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Figure 1. Transferring pre-trained VLA models to mobile manipulation significantly enhances the generalization ability of the policy
across tasks and environments. Our MoManipVLA can complete diverse household tasks such as object picking, object delivery and
drawer opening in large working area. Guided by the waypoints from VLA models, the motions of the mobile base and the robot arm are
jointly generated with physical feasibility constraints.

Abstract

Mobile manipulation is the fundamental challenge for
robotics to assist humans with diverse tasks and environ-
ments in everyday life. However, conventional mobile ma-
nipulation approaches often struggle to generalize across
different tasks and environments because of the lack of
large-scale training. In contrast, recent advances in vision-
language-action (VLA) models have shown impressive gen-
eralization capabilities, but these foundation models are de-
veloped for fixed-base manipulation tasks. Therefore, we
propose an efficient policy adaptation framework named
MoManipVLA to transfer pre-trained VLA models of fix-
base manipulation to mobile manipulation, so that high
generalization ability across tasks and environments can
be achieved in mobile manipulation policy. Specifically,
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we utilize pre-trained VLA models to generate waypoints
of the end-effector with high generalization ability. We de-
sign motion planning objectives for the mobile base and
the robot arm, which aim at maximizing the physical fea-
sibility of the trajectory. Finally, we present an efficient bi-
level objective optimization framework for trajectory gen-
eration, where the upper-level optimization predicts way-
points for base movement to enhance the manipulator pol-
icy space, and the lower-level optimization selects the op-
timal end-effector trajectory to complete the manipulation
task. Extensive experimental results on OVMM and the
real world demonstrate that MoManipVLA achieves a 4.2%
higher success rate than the state-of-the-art mobile manip-
ulation, and only requires 50 training cost for real world
deployment due to the strong generalization ability in the
pre-trained VLA models. Our project page can be found
here.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Mobile manipulation empowers robotics with the ability

to perform complex manipulation tasks across large spaces,
which requires the whole-body control for the mobile base
and the arm [37, 39]. With the increasing popularity of
intelligent robotic systems, several fields such as house-
hold service [36], manufacturing [28], and logistics [31] are
in urgent requirement of mobile manipulation capabilities
since robotics are needed to perform cross-space manipula-
tions autonomously. However, the requirement to perform
diverse tasks in unstructured environments (e.g., assist hu-
mans in their daily lives) presents significant challenges.

Conventional mobile manipulation frameworks sepa-
rately train navigation and fixed-base manipulation mod-
ules, leading to compounding errors [5, 7, 9, 41, 43]. Recent
end-to-end methods jointly optimize navigation and manip-
ulation actions, but high collection costs for demonstrations
limit dataset scale and generalization [16, 42]. Meanwhile,
although VLA models show strong generalization in diverse
manipulation tasks [19, 21], their focus on fixed-base tasks
prevents them from generating cooperative actions between
the mobile base and robot arm for mobile manipulation.

In this paper, we propose an efficient policy transfer
framework named MoManipVLA to generalize the fixed-
base VLA models to mobile manipulation tasks. Unlike ex-
isting mobile manipulation methods which suffer from low
generalization ability across tasks and environments, Mo-
ManipVLA efficiently transfers generalizable fix-base ma-
nipulation policy from pre-trained VLA models to mobile
manipulation. More specifically, we employ pre-trained
VLA models to predict end-effector waypoints with a high
generalization ability to guide the generation of mobile
manipulation trajectories. We then design motion plan-
ning objectives of scene constraints for the mobile base
and the robot arm including end-effector reachability, tra-
jectory smoothness and collision avoidance, which aim to
maximize the physical feasibility of the trajectories. To
efficiently plan the whole-body motion, we propose a bi-
level trajectory optimization framework of the objectives,
where the upper-level optimization predicts the waypoints
for base movement to strengthen the manipulator policy
space, and the lower-level optimization selects the optimal
end-effector trajectory for task completion. Figure 1 il-
lustrates the comparison between the conventional and the
proposed approaches, MoManipVLA efficiently transfers
the pre-trained VLA models to diverse mobile manipula-
tion tasks, where the mobile base and the robot arm coor-
dinately perform actions with physically feasible trajecto-
ries. Extensive experimental results on OVMM [40] and
real world demonstrate that our method achieves a 4.2%
higher success rate than state-of-the-art mobile manipula-
tion techniques. Due to the strong generalization of our
pre-trained VLA models, MoManipVLA only requires 50

expert episodes for real-world deployment. Our contribu-
tions include:

• We propose a policy adaptation framework that trans-
fers VLA models for mobile manipulation, enabling
high generalization across tasks and environments.

