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I. INTRODUCTION

Robotic manipulation in environments shared with humans
is difficult. Robots must not only succeed with their well-
specified task objectives, such as grasping and placing ob-
jects, but they must also do so in human acceptable way.
Despite being able to easily recognize and demonstrate such
trajectories, specifying criteria to produce them is hard. Re-
cent advances in planning [1], [2] have proven successful at
fulfilling objectives such as being collision-free or generating
smooth motion, but they tend to ignore human preferences.

Inverse optimal control (IOC) [3], [4], [5], [6], [7], [8], [9]
provides an attractive option for learning motion criteria that
are difficult for the roboticist to specify. IOC estimates a cost
function for a decision process that (partially) rationalizes
manipulation trajectories demonstrated via teleoperation by
making them (near) optimal. The key advantage of IOC—as
opposed to directly estimating a control policy—is that this
estimated cost function generalizes to new situations.

The many degrees of freedom (DOF) of typical robotic
arms pose significant challenges for using IOC on manipula-
tion tasks. IOC relies on solving the optimal control problem,
but this is generally intractable and state-of-the-art planning
methods provide no optimality guarantees. Furthermore, to
robustly learn cost functions from non-optimal demonstra-
tions requires the ability to reason about distributions over
paths, rather than only computing the optimal one [4].

Motivated by the weaknesses of existing IOC methods
on high-dimensional control tasks, we propose an IOC ap-
proach that is more complementary to the strengths of recent
trajectory planners. Our key observation is that trajectories
produced by planners often fail to be human-acceptable due
to their coarse characteristics (e.g., the approach direction
or choice of paths weaving between obstacles) rather than
their fine-scale characteristics (e.g., smoothness, obstacle
avoidance). Our approach uses IOC to learn trajectory prefer-
ences through a coarse, discrete graph approximation of the
trajectory space and then uses a trajectory optimizer to fine-
tune the resulting coarse trajectory based on the learned cost
function. We demonstrate the effectiveness of this approach
with experiments on two 7-DOF robot arms (Fig. 1). (For
the conference version of this abstract, please see [10].)

II. APPROACH

To create a trajectory planner capable of producing tra-
jectories that are more acceptable to people, we begin by
separating the manipulation trajectory planning task into two
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Fig. 1: PR2 and Barrett WAM arm used in our experiments. The
manipulators are 7DOF, posing a challenge for IOC approaches.

distinct problems: (1) coarsely choosing a natural motion for
the trajectory based on relational and topological properties
with objects and obstacles; and (2) refining the coarse
trajectory to be smooth and precise near obstacles.

We coarsely approximate the space of trajectories using a
discrete graph representation and employ MaxEnt IOC [4] to
learn complex cost functions that partially rationalize demon-
strated manipulation trajectories that we project onto this
graph. A generalizable parametric probability distribution
over paths through the graph is also output by MaxEnt IOC.
We employ local trajectory optimization on samples from
this graph distribution to produce smooth, obstacle avoiding
trajectories using criteria that do not need to be learned.

A. Discrete IOC in a coarse path space

We construct a sparse discrete space to tractably approx-
imate our continuous trajectory space. This discrete space
is represented as a graph in the robot’s configuration space
(Q). We project the demonstrations onto this graph and use
discrete MaxEnt IOC to learn a distribution over graph paths
that matches the projections. A key consideration in our
approach is the ability to generalize to new situations. For
this reason, we construct our graph representation of the
trajectory space independently from the demonstrations as
these trajectories will not be available in new situations. We
summarize the key steps in the discrete graph IOC:
Graph generation: Given a start and goal configuration
(ξs, ξg ∈ Q), we generate a graph in the robot’s configuration
space by sampling from gaussians around the straight line
trajectory from start to goal. Each configuration is connected
to its k-Nearest Neighbours to generate an undirected graph.
Projecting demonstrations to the graph: We use a modified
Dijkstra’s algorithm to project the demonstrations onto the
graph. The projection aims to find the graph path that is
closest to the demonstration in an Euclidean sense.
Discrete MaxEnt IOC: Given our coarse graph, we estimate
a distribution over graph paths that has maximum entropy
while matching the feature counts (f ) of the projected demos.
We estimate parameters as linear weights (θ) for the features.
The resulting potentials (θT f ) are analogs to state “costs.”
Sampling paths from discrete graph: We sample paths from
our graph in two ways. We can probabilistically sample



Left/Right Approach Move-Can Laptop

In Collision (%) Wrong side (%) In Collision (%) Norm. Dev (deg) In Collision (%) Norm. Dev (deg) Above Laptop (%)

Human 0.5 33 ± 2.1 1.9 9.4 ± 0.6 2.7 7.4 ± 0.5 2.1 ± 0.9

CHOMP + Obstacle avoidance 0.4 57 ± 2.9 0.1 13.0 ± 0.8 12.9 18.2 ± 1.7 17.3 ± 3.3

