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Abstract. We consider the problem of planning a custom robot’s be-
havior for the task of autonomously unloading boxes from trucks. The
system is required to reason what is the most beneficial sequence of fea-
sible actions that will allow to safely complete the given task as fast
as possible. This is a complex task due to imperfect information (what
are the masses of the boxes in the truck?), non-trivial cost functions (is
it better to attempt aggressive actions that may jam the system but
unload multiple boxes or settle for a more conservative approach?), a
huge spectrum of possible settings (was the truck neatly packed or were
the boxes tossed into the truck?) and more. The complexity of the task
can be partially ameliorated by using simulators in an offline stage to
examine different scenarios and precompute approaches or strategies for
recurring settings. This raises a multitude of questions such as how to ef-
ficiently construct such strategies? and how should they be used online?
To this end, we present a planning, learning and reasoning system for a
robotic truck-unloading application. We describe the different algorith-
mic components of our system and the reasons why this architecture was
chosen. We demonstrate its efficacy in simulation and highlight research
questions that emerged from this work.

1 Introduction

We consider the problem of planning and executing robot motions to complete
complex tasks in real-world application. Specifically, we consider the problem of
unloading boxes from truck trailers in a warehouse environment onto a conveyor
belt (Fig. 1). Here, we are required to plan robust actions for a custom-built
truck-unloading robot equipped with two end effectors—a manipulator-like tool
with suction grippers (raised up in Fig. 1a) as well as a scooper-like tool (lowered
to the ground in Fig. 1a).

The planning module needs to continuously decide which end effector to use
(manipulator or scooper)? and how to use the chosen end effector (where to pick,
how fast to scoop)? This needs to be done with partial information (imperfect
perception module, unknown box masses, etc.) and for a wide range of environ-
ments. While there is a wide range of environments that need to be handled,
the same high-level choices can be used in many similar environments. For ex-
ample, for neatly-stacked walls of boxes, the robot should use the manipulator
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Fig. 1: (a) Truck-unloader robot with its manipulator-like and scooper-like end
effectors. (b) Pick operation using the suction cups at the end of the manipulator-
like end effector.

to unload several rows of boxes (from top to bottom) until the remaining boxes
can be scooped. On the other hand, unordered piles of boxes should be scooped
slowly to avoid jamming the system. However, even for similar scenarios that
share the same sequence of high-level actions, the system is required to plan the
robot’s actual motion—environments may slightly differ and a collision-free path
for one environment may be in-collision with obstacles in a similar environment.

The system can be modeled in a simulator capable of simulating picking and
scooping. The use of this simulator is an integral part of our architecture—in an
offline phase we use it to compute high-level plans for recurring settings. These
pre-computed plans which we term strategies are stored in a library of learned
strategies. In addition, our architecture allows for manually-constructed (hard-
coded) strategies to be added to the library. During execution, the system is likely
to encounter new environments for which strategies were not computed. Thus, to
effectively use these precomputed strategies, the system learns a mapping that
predicts which is the best one to use given a new, unforseen environment. Once
such a strategy is picked, motion plans for individual actions are planned using
a state-of-the art motion planner and then executed by the robot.

While the approach described is general and we anticipate that it can be
applied to many systems, in this work we focus on the performance of the ar-
chitecture for our specific truck-unloading application (Sec. 3). After describing
related work (Sec. 2), we detail the proposed architecture and the modules it is
composed of (Sec. 4) and demonstrate its efficacy in simulation (Sec. 5). We con-
clude with a discussion highlighting open research questions that emerge from
our proposed architecture (Sec. 6).

2 Related work

In order to achieve high-level goals such as unloading a truck filled with boxes, a
robot has to reason both about low-level motion planning, as well as high-level
decision making. For instance, high-level task planning is required to choose a
strategy of where to pick boxes and then a low-level motion planner is needed
to plan a collision-free path to execute that strategy. Such problems in general
fall under the category of Task and Motion Planning (TAMP) [10,21,27,30].
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Typically TAMP problems are formulated in deterministic settings where
states are fully observable and outcomes of actions are deterministic. Task plan-
ning is then performed on logical predicates which require geometric reasoning
and certain abstraction to be applicable to real-world problems [27]. Due to the
complexity that comes from hierarchical planning, these approaches often suffer
from long computational times and thus are not well-suited for time-critical ap-
plications such as truck-unloading. Kaelbling,and Lozano-Pérez [11] accounted
for uncertainty when planning in non-deterministic settings but that came with
additional computational overhead. The computational complexity can be re-
duced, to some degree, by learning to predict solution constraints on the plan-
ner [12]. This approach allows to prune the search space but does not reason
about the high-level sequential decision making for multi-step tasks.