• We introduce motion planning objectives and a bi-
level trajectory optimization framework to enhance the
physical feasibility and efficiency of trajectories.

• Extensive experiments in OVMM and the real world
validate the method’s generalization and efficiency.

2. Related Work
Mobile Manipulation Framework: Mobile manipula-

tion requires agents to have the ability to interact with ob-
jects in large spaces based on human instructions. Exist-
ing mobile manipulation frameworks can be categorized
into two types: end-to-end and modular. End-to-end ap-
proaches [2, 8, 10] employ imitation learning to directly
predict mobile manipulation actions based on visual obser-
vations. Qiu et al. [29] propose to learn a unified scene in-
formation representation for navigation and manipulation,
which leverages both geometric and semantic information
to improve the success rate of the manipulation. Yan et al.
[38] utilized diffusion policy to generate mobile manipu-
lation whole-body control trajectories, which control task-
specific diffusion policy generation through diverse energy
terms. However, imitation learning with expert trajectories
leads to expensive training costs [24]. Therefore, mod-
ular mobile manipulation frameworks Home-Robot [40]
and OK-Robot [22], which contain foundation model plan-
ners and reinforcement learning-based controllers are pro-
posed to efficiently handle long-horizon mobile manipula-
tion tasks. SPIN [34] proposes to utilize a reactive mobile
manipulation framework to achieve proactive scene percep-
tion which follows the full-body and hand-eye coordination
capabilities of humans. However, existing mobile manipu-
lation methods struggle to generalize to diverse real-world
tasks and environments due to insufficient large-scale pre-
training.

Vision-language-action Models: The current state-of-
the-art VLA models [12, 19–21] directly output end-
effector 7-DoF actions based on RGB vision observa-
tions without relying on predicted object categories and
poses. Early VLA frameworks following the vision-
language model(VLM) [33] architecture represented ac-
tions with autoregressive discretization. ManipLLM [21]
constructed the Chain-of-Thought(CoT) to stimulate ma-
nipulation reasoning capabilities in the foundation model
and further introduced an active impedance adaptive strat-
egy to plan the next waypoints. OpenVLA [19] explored
the impact of visual encoders on the performance of the
VLA models, which combines different foundation model
components to achieve satisfactory performance. To fur-
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ther enhance the VLA model to mine the association be-
tween visual input and action trajectories, TinyVLA [35]
proposes to utilize the foundation model feature prior to
guide the action decoder diffusion process, which signifi-
cantly enhances the generalization of the VLA model on
changes in viewpoints, objects, etc. Recent works also ex-
plore the ability of VLA models on embodiments with high
degrees of freedom. RDT-1B [23] generalized diffusion
policy to a bimanual manipulation by introducing a phys-
ically interpretable unified action space to handling more
complex tasks. π0 [1] proposed a novel flow-matching ar-
chitecture based on VLM to learn internet-scale knowledge,
which empowered cross-embodied manipulation planning
for VLA models. Although existing VLA models demon-
strate impressive generalization across tasks and environ-
ments, they fail to generate the cooperative actions of the
mobile base and the robot arm.

