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Pre-Grasp Approaching on Mobile Robots: A
Pre-Active Layered Approach

Lakshadeep Naik , Sinan Kalkan , and Norbert Krüger

Abstract—In Mobile Manipulation (MM), navigation and ma-
nipulation are generally solved as subsequent disjoint tasks. Com-
bined optimization of navigation and manipulation costs can im-
prove the time efficiency of MM. However, this is challenging as
precise object pose estimates, which are necessary for such com-
bined optimization, are often not available until the later stages of
MM. Moreover, optimizing navigation and manipulation costs with
conventional planning methods using uncertain object pose esti-
mates can lead to failures and hence requires re-planning. Hence, in
the presence of object pose uncertainty, pre-active approaches are
preferred. We propose such a pre-active approach for determining
the base pose and pre-grasp manipulator configuration to improve
the time efficiency of MM. We devise a Reinforcement Learning
(RL) based solution that learns suitable base poses for grasping and
pre-grasp manipulator configurations using layered learning that
guides exploration and enables sample-efficient learning. Further,
we accelerate learning of pre-grasp manipulator configurations
by providing dense rewards using a predictor network trained
on previously learned base poses for grasping. Our experiments
validate that in the presence of uncertain object pose estimates, the
proposed approach results in reduced execution time. Finally, we
show that our policy learned in simulation can be easily transferred
to a real robot.

Index Terms—Mobile manipulation, reinforcement learning.

I. INTRODUCTION

MOBILE Manipulation (MM) has been generally ad-
dressed by sequentially solving navigation and manipu-

lation tasks [1], [2]. The sequential approach is time inefficient
as navigation and manipulation are treated as two separate
problems. This is a hindrance for a widespread use of mobile
manipulators as there are often hard time constraints on the
execution time of the task at hand.
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The time efficiency of MM can be improved by jointly solv-
ing navigation and manipulation tasks. For example, by using
whole-body (base & manipulator) motion control [3], [4], [5],
[6], [7], determining optimal base pose for grasping [8], [9], [10],
or by jointly planning base pose and pre-grasp manipulator con-
figuration [11], [12]. The whole-body motion control methods
attempt to directly reach the desired End-Effector (EE) pose by
combining base & manipulator motion. They do not explicitly
plan the base pose for grasping.

Existing works have used model-based control or learning
for whole-body motion control. The model-based methods
make certain assumptions regarding the kinematic model of
the robot [5], [13]. This makes it difficult to realize transfers
to robots with different embodiments. On the other hand, the
learning-based methods can be applied to different robots as they
do not make any assumptions regarding the robot’s kinematic
model. However, due to the complexity of learning whole-body
motion, an error of a few centimeters in reaching the desired EE
pose is usually considered a success [3], [5], [7]. This makes
them unsuitable for applications such as grasping where the
margin of error is small and failures can be expensive.

Hence, for tasks such as robotic grasping, explicit base place-
ment along with a suitable pre-grasp manipulator configuration
is preferred, i.e., the robot first identifies the suitable base pose
and pre-grasp manipulator configuration, then navigates to this
base pose while adopting the pre-grasp manipulator configura-
tion and finally performs the grasp only moving the manipula-
tor [11]. It is assumed that high manipulability (i.e. robot’s ability
to easily reach and move its end-effector to different positions
and orientations in the task space) can effectively compensate
for any errors in the robot’s self-localization and initial object
pose estimate used for planning. However, in practice, there is
considerable uncertainty in object pose estimation, particularly
when the robot is far away from the object [14], [15]. Hence,
planning the base pose and pre-grasp manipulator configuration
using uncertain object pose estimates often leads to failures and
requires re-planning.

In this work, we propose a pre-reactive approach for selecting
an optimal base pose for grasping and a pre-grasp manipulator
configuration such that the overall time cost of MM is optimized.
Using search-based methods such as Inverse Reachability Map
(IRMs) [9], [10] for finding an optimal base pose and pre-grasp
manipulator configuration in a reactive setup is computationally
expensive. Previous works [8], [15] have successfully used
learning-based methods for learning base poses for grasping.
Motivated by these successes, we also propose a learning-based
approach.