Least Cost graph path 5.1 45 ± 2.9 8.9 10.8 ± 0.6 12.8 9.9 ± 0.5 11.1 ± 2.3

LTO + Random paths 1.4 27 ± 1.9 4.7 8.9 ± 0.2 4.5 5.5 ± 0.4 3.1 ± 1.0

LTO + Least Cost graph path 2.4 29 ± 2.2 1.9 8.8 ± 0.2 6.1 5.4 ± 0.4 4.3 ± 1.5

LTO + Sampled graph paths 1.2 25 ± 1.6 0.5 8.6 ± 0.2 4.0 5.3 ± 0.4 1.2 ± 0.5

TABLE I: Learning performance on the withheld test set. Error bars indicate standard error, and best results are highlighted in bold font.
Metrics are: a) In Collision: percentage of points in collision, b) Wrong Side: Percentage of points on the wrong side of a target object,
c) Norm. Dev: Deviation of the end-effector from the vertical and d) Above Laptop: Percentage of points above electronic objects.

goal-directed paths from our learned path distribution. Al-
ternatively, we deterministically find the most probable path,
which minimizes the cost of traversal through the graph.

B. Local Trajectory Optimization
The paths sampled from the discrete graph after learning

typically avoid obstacles and match the high level prefer-
ences of the demonstrations. However, due to the sparsity
of sampling in configuration space, these paths are not
sufficiently smooth to be executed on the robot, and they
might not completely match the desired properties of the
demonstrations. We resort to a Local Trajectory Optimizer
(LTO) to generate smooth, continuous trajectories from the
discrete paths. Our approach locally optimizes around a sam-
pled path using the learned cost while enforcing smoothness.

The trajectory optimizer (LTO) is inspired by the CHOMP
[1] motion planner. It optimizes a cost function U(ξ) =
ηUsmooth(ξ) +Ulearned that trades off smoothness (eg: sum
of squared accelerations) against the learned cost function
from discrete IOC (Ulearned = θ?T f ). We use standard
gradient descent to optimize the cost function where the
gradient of the learned cost function is computed via finite
differencing (eliminating the need for differentiable features).

In summary, our approach generates discrete graphs to
learn complex cost functions from multiple demonstrations
using IOC. During testing, the approach first generates a
graph connecting a pair of given start and goal points in
the robot’s configuration space. It then computes the features
and resulting cost for all graph nodes, followed by running
Dijkstra’s algorithm to determine the least cost path or
by sampling multiple paths according to the learned path
distribution. These paths are used to initialize the local
trajectory optimizer, which generates smooth paths while
also considering the learned cost. From the possibly multiple
paths, the robot executes the one with the lowest overall cost.

III. EVALUATION

We evaluate our approach on three manipulation tasks us-
ing the 7-DoF manipulators Barrett WAM and PR2 (Fig. 1).
L/R Approach: Approach an object from the right or left.
Move-can: Carry a can to a goal while holding it upright.
Laptop: Carry a cup of water upright, while not moving it
over electronic objects.
For each task, we collected demonstrations via kinesthetic
teaching. We record the joint angles and object positions
for each of the demonstrations. On average, we collected 50
demonstrations for each task from four different users.

Features: We learn using state-dependent, binary fea-
ture functions (≈100 total). Our features are histograms
of distances between the robot and objects, histograms of
elbow clearance, histograms of end-effector’s normal devi-
ation from the vertical direction, binary flags for approach
direction and binary flags indicating whether the end-effector
is above electronic objects and other objects in the scene.
Algorithms: We evaluate our algorithm (and variants) by
comparing against the following on held out test data:

• Human demonstrations (baseline)
• CHOMP + Obstacle avoidance (baseline)
• Least cost graph path (most probable graph path)
• LTO + Random paths (LTO initialized with smooth,

randomly sampled paths)
• LTO + Least cost graph path (LTO initialized with the

most probable graph path)
• LTO + Sampled graph paths (LTO initialized with many

samples from the graph, based on the learned cost)
Additionally, we tested a locally-optimal IOC algorithm that
learns the cost function by matching the features of the
locally-optimal trajectory from LTO (without any graph) with
that of the demonstrations, in an MMP-like setting [6].

IV. RESULTS AND DISCUSSION
Table I summarizes the results on the three tasks. The

key findings from our experiments are: (1) Our approach
is able to learn complex cost functions from demonstrations,
learning to trade off multiple objectives such as not colliding
with objects while holding a cup upright and not moving
above a laptop. (2) The weaker performance of CHOMP
on the task specific metrics indicates that our test tasks do
indeed require cost functions beyond obstacle avoidance.
(3) While paths sampled from the discrete graph are too
coarse to provide very good test performance, the graph
representation is sufficient for learning cost functions that
provide excellent results when used in combination with
our local trajectory optimizer (LTO). (4) LTO achieves the
overall best results when initialized with multiple paths
sampled from the discrete graph according to the learned
cost, often outperforming the human demonstrator on task
specific measures. (5) LTO achieves almost equally good
results when initialized with random paths, indicating that for
certain tasks the generation of the graph at test time might
not be necessary at all. (6) Locally-optimal IOC using LTO
fails to converge, indicating that purely local approaches are
limited in their capacity to learn expressive cost functions
and integration of more global information is necessary.
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