Trajectory Optimization: In robotic manipulation
tasks, trajectory optimization plays a pivotal role in achiev-
ing efficient and precise robot actions. Early research has
focused on the multi-objective and constraint characteris-
tics of trajectory optimization [3, 11, 17], aiming to ad-
dress the demands for accuracy and low latency within dy-
namic environments. Handcrafted optimization objectives
confine conventional methods to specific tasks, hindering
their deployment in dynamic and complex environments.
Consequently, data-driven approaches are now used to tai-
lor trajectory optimization to the dynamic challenges of
real-world scenes. Contact-GraspNet [32] and O2O-Afford
[26] guide trajectory generation in densely cluttered scenes
by predicting grasp poses and object affordances, respec-
tively. Michael et al. [6] developed a collision model that
predicts 6DOF object constraints, effectively tackling chal-
lenges associated with occlusions in point cloud data. To
leverage the knowledge embedded in the demo episodes,
some works employ imitation learning to mine trajectory
policies directly from expert demonstrations. Chi et al.
[4] and Huange et al. [13] train neural networks to gen-
erate collision-free trajectories through imitation learning
from human or expert demonstrations, eliminating the need
for manually defined constraints or explicit environmen-
tal modeling. Benefit from the development of foundation
models, recent methods such as VoxPoser [14] and ReKep
[15] have demonstrated that leveraging foundational models
to infer scene affordances and constraints can significantly
enhance the generalization of trajectory optimization. In-
spired by Rekep’s success in manipulation tasks, we devel-
oped a motion planning objective that efficiently adapts pre-
trained fixed-base VLA models for mobile manipulation.

3. Approach
In this section, we first introduce the overall framework

of policy transfer from the fixed-base VLA models to mo-

bile manipulation tasks. Then we present the motion plan-
ning objectives for evaluation of the base and the arm trajec-
tory to maximize the physical feasibility. Finally, we pro-
pose an efficient bi-level objective optimization framework
for trajectory generation.

3.1. Problem Statement
The mobile manipulation task requires the robot to in-

teract with objects in different locations, cooperatively con-
trolling the mobile base and the robot arm to accomplish the
interaction actions in physically feasible trajectories. The
observation at the tth step consists of the visual input and
the proprioception state. The visual input contains RGB im-
ages, depth images, and the camera poses, and the propri-
oception state includes locations ptb and rotations rtb for the
base in the world frame, and locations pte, rotations rte, and
gripper openness gte of the end-effector in the base frame.
We apply the transformation function Γ to obtain the lo-
cation p̂te and rotation r̂te of the end-effector in the world
frame. Based on observation and language instructions, the
agent is required to generate the optimal action to achieve
the next-best proprioception state of the mobile base and the
robot arm for task completion.

Existing mobile manipulation frameworks usually learn
the mobile manipulation policy by imitating expert demon-
strations. The scale of expert demonstrations is limited be-
cause of the high cost of data collection in mobile manip-
ulators with high DoFs, which leads to low generalization
ability across tasks and environments. Our goal is to effi-
ciently transfer pre-trained VLA model policies to mobile
manipulation, which jointly generates trajectories of both
the mobile base and the robot arm to achieve high general-
ization ability.

3.2. Policy Transfer Framework
VLA models pre-trained on web-scale data [27] demon-

strate impressive generalization capabilities across tasks
and environments. Nevertheless, existing efforts are lim-
ited to fixed-base manipulation and cannot deal with mo-
bile manipulation that requires whole-body policy genera-
tion for both the base and the arm. To this end, we propose
to transfer the fixed-base manipulation policy predicted by
pre-trained VLA models by whole-body motion planning
with physical feasibility. Figure 2 demonstrates the over-
all pipeline of MoManipVLA. We first employ pre-trained
VLA models to generate the optimal end-effector waypoints
based on observation and human instruction. To enable the
end-effector to achieve the goal waypoints, we jointly gen-
erate the trajectories for the base and the arm with the high-
est physical feasibility. We design motion planning objec-
tives to maximize the physical feasibility including safety,
smoothness and reachability. To efficiently solve the tra-
jectory, we propose a bi-level objective optimization frame-
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Figure 2. The pipeline of MoManipVLA. The pre-trained VLA models predict highly generalized end-effector waypoints to guide the
mobile manipulation task, through which the trajectory of the mobile base and the robot arm can be generated with objectives of physical
feasibility. The objectives consider the reachability, smoothness and collision, and the trajectory is acquired via bi-level optimization.

work, where the upper-level optimization predicts the base
movement waypoints to enhance the subsequent manipula-
tion policy space, and the lower-level optimization selects
the optimal end-effector trajectory to achieve the waypoints
generated by VLA models. Therefore, the motion plan-
ning framework enables pre-trained fixed-base policies to
be efficiently adapted to mobile manipulation with negligi-
ble training cost.