In contrast to these approaches, we use offline planners to generate training
data and then use learners online to choose appropriate strategies in real time.
Our approach is similar in nature to the work by Guo et al. [6] which is used for
Arcade Learning Environments. They use slow but informed offline simulated
planning (Monte-Carlo Tree Search [1]) to produce training data for a learner
to choose actions in real-time. However, as our domain is non-deterministic we
require planners capable of dealing with uncertainty.

Planning under observation and model uncertainty is usually framed as a
partially observable Markov decision process (POMDP) [9,14]. Many POMDP
solvers use point-based value iteration that requires explicit models for the prob-
ability distributions [20,24]. Another approach to solving POMDPs is by running
Monte-Carlo searches on a simulation [26] that does not rely on explicit prob-
ability distributions. We combine this approach with advanced heuristic-search
methods to efficiently plan strategies (Sec. 4.1).

3 Preliminaries

3.1 System description & objectives

In many warehouse applications, boxes need to be unloaded from incoming trail-
ers and on to conveyor belts where they will be singulated, scanned and sorted.
Currently, these trailers are both loaded and unloaded by human workers—a
labor-intensive and time-consuming step. The system we consider is aimed at
automating the unloading step by a custom-designed mobile robot that can au-
tonomously enter truck trailers, pick boxes using its end effectors (manipulator-
like and scooper-like tools, referred to as “arm” and “nose”, respectively) and
place them onto conveyor belts that are located on the robot.

Truck trailers come from different vendors and contain boxes in a variety of
shapes, sizes and weights. Furthermore, they are loaded manually by different
workers and tend to shift and move when transported. Thus, there is a wide range
of environments that need to be considered and a large uncertainty regarding
the specific environment encountered when a new truck arrives (Fig. 2).

The objective of the system is to unload boxes as quickly and efficiently as
possible. However, boxes should not be damaged in this process (e.g., by being
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Fig. 2: Examples of different trailers that need to be unloaded by our system.

dropped from above a certain height). Furthermore, the nose is wider than the
rear conveyor belts in order to maximize the range of boxes that can be unloaded.
Thus, scooping (also referred to as “sweeping”) boxes aggressively may cause
system jams where the conveyors become narrower. This, in turn, may require
human intervention—a costly operation in terms of time as the system needs to
be shut down. Finally, the system is equipped with a wide suite of sensors that
allow it to avoid collision with the trailer, estimate box poses, and detect jams.

3.2 Basic de�nitions

De�nition 1. A configuration q is a d-dimensional point that uniquely describes
the position and orientation of each one of the robot’s joints. The set of all robot’s
con�gurations C is termed the con�guration space or C-space.

De�nition 2. A static environment Wstatic is a description of static three-
dimensional obstacles in the environment such as the walls, 
oor and ceiling
of the truck trailer.

De�nition 3. A dynamic environment Wdynamic(t) at time t is a description of
three-dimensional obstacles in the environment such as box poses, their dimen-
sions, and masses.

De�nition 4. A perceived dynamic environment W̃dynamic(t) at time t is a
description of the three-dimensional obstacles in the environment as captured
by the perception system. It is an approximation of Wdynamic(t) that is partial
(e.g., due to boxes that cannot be observed and their unknown masses) and may
contain errors (e.g., due to inaccurate box segmentation).

De�nition 5. A system’s state s(t) at time t is a description of the robot’s
con�guration, the static obstacles, and the dynamic obstacles in the environment.
We denote the set of all states as S(t) = C�Wstatic�Wdynamic(t). The system’s
perceived state s̃(t) is de�ned analogously3.

De�nition 6. An action A taken by the robot when the system is at state s is
a command to the its controls (e.g., motors, suction cups, conveyor belt speeds,
etc.). The outcome of an action is a set of possible states, each occuring with a
certain probability. This is due to imperfect actuation, noisy interaction between
the robot and the boxes as well as uncertainty in the interaction between boxes.
3 In the rest of the text, when clear from the context we will omit the time component

from s(t) and s̃(t).
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Fig. 3: (a) Belief tree constructed over the actions (u1 through u4) and observa-
tions (z1 and z2) from an initial belief b0. (b) Strategy, that specifies the best
action (red arrows) for each belief state (node) reachable from b0.