Reinforcement learning (RL) is a promising approach since
it can learn by interacting with the environment. However, it
requires a large amount of training data (sample inefficiency),
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Fig. 1. First row: The robot learns a policy to approach the target object for
grasping with its base motion aiming to reduce navigation time & ensure the
availability of Inverse Kinematics solutions to the grasp pose. Second row: Base
pose prediction network is trained using experience from previously learned
policies. Third row: The robot learns the pre-grasp manipulator motion policy
aiming to reduce grasp execution time by following previously learned policies
and intermediate rewards provided by the BP-Net.

especially in scenarios with large action spaces. To address this
challenge, prior knowledge can be leveraged to guide explo-
ration and improve sample efficiency [16]. For example, in [8],
first, a policy is learned to solve a simplified task and then the
learned policy is used as a prior for learning more complex tasks.

The action space in our problem includes the base pose and
the pre-grasp manipulator configuration. We address exploration
and sample efficiency issues due to large action space by break-
ing the problem down into several hierarchical learning layers
such that each layer facilitates the learning of the next [17]. To
enable layered learning, we formulate the problem as predicting
relative base and manipulator motion and making a discrete deci-
sion if the grasp should be performed in the resulting state (i.e.,
base pose and manipulator configuration), instead of directly
learning the base pose and pre-grasp manipulator configuration.
Fig. 1 describes our approach.

First, we learn an approaching base motion policy to approach
the object for grasping using its base motion aiming to minimize
the navigation time (see Fig. 1 first row). This is followed by
learning the grasp decision policy that learns if a grasp should
be attempted from the current base pose (while following the
approaching base motion policy) with the aim to maximize the
number of Inverse Kinematics (IK) solutions to the grasp poses.

Since suitable pre-grasp manipulator configuration depends
on the selected base pose for grasping, this knowledge can be
used to accelerate learning. We achieve this by training a base
pose prediction network (BP-Net) that learns to predict a suitable
base pose for grasping given an arbitrary starting pose using
experience from the already learned approaching base motion
& grasp decision policies (see Fig. 1 second row). Finally, the

pre-grasp manipulator motion policy is learned (while following
previously learned policies and using BP-Net for providing
intermediate rewards to accelerate learning) with the goal of
attaining the suitable pre-grasp manipulator configuration that
reduces grasp execution time (see Fig. 1 third row).

We make the following main contributions:
� We formulate the problem of improving the time efficiency

of MM as an RL problem and sequentially learn the ap-
proaching base motion, grasp decision & pre-grasp manip-
ulator motion policies using layered learning to effectively
guide exploration and enable sample-efficient learning.

� We propose a robot base pose prediction network (BP-Net),
to accelerate learning of pre-grasp manipulator motion
policies. This network provides dense rewards using the
experience from previously learned approaching base mo-
tion and grasp decision policies.

� We validate our approach by comparing it against several
baselines that explicitly plan robot base pose for grasping
in a simulated environment.

� We successfully transfer the learned policy from simulation
to a real robot.

II. RELATED WORK

A. Explicit Base Placement Planning in MM

Determining the appropriate base pose for grasping often
involves using Inverse Reachability Maps (IRM) [9], [10]. How-
ever, the use of IRM to plan a suitable base pose is computa-
tionally intensive due to the 6D search space. Consequently,
recent work [8] has introduced a learning-based approach to
predict base poses for grasping. In addition to planning the base
pose for grasping, other works [11], [12] also plan manipulator
configuration.

The object pose used for computing the base pose and the
robot’s self-localization have an uncertainty associated with
them. The aforementioned works ignore these uncertainties.
Very few works take these uncertainties into account. Meng
et al. [18] have tried to address uncertainty in the robot’s self-
localization by assuming Gaussian uncertainty in the robot’s
localization while determining the base pose using IRM. In [15],
action-related places are proposed that take into account take into
account both the uncertainty in the object pose and the robot’s
localization. However, they consider very simplified action i.e.
just the robot base position with a fixed orientation.

