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Abstract— Container loading by a picking robot is an im-
portant challenge in the logistics industry. When designing
such a robotic system, item picking and placing have been
planned individually thus far. However, since the condition of
picking an item affects the possible candidates for placing,
it is preferable to plan picking and placing simultaneously.
In this paper, we propose a deep reinforcement learning
(DRL) method for simultaneously planning item picking and
placing. A technical challenge in the simultaneous planning is
its scalability: even for a practical container size, DRL can
be computationally intractable due to large action spaces. To
overcome the intractability, we adopt a fully convolutional
network for policy approximation and determine the action
based only on local information. This enables us to produce a
shared policy which can be applied to larger action spaces than
the one used for training. We experimentally demonstrate that
our method can successfully solve the simultaneous planning
problem and achieve a higher occupancy rate than conventional
methods.

I. INTRODUCTION

Due to labor shortages, there has been an increasing
demand for automation of a container loading problem by
using picking robots in the logistics industry. For efficient
transportation, it is also required to optimize the occupancy
rate of a container. A conventional container loading problem
[1] focuses on only how to load a container and an item
picking is separately solved. However, in order to optimize
the occupancy rate, those operations should be planned
simultaneously, since the picking position of an item affects
the region in which the item can be placed.

Thus, we design a new container loading problem, simul-
taneous planning for item picking and placing. The goal of
the task is to maximize the occupancy of the container by
planing where to pick an item and placing it in the container.
To achieve this goal, in this paper we formulate the task by
representing the container as a discretized grid space.

In view of planning robots, much research has attempted
to use reinforcement learning (RL) to learn a planner [2],
[3], [4]. However, it is difficult to apply deep RL (DRL)
to our task. This is because actions are combinations of the
picking position and placing position, hence the action space
becomes too large even for a moderate container size.

In this paper, we propose a method for solving our task
by using DRL with the fully convolutional network (FCN)
[5]. Our method is based on the property of the task that

1Corporate Research & Development Center, Toshiba Corporation,
Japan {tatsuya5.tanaka, toshimitsu.kaneko,
masahiro5.sekine}@toshiba.co.jp

2Center for Advanced Intelligence Project, RIKEN, Japan
3The University of Tokyo, Japan

each action can be approximately determined using only
local information. In order to realize this, we apply FCN
architecture for the policy. The policy is therefore applicable
to larger action space than the one used in the training phase.

The main contributions are summarized as follows. First,
we design simultaneous planning for item picking and
placing, which brings beneficial effects for optimizing the
occupancy rate. Second, we propose a DRL method with
FCN for the task. Our method enables us to produce a shared
policy which can be applied to action spaces larger than
the one used in the training phase. Third, we experimentally
demonstrate that our method can learn simultaneous plan-
ning and achieve a higher occupancy rate than conventional
methods.

II. RELATED WORK

The container loading problem is a classical optimization
problem in logistics, and methods such as exact methods
and heuristic methods have been proposed [1]. Compared to
heuristic methods, the number of exact methods is limited
because of the difficulty of representing possible patterns
and practical packing constraints [6]. The deepest bottom left
method is well known as a heuristic method for the container
loading problem. Duan et al. [7] defined the container loading
problem as a combinatorial optimization problem with a
heuristic method that determines the order of loading items.
Since these methods consider only the item placing opera-
tion, they cannot plan the picking and loading operations
simultaneously. In order to optimize the occupancy rate,
those operations should be planned simultaneously.

To overcome the above limitation, methods based on RL
have been proposed recent years. Laterre et al. [8] proposed a
reward design called the ranked reward using the framework
of self-play, and applied it to the container loading problem.
The expected reward is maximized by a Monte-Carlo tree
search (MCTS) [9] based algorithm which decides the order
and placing position of the objects. However, in the MCTS
based method, since the computational time is greatly influ-
enced by the size of the action space, there are concerns
that the tree search may become difficult when planning
picking and loading operations simultaneously. Kundu et al.
[10] designed a 2D online container loading problem and
proposed a method to solve it by using DRL. Since the
method also focuses only on how to load a container, it is
intractable to learn the simultaneous planning due to the large
action space.