4 System architecture

The planning, learning and reasoning (PLR) component of our system, which is
the focus of this work, is tasked with planning the collision-free motions of the
robot (end effectors as well as base) that will maximize the system’s through-
put (rate of boxes unloaded) while minimizing damage to boxes. It continuously
receives as an input, the current estimated system state s̃ provided by the per-
ception module. Specifically, s̃, contains (i) a voxel grid estimating the static
environmentWstatic which is the trailer’s walls, ceiling and floor and (ii) an esti-
mate of the dynamic environmentWdynamic which is the position and orientation
of each one of the boxes in the trailer. Box depths are provided with confidence
intervals and masses are not provided at all. These two parameters (box depth
and mass) are the main sources of uncertainty in our system.

Subsequently, the PLR outputs a trajectory to be executed by the robot’s
motors. These motors also include sensors (e.g., force / torque sensors) allowing
the PLR to output trajectories that are terminated by a given “trigger” or event
(e.g., sweep with the nose until a certain force or torque level is exceeded).
Executing actions such as moving the robot’s base typically take time that is in
the order of several seconds. We assume that the perception module updates s̃
at a high-enough frequency allowing the PLR to constantly reason what is the
next action to be taken. In addition, we assume that the system has access to a
simulator that estimates the outcome of actions. Before we detail the system’s
modules, we introduce a key notion that drives our architecture—strategies.

4.1 Key ingredient|strategies

We represent a robust motion plan as a decision tree of sequential actions and
observations which is referred to as a strategy hereinafter. Specifically, a strategy
is a partial mapping that describes what action to take given a system’s state
(see Fig. 3). It is important to note that the system does not have access to the
true state s but to an estimated state s̃. Instead of explicitly representing the
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(a) O�ine phase, step 1|
generation of strategy li-
brary.

(b) O�ine phase, step 2|
learning how to choose a
strategy.

(c) Online phase using the
strategy library and the
strategy chooser.

Fig. 4: Truck unloading PLR system architecture.

estimated states, a strategy encodes them in a decision tree where the root is
the initial belief (probability distribution over states) and the branches represent
the possible sequences of actionsu and observationsz.

For example, strategies can be simplistic such as \move forward at a constant
speed while scooping; if no boxes are left, terminate." or more complex such as
\try to pick up boxes from the low-left section of the truck by selecting a target
pick point and �nding a collision-free motion to it; if the boxes were successfully
picked, try to pick boxes from the low-right section; if not and if the suction
grippers lost contact with the boxes while pulling them back, try to pick up
boxes from the high-left section; else if no valid pick point was found, move the
robot base back and take another observation; . . . "

One option to de�ne e�ective strategies that are applicable to any state would
be to employ a highly-complex, manually-designed (hardcoded)state machine
that encodes domain knowledge. This approach has two main shortcomings; the
�rst is that maintaining and updating such a strategy is highly non-trivial. As
unforeseen scenarios are encountered or unintended results of certain actions are
discovered, the designer of this hardcoded strategy is required to assess how new
changes a�ect the system. The second shortcoming is that this does not allow
for adapting the system's behavior to prior information|if a vendor is known
to ship small, light boxes, the system should adapt to work best for such cases.

To this end, we suggest toautomatically generate a set of strategies in an of-

ine phase using the simulator. When the system is deployed, at any given time,
it choosesthe most appropriate strategy among the pre-generated strategies as
well as the hardcoded strategy and executes the actions de�ned by this strategy.
As we will see, this framework allows the system to generate near-optimal strate-
gies for sampled environments and also e�ectively generalize them to adapt to
the stochastic environments at run time.

4.2 System overview

As mentioned, the PLR uses an o�ine phase (composed of two distinct steps
which we detail shortly) to design strategies which are then used in the online,
truck-unloading phase. For a system diagram, see Fig. 4.

� The Motion Planner , used in both phases, receives as an input an estimated
state ~s as well as a goalg and plans a collision-free trajectory to reachg.
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� The Strategy Executor, used in both phases, receives as an input a strategyS
and an estimated state ~s. It is tasked with executing S by instantiating the
high-level actions into motion-planning queries and assessing which queries
are collision-free (using the Motion Planner). Once a collision-free trajectory
is computed, it is sent to the robot's controllers or to the simulator.

� The Strategy Generator, used in the �rst step of the o�ine phase, generates
a library L of strategies, each tailored for a di�erent environment. It uses
the strategy executor as well as the Motion Planner and the simulator to
simulate the outcome of di�erent actions in order to plan a highly-e�ective
strategy for the given environment.