We address uncertainty in both the object pose estimate and
the robot’s self-localization by proposing a pre-active approach
for planning the base pose and pre-grasp manipulator configu-
ration.

B. Transfer Learning (TL) in RL

TL in RL involves first training the agent on one or more
source tasks and use the knowledge acquired in the source task to
aid in solving the target task [16]. Curriculum learning (CL) [19]
is the form of TL wherein experience acquired by the agent
over time is sorted in order to accelerate learning. As in RL,
the entire set of samples is not available ahead of time, CL
involves ordering the tasks such that the behavior policy learned
is useful for acquiring good samples in future tasks [16]. Layered
Learning (LL) is another form of TL wherein a complex task
is hierarchically decomposed into sub-tasks. Each sub-task is
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separately learned and directly facilitates the learning of the
next higher sub-task [17].

In our work, we deal with a task that involves learning different
actions (base motion, manipulator motion, and grasp decision).
These actions are dependent on each other. For example, only
when the robot has learned approaching base motion to reach
base pose for grasping, it can learn grasp decision (i.e. when
to grasp). Further, only when the robot has learned to reach a
suitable base pose and grasp decision, it can learn pre-grasp
manipulator configuration that reduces grasp execution time by
using pre-grasp manipulator motion. LL allows such hierarchi-
cal decomposition of a complex task into sub-tasks to learn each
sub-task separately while directly facilitating the learning of the
next sub-task in the hierarchy.

C. Reward Design in RL

Reward design is crucial in RL as it is responsible for deter-
mining the agent’s behavior. Since extrinsic rewards provided by
the environment to the agent are often sparse, additional dense
intermediate rewards are commonly introduced to accelerate
learning [20]. Reward shaping involves providing the learning
agent with extra shaped rewards to guide exploration and ex-
pedite learning [21], [22]. Another type of dense intermediate
reward used in RL is intrinsic reward, which aims to incentivize
exploration by encouraging the agent to explore unexplored
regions of the exploration space [23], [24], [25]. To this end,
approximator networks such as predictor network [24] or In-
trinsic Curiosity Module [25] have been proposed to provide
intrinsic rewards.

In this work, we use a predictor network for providing shaped
rewards. We propose a BP-Net that uses experience from the
already learned approaching base motion policy and provides a
dense reward to indicate relevant exploration spaces for learning
pre-grasp manipulator motion policy.

III. PROBLEM STATEMENT

We assume that tasks within MM, including object selec-
tion, grasp pose sampling, pre-grasp approaching, and grasp-
ing (trajectory planning, execution and gripper activation), are
addressed independently. We focus on pre-grasp approaching
to achieve a time-efficient grasp. Additionally, we assume that
the workspace is characterized by a convex shape (for example,
tables with rectangular or circular shapes).

We formulate this as an RL task. During learning, the object
is positioned at the center of a cylindrical table with a diameter
equal to the maximum reach of the manipulator. Each learning
episode consists of the robot approaching the target object
for grasping using both its base and manipulator motion. The
objective of the RL agent is to reach the base pose for grasping
while also attaining a pre-grasp manipulator configuration such
that the time cost of MM is minimized.

Learning such a policy requires information about the object
pose in the robot frame, the manipulator state (joint configura-
tion) as well as actions for moving the robot’s base, manipulator
joints, and making a decision about when to attempt a grasp.
Since shoulder and elbow joints have lower velocities and ac-
celerations compared to wrist joints, their motion significantly
impacts the grasp execution time. Hence, during the pre-grasp
motion, we only learn the motion of the shoulder and elbow
joints.

Thus, the state space consists ofS = {sobj, sarm}where sobj ∈
SE(3) is the object pose in the robot base frame and sarm ∈ R3

contains the shoulder and elbow joint positions of the manip-
ulator. We use Sgrasp ⊂ S to denote the state where the robot
decides to attempt a grasp when the episode ends. The action
space consists of three actions A = {abase, aarm, agrasp} where
abase ∈ R2 is the base linear and angular velocity, aarm ∈ R3

denotes the rotation commands for robot’s shoulder and elbow
joints, andagrasp ∈ {True,False} is the binary decision to grasp.