RL using FCN was proposed by Woo et al. [11]. In
their method, the Q-function in deep Q-network [12] is
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Fig. 1: Simultaneous planning for item picking and placing.

represented by FCN. The aim is to improve the learning
performance by using spatial continuity, and the applicability
to other sizes of action space has not been discussed.

III. PRELIMINARIES

In this section, we formalize our target problem.

A. Simultaneous Planning for Item Picking and Placing

In this subsection, we describe the problem of simultane-
ous planning for item picking and placing (Fig.1). First we
define the terms for this task as follows.

• Item: A target object which is packed into the container.
• Bin: A container which carries items from a warehouse.
• Tote: A container which items are placed in.
In this task, we assume that a picking robot picks an item

stored in a bin carried from a warehouse by a belt conveyer,
and stores it in a tote. To realize automation of this task, a
planner of the robot needs to repeatedly plan where to pick
an item and place it in the tote. The objective is to maximize
the occupancy rate of the tote for efficient transportation and
it is also required that the picked item and end effector do
not collide with the bin, tote, or items already placed in a
tote. In this paper, we assume a vacuum-type end effector,
which has been widely used in industry for picking robots
[13] and do not consider the reposition of a picked item using
working space.

The detailed settings are listed below.
• The surface area of the end effector is a rectangle of

size WE×DE and the end effector can pick (adsorb)
items in arbitrary positions in this rectangle.

• The robot arm picks an item from a bin and then places
it in the tote. This operation continues until the task is
finished.

• When the picking and placing operations are completed,
the target bin changes to the next bin.

• The shapes of items are restricted to cuboids.
• Each bin has an item, and the item is randomly posi-

tioned in the bin.
• The termination conditions of this task are the follow-

ing.
– The position of the upper surface of a placed item

exceeds that of the tote.
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Fig. 2: Definition of variables for the item picking and
placing problem.

– The robot arm collides with the bin, tote, or an
already placed item.

– An item is placed in an unstable position (the base
area is less than 50% of the item).

• The order of the items cannot be changed.
• The end effector can rotate around the z-axis (i.e., the

horizontal plane).

B. Problem Settings

Next we define the RL settings for the task described
above. The state st at time t consists of depth maps of the bin
and tote at time t. The width and depth of the bin are divided
into a grid size WB×DB, and the depth of the grid position
(xB, yB) at time t is written as st(xB, yB, 0). The depth of
the bin is represented by the height from the bottom of the
bin. Similarly, the width and depth of the tote are divided
into a grid size WT×DT and the depth of the grid position
(xT, yT) at time t is written as st(xT, yT, 1). Unlike the bin
depth, the tote depth is represented by the remaining height
until the tote is full (Fig. 2).

The actions in this task are the picking position in the
bin and the placing position and rotation in the tote. We
define an action at as a discrete variable 0 ≤ at < Na,
where Na=WB×DB×WT×DT×R. Here, R is the possible
rotations of the picked object.

The reward is vt if both of the picking and placing
operations are succeeded and 0 otherwise, where vt is the
volume of the item placed into the tote at time t.

The settings of this task are summarized below.
• State st(x, y, b): The depth of bin (b = 0) and tote

(b = 1).
• Action at: An integer corresponding to the picking

position, placing position, and rotation.
• Reward rt: The volume of the item placed successfully

(0 if fail).

C. Deep Reinforcement Learning

We use proximal policy optimization (PPO) [14] for
solving our task. However, other methods such as advantage
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actor critic (A2C) [15] and trust region policy optimization
(TRPO) [16] can also be used.

PPO is an actor-critic method, and consists of a policy and
a value function. We denote the parameters of these networks
as θP and θV, respectively. The typical loss function of the
actor-critic method is described by the following equation.

