TABLE III: Tracking errors with mean (µ) and standard
deviation (σ), computed with (10), comparing LQR and DPO
policies for quadrotor over 100 initial conditions for each
propeller being broken.

3
u2

u1

7

cost (µ, σ)

LQR

DPO

3

state
control
total

(13.43, 12.64)
(0.074, 0.067)
(13.50, 12.71)

(4.74, 5.87)
(0.020, 0.022)
(4.76, 5.89)

u3

u4

0

0

0

1

2
time

3

(a) propeller 1 broken

0

1

2
time

3

Fig. 8: Nominal controls for quadrotor performing point-topoint maneuver generated with TO (blue) and DPO (orange).
The controls found with DPO are applied over a longer horizon
and have lower maximum values compared to TO.

cost (µ, σ)

LQR

DPO

state
control
total

(13.13, 11.98)
(0.073, 0.065)
(13.21, 12.05)

(4.74, 5.87)
(0.020, 0.023)
(4.76, 5.89)

(b) propeller 2 broken
cost (µ, σ)

LQR

DPO

state
control
total

(3431.91, 12895.93)
(2.21, 7.86)
(3434.12, 12903.75)

(4.74, 5.88)
(0.020, 0.023)
(4.76, 5.90)

(c) propeller 3 broken

V. D ISCUSSION
We empirically demonstrate through Monte Carlo simulations that DPO recovers LQR policies for a double integrator
system. It seems possible that for LQG problems, despite
the non-convexity of the policy constraints, there exists a
unique global solution for DPO. However, we leave a formal
convergence analysis to future work.
The motion-planning examples highlight a number of DPO’s
capabilities compared to DIRTREL and GPS. In the cart-pole
example, DPO is able to subject each trajectory to discontinuous Coulomb friction calculated with the maximum-dissipation
principle, whereas a similar DIRTREL example only applied
white-noise disturbances to a single model [10]. This example
also highlights how jointly optimizing trajectories and a policy
leads to superior performance, a distinction compared to the
decoupled approach employed by GPS. Next, in the rocket
landing example, DPO optimizes an output feedback policy,
whereas DIRTREL is limited to state feedback. Additionally,
directly modeling fuel-slosh dynamics with a pendulum is
likely simpler than designing input disturbances for DIRTREL
to capture the same effects. Finally, with DPO, additional
constraints can be applied to any of the decision variables,
whereas the ability of GPS to handle constraints using DDP
and stochastic gradient descent is limited.
Because we use local optimization methods to solve DPO,
providing good initial guesses to the solver is crucial for
performance of the algorithm. In practice, we use a standard
TO solution to warm start the reference and sample trajectories for DPO. For linear state-feedback policies, we use the
corresponding LQR solution as an initial guess. While not
necessary in any of our examples, initial guesses for more
complex policies could be found by running DPO without the
policy constraint, then performing an offline regression to fit
approximate policy parameters for warm starting.
For a TO problem solved with a sparsity-exploiting secondorder
 method, the
 computational complexity is approximately
3
O T (n + m)
[25]. For DPO, we can consider an aug-

cost (µ, σ)

LQR

DPO

state
control
total

(4843.89, 14892.19)
(3.21, 9.41)
(4847.10, 14901.59)

(4.74, 5.87)
(0.020, 0.023)
(4.76, 5.89)

(d) propeller 4 broken

mented state and control with dimensions n(2n + 2) and
m(2n
The complexity of DPO is, therefore,
 + 2), respectively.

6
3 3
O T (n + m n ) . In the examples, which do not employ
a specialized solver, solution times range from seconds to
1.5 hours for a state with n = 12 on a laptop computer. It
is likely possible to exploit the DPO problem’s structure to
improve the complexity by using custom linear solvers. Firstorder methods, which can scale much better, become attractive
for DPO as problems become large.
Lastly, LQR is a powerful tool and can likely be tuned
to qualitatively match the performance of the linear policies
found with DPO in many cases. However, the strength of
DPO lies in its ability to explicitly reason about robustness
and the complex coupling between dynamics, constraints,
and disturbances during synthesis, instead of relying on hand
tuning and heuristics.
VI. C ONCLUSION
We have presented a new algorithm, Direct Policy Optimization, for approximately solving stochastic optimal-control
problems. We demonstrate that the algorithm is exact in the
LQG case and is capable of optimizing policies for nonlinear
systems that respect control limits and obstacles, and are robust
to unmodeled dynamics.
Many interesting avenues for future work remain: Extensions to nonlinear policies could be made by introducing
high-dimensional features and regularization or constraints
on policy parameters, or neural networks could be used to
parameterize policies since the policy parameters scale much
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better compared to state and control dimensions. Another
potential direction is to optimize a local value function approximation in place of an explicit policy. A much richer class
of disturbances and model parameter uncertainty could also be
modeled by augmenting the state vector and dynamics. Lastly,
more complex systems with larger state and input dimensions
may be more amenable to optimization with first-order or
matrix-free methods.
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