An episode ends when the agent surpasses a predefined max-
imum number of time steps, collides with the table, or chooses
to execute the grasp using the agrasp action. All states and actions
are internally represented with a time variable t, which, however,
is dropped in our notations for convenience.

IV. PROPOSED APPROACH

In this section, we present our proposed approach, which
utilizes Layered Learning (LL) [17] to learn the desired policy.
First, we describe the task decomposition into sub-tasks and
the sequence in which these sub-tasks are learned within the LL
framework (Section IV-A). Next, we outline the learning process
using separate sequential policies (Section IV-B). Finally, in
Section IV-C, we introduce the BP-Net, which provides dense
rewards to accelerate the learning process.

A. Task Decomposition and Learning Sequence

We decompose the main task into three sub-tasks, each aim-
ing to learn individual actions abase, aarm, agrasp using separate
policies πbase, πarm, πgrasp. The approaching base motion policy
πbase is responsible for learning action abase, while the pre-grasp
manipulator motion policy learns action aarm, and the grasp
decision policy is tasked with learning action agrasp. All three
policies are learned using the Actor-Critic algorithm [20].Qπbase ,
Qπarm and Qπgrasp are the corresponding Q-functions for policies
πbase, πarm and πgrasp respectively. As shown in Fig. 2, these
policies are learned in the sequence: approaching base motion
(Layer 1), grasp decision (Layer 2) and pre-grasp manipulator
motion (Layer 3).

The grasp decision πgrasp policy is learned before learning
the pre-grasp manipulator motion πarm policy as the availability
of Inverse Kinematics (IK) solutions to reach the grasp poses
depends on the base pose from where grasp is attempted. This
formulation also allows us to provide dense rewards to accelerate
learning of the pre-grasp manipulator motion policy in Layer 3
using the learned base poses for grasping in Layers 1 and 2 (as
described in Section IV-C).

Further, instead of learning the approaching base motion
and grasp decision with a single policy, we learn them using
two distinct policies. The reason for this separation is that the
grasp action agrasp is an episode-ending action and prevents
exploration for learning action abase. By sequentially learning
the approaching base motion policy πbase first and then the grasp
decision policy πgrasp, we achieve sample-efficient learning.

B. Learning With Separate Sequential Policies

Layer 1: In Layer 1, base motion action abase is learned using
policy πbase (see Fig. 2(a)):

abase ∼ πbase( · |sobj; φbase), (1)
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Fig. 2. Proposed layered approach: (a) Layer 1: Learning to approach the object for grasping (base motion) (b) Layer 2: Learning to determine when to attempt
grasp (c) Layer 3: Learning the pre-grasp manipulator motion.

where φbase are learnable parameters. The extrinsic reward is
defined as follows:

re
base(sobj, abase) = α1 ·Δdobj(sobj, abase)

+ α2 · 1(collision(sobj, abase))

+ α3 · |IK(sobj, abase)|
− τtime, (2)

where dobj is the distance to the object; Δdobj is the change in
dobj after performing abase in the state sobj; collision(sobj, abase)
returns True if there was a collision with the table after taking
abase in sobj; IK(sobj, abase) is the set of IK solutions to the object
grasp poses after taking actions abase in state sobj; | · | is set
cardinality; τtime is a constant time penalty at each time step,
and α1, α2 and α3 are hyper-parameters.

Layer 2: In Layer 2, a binary action agrasp ‘grasp or not’ is
learned while using the policy πbase already learned in Layer
1 for taking the action abase. Thus, the agent uses a composite
policy for exploration, and only πgrasp has learnable parameters
φgrasp (see Fig. 2(b)):

agrasp ∼ {πbase( · |sobj), πgrasp( · |sobj, abase; φgrasp)} . (3)

This reduces the exploration space as only agrasp needs to be
explored. The extrinsic reward for learning policy πgrasp is cal-
culated as:

re
grasp(sobj, abase, agrasp) = α4 · |IK(sobj, abase, aarm)|, (4)

where IK(sobj, abase, aarm) is the set of IK solutions to the object
grasp candidates after taking actions abase and agrasp in state sobj;
| · | is set cardinality, and α4 is a hyper-parameter. Further, πgrasp
is modeled as a sequential policy by feeding the already learned
action abase in Layer 1 as an additional state. This allows the
policy πgrasp to learn action agrasp that when executed along with
action abase maximizes the reward re

base ∪ re
grasp.