3.3. Mobile Motion Planning Objectives

Motion planning aims to generate feasible trajectories for
the mobile base and the robot arm between given the con-
secutive waypoints of end-effectors, which should achieve
pose reachability, trajectory smoothness, and safety during
the entire mobile manipulation process. To enhance the
generalization ability across tasks and environments, the ith
waypoint of the end-effector Qi in the base frame during the
entire mobile manipulation process can be generated via a
pre-trained fixed-base VLA model, where RGB images of
the current scene and the proprioception state of the robot
arm are considered following the VLA pipeline. For trajec-
tory planning, we first transform the waypoint Qi to that the
world frame denoted as Q̂i in the following:

Q̂i = Γ(P0
i ,Qi) (1)

where P0
i demonstrates the proprioception state of the base

when predicting the waypoint Qi with the VLA model.
Therefore, the optimization objective can be represented
as follows to generate the trajectory given the consecutive
waypoints Q̂i and Q̂i+1:

min

Ti∑
t=0

O(xt
i,b,x

t
i,e)

s.t.quadΓ(x0
i,b,x

0
i,e) = Q̂i, Γ(xTi

i,b,x
Ti
i,e) = Q̂i+1

(2)

where Ti denotes the number of steps in the planned tra-
jectory between above consecutive waypoints, and O is the
objective function evaluating the physical feasibility of tra-
jectories. For trajectory planning, xt

i,b means the planned
base pose in the world frame at the tth step including loca-
tion pti,b and rotation rti,b, and xt

i,e demonstrates the planned
end-effector pose in the base frame at the tth step including
location pti,e, rotation rti,e and gripper openness gti,e. Our
goal is to minimize the cost function to enhance the phys-
ical feasibility of the entire trajectory with waypoints from
VLA models, and the constraints indicate that the starting
pose and the ending pose should be consistent with the way-
points for trajectory smoothness. Given the poses of the
base and the arm in the trajectory, the joint angles of the
arm are iteratively solved by Pinocchio IK solver, and the
base is driven with translation and rotations. The objective
functions are introduced in the following.

Reachability cost: Since the mobile manipulation re-
quires the robot to interact with objects in large area, im-
proper pose of the mobile base may lead to an unreachable
pose of the arm. Therefore, we evaluate the reachability of
each candidate trajectory. Assuming the solution of joint
angles can be acquired via NIK iterations, the reachability
cost Fr can be represented as follows:

Fr =

{
NIK/Nmax if NIK ⩽ Nmax,

C0 if NIK > Nmax,
(3)

where Nmax is a hyperparameter representing the maxi-
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mum iteration time for the IK solver, and C0 is a large con-
stant. Acquiring the joint angle solution within the maxi-
mum iterations indicates reachable trajectories. Slower IK
solving with more iterations means that the joint angle is
closer to the range limit, which is more vulnerable to noise
in the execution the mobile manipulation actions. This
shows lower reachability for the robot arm. When the iter-
ation number is larger than the budget, the pose in the can-
didate trajectory is unreachable without feasible joint angle
solutions. Therefore, the cost will be assigned to an ex-
tremely high value.

Smoothness cost: The smoothness constraint keeps con-
tinuous and smooth changes for joint angles of the robot
arm and translation and rotation of the base, where sudden
changes are avoided to keep the safety of the motor and the
embodiment. We define trajectory smoothness as the differ-
ence of joint angles θt of the arm and proprioception of the
base between consecutive poses in the candidate trajectory:

Fs =

Ti∑
t=0

∥∥θt+1 − θt
∥∥
2
+
∥∥xt+1

b − xt
b

∥∥
2

(4)

where subscript i for the base pose in the trajectory is omit-
ted for simplicity. We leverage the joint angle solved via
IK for smoothness constraint instead of the proprioception
of the arm because small changes in the arm pose cannot
guarantee slight differences in joint angles.