Lθ = Et[LP
t (θP)− c1LV

t (θV) + c2H(π(st; θP))], (1)

where LP
t (θP) is the loss function for policy gradient [17]:

LP
t (θP) = log πθP(at|st)Ât, πθP is a policy, Ât is an

estimator of the advantage function at time step t, LV
t (θV)

is a squared-error loss: LV
t (θV) = (VθV(st) − V

target
t )2, H

is an entropy bonus, and c1, c2 are coefficients. The clipped
surrogate objective is used for PPO instead of LP

t (θP). For
more details, we refer the readers to [14].

IV. METHOD

If we use a typical RL method to learn the simultaneous
planning, it is intractable to learn even for a practical
container size due to the large action space. To overcome
this intractability, we apply a FCN architecture for a policy
and determine the action based on only local information.

A. Policy Sharing between Different Action Spaces

In general, a network consisting of convolutional layers
followed by fully connected layers is commonly used for
pixel-based state variables [12]. However, since the output
size of the final fully connected layer depends on the size of
the action space, such a network cannot be directly employed
in the current setting. To apply the trained policy to larger
action space than the one used in the training phase, we
use FCN [5] for approximating the policy. We used 4D
convolution for the convolutional layer of the FCN in order to
evaluate the value of an action based on the local information
of both the bin and tote. The input state st(x, y, b) is
reshaped and broadcast to the 4D tensor, and concatenated
to st(xB, yB, xT, yT, b). Next, st(xB, yB, xT, yT, b) is con-
verted to s̃t(xB, yB, xT, yT, b) and given to the network. The
details of the conversion are described in SectionIV-B.

Our method is based on the property of the task that
the action can be approximately determined using only
local information. Specifically, when evaluating the value
of placing an item in a certain position (xT, yT) in the
tote, the state of the neighbor region is thought to have
a great influence on the value, whereas regions far from
(xT, yT) are thought to have a small influence. The picking
position is also considered to be the same. Therefore, the
value of the picking position and placing position/direction
can be approximately evaluated from only local information
of the state of sufficient size for an item. To realize such an
evaluation, we use an FCN architecture to select an action
based on the local information on whether it is large enough
for the size of the item.

To evaluate the value of the picking/placing position based
on local information, it is necessary to set up a receptive
field wide enough when the item size and rotation of the
end effector are taken into account. Moreover, for applying

the trained policy to a setting with larger bin/tote size than
the training setting, the bin/tote size for training should be
larger than the size of the receptive field. Therefore, the size
of the receptive field should satisfy the following conditions.

maximum item size ≤ receptive field size
2

+ 1, (2)

receptive field size ≤ bin/tote size. (3)

Fig. 3 shows the network architecture for the policy/value
function and parameters that were used in the experiments
in Section V-B. In the experiment, we used 4 directions for
R which gives directions of 0◦, 90◦, 180◦, and 270◦. The
number of channels in the last layer is then 4(= R).

The input to the network is padded according to the
receptive field size, sucn that the dimension of the output
becomes (WB, DB,WT, DT). Moreover, the padding value
of bin depth is a negative constant to clearly indicate the
outside regin of the bin. The padding value of tote depth
is 0 because the outsize of tote can be treated as a fully
occupied region.

Although a fully connected layer is used for the value
function VθV(st) needed for learning as a critic, the calcula-
tion of VθV(st) is unnecessary for selecting the action. Thus,
this has no effect on the application of the policy to different
sizes of action spaces.

B. Policy Sharing between Different Depth Value Ranges
Because the depth value of a state depends on the height

of the bin/tote, the variation in states increases as the height
of the bin/tote increases. To apply the policy to any height
of bin/tote, it is necessary to specify the maximum height to
cover all depth patterns. However, this increases the training
cost and makes training more difficult.

In order to solve this problem, we compute πθP(a|s) by
considering only a fixed depth range of the bin/tote (Fig. 4).
Specifically, the depth value of the tote state is clipped by
the following equation.
s̃t(xB, yB, xT, yT, b) = st(xB, yB, xT, yT, b)

−max(max
x,y

st(x, y, b)−Hmax
b , 0),

(4)

where Hmax
0 and Hmax

1 are the ranges which are considered
during evaluation of estimating the picking/placing position.