Layer 3: In Layer 3, the pre-grasp manipulator motion action
aarm is learned while using the policies πbase and πgrasp learned
in Layers 1 & 2 for taking actions abase and agrasp. Thus, similar
to Layer 2, the agent uses a composite policy for exploration,
and only φarm has learnable parameters (see Fig. 2(c)):

aarm ∼ {πbase( · |sobj), πgrasp( · |sobj, abase),

πarm( · |sobj, sarm, abase, agrasp; φarm)}. (5)

The extrinsic reward re
arm for learning policy πarm is defined

based on the IK solution which has a minimum difference to the
robot’s current shoulder and elbow joint angles (sarm) as follows:

re
arm(S,A) = 1(agrasp) · α5

1 + min
e∈IK(S,A)

|e− sarm|

+ α6 · 1(collision(S,A)), (6)

where α5 and α6 are hyper-parameters; collision(S,A) returns
True if there was a self-collision or collision with the base
platform and positive component of re

arm is awarded only when
agrasp is True. Reducing the difference between shoulder & elbow
joint angles and the selected IK solution for grasping directly
contributes to the reduction in grasp execution time tgrasp. Fur-
ther, πarm is also modeled as a sequential policy by feeding
already learned actions abase and agrasp as additional states. This
allows the policy πarm to learn action aarm executed along with
actions abase & agrasp learned in Layers 1 & 2 maximize the
reward re

base ∪ re
grasp ∪ re

arm.

C. Robot Base Pose Prediction Network (BP-Net)

Learning suitable pre-grasp manipulator motions is a hard
problem as the positive extrinsic reward re

arm from the envi-
ronment is only available when the robot attempts grasp. The
IK solutions to reach the grasp poses depend on the base pose
selected for grasping. In our problem setup, the base pose for
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Fig. 3. (a) Data used for training the BP-Net. (b) and (c): Quality of base pose
for grasping predictions made by the BP-Net.

grasping becomes known to the robot only in the terminal state
of the RL episode when the policy πgrasp decides to attempt the
grasp and end the episode. Hence, it is difficult to provide any
dense rewards to guide the learning of the pre-grasp manipulator
motion policy πarm in Layer 3.

To address this problem, we introduce a Robot Base Pose
Prediction Network (BP-Net). It predicts the base pose for
grasping given the current object pose. The BP-Net is trained
using the interactions from the previously learned grasp decision
policy πgrasp in Layer 2. Given the object pose in the robot base
frame sobj, the network learns to predict sgrasp

obj . Since the mobile
robot operates in 3D space, we reduce the dimensionality of the
learning problem from 6D to 3D by converting the 6D object
pose in a base frame sobj to just a 3D robot base pose (x, y, θ)
using robot’s body transformations.

For predicting sgrasp
obj , we used a Multi-layer Perceptron with

5 hidden layers with 128, 512, 4096, 512, and 128 neurons
respectively, and RELU activation function after the first 4
hidden layers. The network is trained with Mean-Squared Er-
ror (MSE) loss offline (outside the RL framework) with the
data (sobj, s

grasp
obj ) collected using the policy πgrasp as shown in

Fig. 3(a). The learning objective is to predict the robot base
pose for grasping (base poses with high rewards in Fig. 3(a))
given any starting base pose (base pose with smaller rewards
in Fig. 3(a)). We use ŝgrasp

obj to denote the predicted state by the
network for grasping. The network trained is trained on 200,000
samples. Some qualitative base pose predictions are shown in
Fig. 3(b) and (c). In Fig. 3, the black arrow indicates the object
and the blue circle indicates a table.