� The Strategy Generalizer, used in the second step of the o�ine phase, is
tasked with learning a mapping M called astrategy chooserwhich is used in
the online phase to decide which strategy to use given a speci�c system state.
This is required as the strategies inL were planned for speci�c environments.
It is unclear upfront, which strategy is best to use given a new environment.
The Strategy Generalizer uses the Strategy Executor and the Motion Planner
to simulate the outcome of di�erent strategies in L to learn M .

4.3 System modules

Here we detail the main algorithmic components that are used within thePLR.

Motion planner. The motion-planning module is tasked with planning collision-
free motions for the robot. It must handle a large variety of task-speci�c path
and goal constraints. For example, a given planning query might be for the arm
to reach a particular pose by moving either the base, the arm or both, without
moving the nose. For another query, we may want to relax checking for collisions
between the arm's end e�ector and the boxes, if our intention is to pick them.

In our system, minimizing execution time is of utmost important to unload a
large volume of boxes e�ciently. Additionally, short planning times are desired to
enable the Strategy Executor to rapidly evaluate many potential motions, when
determining the best way to accomplish a high-level action. Finally, planning
times and generated plans should beconsistent. Namely, similar queries should
roughly take the same amount of planning time and result in similar plans.
Unfortunately, sampling-based planners such asRRT [16] and its many variants
often have a large variance in their planning times and solutions due to the
stochastic nature of the algorithm.

To this end, we choseARA* [18] as our planner.ARA* is an anytime heuris-
tic search-based planner which tunes its performance bound based on available
search time. Speci�cally, it computes an initial plan quickly and re�nes its qual-
ity as time permits. Our search space consists of a uniformly-discretized state
lattice with motion primitives [2], where each motion primitive is a short, atomic
motion executable by the robot. To produce e�cient-to-execute paths, we use a
cost function that approximates the time to perform each motion primitive.

Strategy Executor. The Strategy Executor e�ciently executes a high-level
strategy by continually evaluating the current state of the world as received
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from the robot's sensors and translating high-level actions into speci�c motion-
planning queries which are then executed by the robot. This is done until the
strategy is completed or an alternative one is provided.

Strategy Generator. The Strategy-Generator is tasked with precomputing a
set of robust and e�cient strategies L for a small set of given environments such
as those depicted in Fig. 2. In generating strategies, we assume that the planner
only has access to a perceived environment. A common example of data that is
unknown to the planner is box masses which a�ect the system's dynamics.

This problem can be modeled as the problem of planning robust motions
under uncertainty, also known as belief-space planning, which can be formulated
in a principled form as a POMDP [9,14]. In contrast to the assumption used
in many POMDP solvers, we do not have access to an explicit model of the
POMDP but to a generative model, the simulator. Given a state and an action,
the simulator provides a sample of a successor state, observation, and cost (ex-
ecution time). Monte-Carlo based methods such asPOMCP [26] can be applied
to such settings. Their favorable traits can be attributed, in part, to represent-
ing each belief state using a set ofparticles and performing a Monte-Carlo tree
search on these set of particles. However, such planners are not well suited to a
Goal POMDP where the objective is to achieve a speci�c goal (e.g., unloading
the boxes from the truck in our setting). They typically lack in e�ective guidance
toward the goal, and thus, require a large number of simulations to converge.

To this end, we use Partially Observable Multi-Heuristic Dynamic Program-
ming (POMHDP) which incorporates heuristic-based belief-space planning to-
gether with a particle representation. For additional details, see [13].

Fig. 5: Learning framework

Strategy Generalizer. The Strat-
egy Generalizer is tasked with learn-
ing a mapping M called strategy
chooser that is be used in the online
phase to choose the strategy to exe-
cute for a given state. As noted, the
Strategy Generator precomputes ro-
bust and e�cient strategies L only for
a small set of environments and dur-
ing the online phase the system en-
counters new environments and needs
to generalize the pre-computed strategies to ensure high-quality performance.

As mentioned in Sec. 4.1, one solution to tackle this problem is to manually
design a complex state machineH, referred to ashardcoded strategy, created by
a domain expert that encodes domain knowledge. However, encoding satisfac-
tory behavior by a single strategy for the large set of environments that will be
encountered is extremely challenging. In contrast, we present a learning-based
solution to train M as a binary classi�er that chooses either the hardcoded strat-
egy H or one of the pre-computed strategies inL which is chosen using a simple
1-nearest neighbor classi�erNN. To aid in generalization, we extract features of
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