This clipping processing makes it possible to compute
πθP(a|s) by considering only a fixed depth range of the
bin/tote.

V. EXPERIMENTS

In our experiments, we used curriculum learning [18] for
training. In curriculum learning, the curriculum begins from
a shallow tote, and the height is increased gradually. It means
that the state starts from the condition where the tote was al-
most filled at an early stage of the curriculum. We compared
the occupancy rate achieved by the proposed method with
other methods. The occupancy rate was evaluated from the
average over 100 evaluations. The hyper-parameters used in
our experiments are described in Table.I.
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Fig. 3: Network architecture for the policy/value function.
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Fig. 4: Example of depth clipping. (a) If the maximum depth
value is below the threshold, the value is not clipped. (b) If
the maximum depth value exceeds the threshold, the value
is clipped to Hmax

b .

TABLE I: Hyperparameters used in SectionV.

Hyperparameter Value
Adam learning rate 2.5×10−4

Minibatch size 32
Discount (γ) 0.99

VF coefficient 0.005
Entropy coefficient 0.002
Number of actors 16 for tote size 6×6×∗

8 for tote size 10×10×∗
Effector width/depth 3×3
Hmax

0 , Hmax
1 5

Filters for conv. layer 64filters, (3×3×3×3),
(in order) 64filters, (3×3×3×3),

4filters, (1×1×1×1),

A. Comparison with Individual Planning Methods

First, we compare the occupancy rate achieved by the
proposed method with two methods which plan item picking
and placing individually.

• Proposed: A simultaneous planning method.
• Individual planning (RL): A reinforcement-learning-

based individual planning method.
• Individual planning (Heuristic): A heuristic-based

individual planning method.
Individual planning (RL) is a combination of a heuristic

picking rule and a policy for item placing. With the heuristic
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Fig. 5: Training condition.
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Fig. 6: Relationship between the number of candidates K
and occupancy rate.

picking rule, the picking position is selected so that the end
effector picks an item at the top-left corner as much as
possible. The policy for item placing only decides the placing
position and direction in the tote. The network architecture
is mostly the same as the proposed method. A feature selec-
tion operation, which selects features corresponding to the
picking position, is added to right after the last convolution
layer of the policy and value function. We do not consider
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Fig. 7: Comparison with individual planning methods.

a combination of individually trained picking and placing
policies in this experiment. This is because the success rate
of heuristic picking method is 100% which is always better
than that of an individually trained picking policy.

Individual planning (Heuristic) is a combination of heuris-
tic picking rule and deepest bottom left (DBL) method based
placing rule, and we used MaxRects algorithm [19] for the
DBL method. Then, a placing position is selected based on
the DBL metric while satisfying the stability of the placing
area (the base area should be greater than 50% of the item).

The policy of the proposed method and Individual plan-
ning (RL) were trained on a bin size of 5×5×1, tote size
of 6×6×5, and end effector size of 3×3. After the policies
are trained, we evaluate the performance on problems with
a larger number of grids and heights. In this evaluation,
the sizes of items are randomly selected from 4 patterns of
{1×1×1, 2×1×1, 1×2×1, and 2×2×1}. We visualized the
training condition in Fig.5. In order to assume a restriction
of robot motion, we restricted the rotation of end effector(R)
for this experiment.

Moreover, in the proposed method and Individual planning
(RL), we used the action that succeeds in picking and
placing an item from among the actions with the K highest
probabilities. The K candidates were selected based on the
probability πθP(a|s), and these actions were evaluated by
using forward simulation. A similar process was performed

0

20

40

60

80

100

120

140

160

180

200

0 5 10 15 20 25

E
p

is
o
d
e 

re
w

ar
d

Million steps

Proposed Typical architecture

Fig. 8: Learning curve of proposed method.

for the DBL method. The placing position to which placing
an item was succeeded was selected from several candidates1

based on the DBL metric.
In a preliminary experiment, we investigated the rela-

tionship between the number K and the occupancy. Fig.6
shows the results. In this experiment, the occupancy rate
of proposed method was evaluated for a tote size 6×6×5
and R=3. The occupancy rate was found to increase with
the number K. Because the occupancy rate was converged
well at about K=10, this value was adopted for subsequent
experiments.