We use this base pose prediction to provide shaped inter-
mediate reward rs

arm to accelerate the learning of pre-grasp
manipulator motion policy πarm. Shaped reward rs

arm is provided
before the robot has reached the base pose for grasping i.e. it
is still approaching the target object. It is computed similar to
the re

arm in (6). However, IK solutions to the grasp poses are
computed using the base pose for grasping ŝgrasp

obj predicted by
BP-Net

rs
arm(S,A) =

α7

1 + min
e∈IK,(ŝgrasp

obj )
|e− sarm| . (7)

whereα7 is a hyperparameter. This shaped reward rs
arm indicates

relevant exploration spaces to the agent already at early stages
of approaching for getting high re

arm.

Fig. 4. Real-world experiment setup. (a) Object and robot platform. (b) State
estimation using overhead camera.

V. EXPERIMENTAL SETUP

A. Experiment and Implementation Details

For the evaluation of our proposed approach, we created an
environment in NVIDIA Isaac Sim using the mobile manipulator
platform and a table with the object to be grasped as shown in
Fig. 1. Three grasp poses for this object were pre-defined; two
from the sides and one from the top. Moreover, instead of relying
on pre-defined grasp poses, grasp proposal networks such as [26]
can also be used to provide rewards.

In each episode, the robot’s starting pose was randomly sam-
pled within a 2.5-3 m radius around the object and it could
execute up to 25 steps using actions abase and aarm before the
episode terminates. Executing an action agrasp also terminates
the episode. The state S = {sobj, sarm} was calculated based on
the states provided by the simulator. For real-world deployment,
we used the mobile manipulator platform as shown Fig. 4(a). The
state sobj was estimated with ArUco fiducial markers using an
overhead camera as shown in Fig. 4(b).

For the algorithmic implementation of our approach, we used
the Mushroom RL library [27]. The policies πbase and πarm (that
outputs continuous actions) were trained using Soft Actor-Critic
(SAC) [28], while policy πgrasp (that outputs discrete action) was
trained using Hybrid RL (HyRL) [8]. For all agents, an MLP
with 3 hidden layers, each comprising 128 neurons with ReLU
activation, was employed to train both the actor and critic. The
learning rate was set to 1e-4. τgrasp and τtime were set to 0.8 and
1e4. Furthermore, α1, α2, α3, α4, α5, α6, and α7 were set to
5e3, -1e5, 1e5, 1e5, 5e5, -5e4, and 5e4, respectively.

B. Experiment Objectives and Baselines

First, we compare the execution time and success rate of
our method against representative baselines, which also involve
explicit robot base placements for grasping (Section VI-A). We
assume that the robot has access only to uncertain object pose
estimates. The following baselines are considered:

Pre-defined base poses (PBP): The robot selects the base pose
near the table that is closest to its starting pose as it doesn’t
have any information regarding the object pose.

Min. Distance & IK (MDI): The robot selects the base pose
with a valid Inverse Kinematics (IK) solution using an Inverse
Reachability Map (IRM) [9], [10]. If multiple solutions exist
then the base pose closest to the robot’s starting pose is
selected.

Min. Navigation cost & IK (MNI): The robot selects the base
pose with a valid IK solution that minimizes the navigation
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time cost while maximizing the number of IK solutions to the
grasp poses.

Min. Navigation cost & Max. Manipulability (MNMM): The
robot selects the base pose and a pre-grasp pose that minimizes
the navigation time cost and maximizes manipulability. The
robot then simultaneously reaches this pre-grasp pose while
navigating to the base pose. This is similar to [11] adapted for
single object manipulation.

PBP, MDI, MNI, and MNMM represent conventional plan-
ning methods, where the plan is solely based on the robot’s
starting pose and the estimated object pose at that time. As
planning is such a high-dimensional space is computationally
expensive, in case of potential failures, these methods were
allowed to re-plan up to 3 times using updated robot and object
poses.

Second, we analyze the learning performance of the proposed
approach (Section VI-B). For this analysis, we compare our
approach against the following learning methods:

Hybrid-RL (HRL): The agent learns all the actions together.
Since the robot’s action space consists of continuous
(abase, aarm) and discrete actions (agrasp), Hybrid RL [8] is
used for learning. The action and state space are the same as
in ‘Ours’, and the maximum reward the agent can obtain at any
time step is re

base ∪ re
arm ∪ re

grasp. To ensure a fair comparison,
we provide HRL with the same number of experiences as the
total experiences used for training our agent across the three
layers.

Curriculum Learning (CL): Similar to our approach, CL also
learns in stages using a curriculum [16]. However, only a
single policy is used for learning all the actions unlike ‘Ours’
where each individual action is learned using a separate policy.
At each learning stage, a new action is introduced, and a
new policy is learned from scratch for all the actions. The
Q-function from the policy learned in the previous learning
stage is used to guide exploration [29]. Additionally, the new
extrinsic reward is introduced at each subsequent learning
stage, as it is directly connected to the newly introduced
actions. However, unlike ‘Ours’, the CL does not have access
to the shaped reward rs

arm.

Third, we compare learning performance with and without
shaped reward in Section VI-C.

Finally, we show the performance of our method and repre-
sentative baselines while using the ground truth and noisy pose
estimates without re-planning (Section VI-D).

VI. RESULTS

A. Comparison With Mobile Manipulation Methods

In Table I, we present the mean and standard deviation values
for navigation and manipulation execution time, total execution
time, and success rate over 2000 runs for the four chosen base-
lines and our proposed method (‘Ours’). During manipulation,
the maximum joint velocity and acceleration limits for the UR5e
manipulator were set to 0.5 rd/s and 0.25 rd/s2, respectively,
while during navigation, the maximum base linear and angular
velocity was set to 0.1 m/s and 0.25 rd/s. To make the task more
realistic, we introduced random Gaussian noise proportional
to 1% of the object-to-robot distance (greater distance, larger
noise).

TABLE I
COMPARISON OF EXECUTION TIME & SUCCESS RATE

Fig. 5. Comparing the learning performance of our work (Ours) with methods
HRL and CL.

As shown in Table I, our method outperforms the baselines in
terms of time performance. Failures for all methods can occur
either because the base pose would result in a collision with
the workspace or due to the unavailability of IK solutions for
the grasp poses at the planned base pose for grasping. Baselines
re-plan when potential failures are detected, leading to increased
execution times. In contrast, our method continuously incorpo-
rates updated object poses during action prediction, resulting in
improved performance.

B. Comparison With Learning-Based Approaches

In Fig. 5, we present a comparison of the learning perfor-
mances of the different methods. For each approach, we calcu-
late the mean over five seed runs and also report the minimum
and maximum variations. The vertical lines at t = 300K and
t = 600K indicate the transitions from Layer 1 to Layer 2 and
from Layer 2 to Layer 3 learning, respectively. In the case
of method CL, the vertical lines indicate the introduction of
new actions. For method HRL, vertical lines have no meaning.
As mentioned in Section VI-B, the maximum rewards that the
baselines and ‘Ours’ can obtain at any time are not the same.
However, at Stage 3, all three methods have access to almost
the same maximum reward (except that our method also has
access to rs

arm, but its contribution is negligible compared to
other rewards and hence can be ignored). From the results, it is
evident that our proposed method clearly outperforms both the
CL and HRL approaches.

The HRL method which tries to learn all three actions together
fails to learn anything even after being trained for 900 K time
steps. This is because while jointly exploring all three actions,
it fails to learn the approaching base motion for grasping. And
without learning the base motion it also fails to learn the pre-
grasp manipulator motion and to determine when to grasp as
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Fig. 6. End effector poses at different time steps during the approaching mo-
tion for 2000 different samples. Red: Targeted grasp poses Green: End effector
pose at grasping without any pre-grasp manipulator motion Blue: End-effector
pose at grasping after pre-grasp manipulator motion.

both of these actions have sparse rewards that cannot be obtained
without having learned how to approach the object.