Fig.7 shows a comparison of the results with individual
planning methods. The occupancy rate of the proposed
method exceeded that of the other methods, especially for
small tote sizes. Meanwhile, the occupancy rate of the pro-
posed method and Individual planning (RL) exceeded that of
the Individual planning (Heuristic) for large tote sizes. This
may be because the individual planning methods are unable
to place an item in the desired position due to collisions
between the end effector and already placed items, that is, the
picking position was selected without considering the placing
position. These results show that simultaneous planning for
picking and placing is important for the container loading
problem.

B. Comparison with Reinforcement-Learning-Based meth-
ods

Second, we compare the proposed method against the
following reinforcement-learning-based methods. Note that
these methods do not use the depth clipping described in
Section V-A.

• 4D FCN: The network architecture for the policy/value
function is same as proposed method.

• Typical architecture: A fully connected layer is added
to just before softmax operation of the policy of pro-
posed method.

• MCTS: Monte-Carlo tree search. The number of sim-
ulations per step was set to 5000.

1The number of candidates depends on the shape of unoccupied spaces
[19].
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The policy of the proposed method is trained on the same
conditions as Section V-A. After the policies are trained, we
evaluate the performance on problems with a larger number
of grids and heights. On the other hand, the policies of
4D FCN and Typical architecture were trained on the same
grid size as the one for evaluation. We used the number of
directions R=4 and the number of candidates K=1 for all
methods.

The learning curves of the proposed method and Typical
architecture are shown in Fig.8. The height of the tote was
increased by 1 for each curriculum and the number of steps
for each curriculum was 5 million steps. The dark line
represents a smoothing curve using the 5 moving average.
The figure shows our network architecture for the policy
provides better performance.

We compared the occupancy rate of our method with other
reinforcement-learning-based methods. The average occu-
pancy rate for the 100 evaluations using the trained policy is
shown in Fig.9. The policy trained by the proposed method
is applicable to settings with larger tote sizes. However, the
policies of 4D FCN and Typical architecture could not be
trained under conditions of a tote width/depth of 30×30
because of large consumption of GPU memory 2. Moreover,
it was difficult to execute under these conditions using MCTS
in a practical amount of time.

It can be seen that the performance of the proposed method
does not decrease as the size of totes increases. This result
indicates that the proposed method successfully learns a
policy that can generalize well to problems with larger tote
sizes. The occupancy rate for 6×6×10 was lower than that
for 6×6×5. It is thought that this setting is more difficult
than 6×6×5 because the end effector collides with the tote
or already placed items, and an increase in the number of
patterns in which the region cannot be arranged due to an
insufficient support area.

As the learning curve in Fig.8, it is difficult for Typical
architecture, which uses typical network architecture for the
policy, to learn this task due to its low data efficiency. The
occupancy rate of 4D FCN was slightly lower than that of
the proposed method. We can also see that MCTS does not

2We used Titan RTX for our experiments

perform well and achieve very low occupancy rates. This is
due to a very large action space which makes it difficult for
MCTS to perform sufficient simulations.

VI. CONCLUSION

In this paper, we designed a new task, simultaneous
planning for item picking and placing, and proposed a
method to solve it by using DRL. Our method enables us to
produce a shared policy which can be applied to larger action
space settings than those used in the training. Although
conventional methods could not solve the task even in the
practical settings due to the large action space, our method
could solve it by applying the policy trained on the small
action space setting to a larger one. Experimental results
showed the effectiveness of our method and also it could be
trained in a generalized way even under the condition of the
rotation of the end effector was constrained. In future work,
we will consider planning with movable range of robot and
item with different shapes. We will also apply our methods
to real physical systems.
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