The CL method uses a curriculum but tries to learn all the
actions using a single policy. During the first 300 K steps, it
learns abase, then during the next 300 K steps, it learns abase &
agrasp and then learns all three actions during the final 300 K
steps. It successfully learns to approach the object for grasping
with base motion as can be seen in Fig. 5. However, it fails
to learn a good policy when it tries to learn abase and agrasp
together using the Q-function from the previously learned policy
for action abase. This is because agrasp is an episode-ending
action and prevents exploration for learning abase. Finally, the
robot completely refrains from attempting to grasp as it ends the
episode and prevents it from obtaining the rewards from other
actions. It ends up learning an undesired policy wherein it tries to
slow down its base velocities after reaching within the grasping
distance of the object but never attempts to grasp.

As a result, both the HRL and CL methods achieved a 0%
success rate and hence were not included in Table I.

C. Impact of the Shaped Reward rs
arm

In this study, we show the difference between the quality of
learned pre-grasp manipulator motions with and without shaped
reward rs

arm. In Fig. 6, we plot end-effector poses at different time
steps during the approaching motion. TM is the time when the
robot attempts the grasp. Thus end-effector poses at t = TM are
the actual end-effector poses when the robot attempted to grasp.
End-effector poses at t = TM − x indicate how the end-effector
poses would have looked like at t = TM if the robot had stopped
moving the arm at t = TM − x. The first and second row in
Fig. 6 describe end-effector poses during pre-grasp manipulator
motion without and with rs

arm respectively. It can be seen that
at t = TM using rs

arm results in better end-effector poses (blue)
which are much closer to the targeted grasp poses (red). It can
be also seen that at t = TM − 5, the policy learned with ri

arm
already have good end-effector poses that are close to object
grasp candidates.

D. Impact of Noise Without Re-Planning for Baselines

In Fig. 7, we show the impact of noise by comparing the
time performance and success rate while using the ground truth

Fig. 7. Time performance & success rate without re-planning while using
ground truth & noisy object pose estimates.

and uncertain object pose estimates without re-planning for the
baseline methods. PBP does not use the object pose estimates, so
it is not affected by the noise. In contrast, all the other methods,
including ‘Ours,’ attain a 100% success rate when the ground
truth object pose estimates are used. In case of no noise in
the object pose estimate, MNMM outperforms our method as
it generates a plan with similar objectives as ‘Ours’ upfront and
executes it without considering any new information about the
object’s pose. However, in the presence of uncertainty in the
object pose estimate, it only achieves around 20% success rate.

E. Real-World Experiments

Learned policies can be transferred to real-world environ-
ments, as shown in the supplementary video. For quantitative
evaluation, we conducted 20 trials, with no failures due to
collisions with the workspace or unavailability of IK solutions
at the selected base pose for grasping. Failures resulting from
poor pose estimates during the final grasp were disregarded, and
the trial was repeated. Our approach achieved a total execution
time (approaching + grasping) of 41.66 s± 5.54 seconds. For
comparison, we measured the total execution time if the robot
had stayed in the default manipulator configuration, resulting
in 58.28± 5.83 seconds. Thus, adopting a suitable pre-grasp
manipulator configuration reduced execution time by almost
28.51%.

VII. CONCLUSION AND FUTURE WORK

In this work, we have presented a layered learning approach
for learning suitable pre-grasp manipulator configurations while
navigating to the target object for grasping to optimize the
time cost of mobile manipulation. We compared our work with
four baselines that use conventional planning and show that in
the presence of uncertain object pose estimates, the proposed
approach results in reduced execution time. We also show that
the learned policy can be successfully deployed on a real robot.

The policies learned with the object placed at the center of
the circular table can be applied to any convex workspace,
regardless of the object’s placement on the table using a recovery
policy [30]. The recovery policy can be a simple controller
with obstacle avoidance and workspace-following capabilities
to direct the robot to safe zones when the actions predicted by
the policy face execution challenges. Moreover, policies can be
trained to generalize across diverse object poses by represent-
ing the state in the workspace frame and randomly sampling
various object poses during training. This, however, requires a
significantly larger amount of data.
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Future work can involve the integration of navigation
costmaps during the approaching base motion. Further, since
our approach only uses shoulder and elbow joints for the pre-
grasp manipulator motion, the remaining joints can be used, for
example, for planning the robot’s “eye in hand” camera views
for improving object pose estimation.
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