Collision cost: The robot is required to avoid any colli-
sion among the robot arm, the mobile base and objects in the
environment to keep safety during the mobile manipulation
process. We leverage nvblox [25] to compute the ESDF for
object surface in the environment according to the RGB-D
images, and randomly sample Nq query points on the robot
surface to evaluate the collision cost:

Fc =

T∑
t=0

Nq∑
j=1

max(0, ϵ0 −D(qtj ,Ω)) (5)

where qtj means the jth query point at the tth pose in the tra-
jectory, and ϵ0 is a hyperparameter that controls the safety
margin for collision avoidance. D(qtj ,Ω) means the dis-
tance between qtj and the surface Ω, which is predicted by
the ESDF model. We expect the distance between the robot
and the object surface can be maximized if it is within the
safety margin. Otherwise, the trajectory will be regarded as
collision-free with no contribution to the cost.

We acquire the overall objectives by combining the
reachability, smoothness and collision costs with the hyper-
parameter {λi}i:

O = λ1Fr + λ2Fs + λ3Fc (6)

By generating physically feasible trajectories, the agent can
fully leverage the generalization ability across tasks and en-

Algorithm 1: Bi-Level Trajectory Optimization

Require: Solution tolerance: µs

Require: Upper and lower iterations: Nup
max, N low

min

1: Get ith waypoint Q̂i ← Γ(x0
b ,Qi)

2: Get initial solution {x0
e, x

0
b} by linear interpolation

3: Initialize current stage step t← 0
4: repeat
5: Update robotic state {ptb, rtb}, {pte, rte} ← xt

b, x
t
e

6: for k = 1 to Nup
max do ▷ Update Base

7: Transform end-effector position p̂te ← Γ(ptb, p
t
e)

8: Sampling end-effector trajectories Ls via p̂te
9: Update robotic base xt+1

b via Ep.6 and Ls

10: Update current stage step t← t+ 1
11: end for
12: for k = 1 to N low

max do ▷ Update End Effector
13: Transform end-effector position p̂te ← Γ(ptb, p

t
e)

14: Update robotic base position pt+1
e via Ep.6

15: Update robotic end-effector xt+1
b ← xt

b

16: Update current stage step t← t+ 1
17: end for
18: until ∥Γ(ptb, pte)− Q̂i∥2 < µs

vironments in VLA models for the challenging mobile ma-
nipulation task.

3.4. Bi-Level Trajectory Optimization
Directly searching the optimal solution to the objective

(6) is highly complex, because the pose search space of the
mobile base and the robot arm is extremely large with high
DoFs. To address this problem, we propose a bi-level tra-
jectory optimization framework to improve the efficiency of
trajectory generation, where the upper level optimizes the
waypoints for the base to enhance the manipulator policy
space, while the lower level further optimizes the waypoints
for the end-effector to follow the guidance of the pre-trained
VLA models for completing manipulation tasks. Although
the bi-level optimization framework is greedy, but mobile
manipulation requires searching a 10-DoF space (7 for the
arm and 3 for the base), resulting in a large search space that
cannot be proven convex, where direct searching may easily
lead to local optima. Notably, decomposed greedy search is
commonly used in other robotics fields, such as humanoid
control [44], which splits the 39-DoF humanoid actions into
separate 27-DoF upper and 12-DoF lower body actions. We
employ Dual Annealing search algorithms for the objective
optimization, where gradient-based local optimizer SLSQP
is used to refine the solution. The details of bi-level trajec-
tory optimization are demonstrated in Algorithm 1.

Initialization: According to the constraints in the objec-
tive, the first and the last poses of the trajectory are set to the
current waypoint and the next one predicted by VLA mod-
els. The intermediate poses in the trajectory are initialized
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as the interpolation states with equal intervals between the
consecutive waypoints.

Upper-level optimization: In the upper-level, we search
the optimal base poses to form the search space of arm
poses. In the iterative updating stage of the Dual Annealing
search algorithms, we only update the base pose to generate
new candidates of whole-body pose in the trajectory. For
the jth pose in the trajectory, we randomly sample differ-
ent arm poses given the base pose, and evaluate the quality
of the search space with the expected objective and top-tier
objective:

Jup =
∑

xe∈M
O(xj

b, xe) + α
∑
xe∈N

O(xj
b, xe) (7)

where xe means the candidate arm pose.M andN respec-
tively mean the set of sampled candidates and those with
the top-k lowest objectives. The search space with low ex-
pected objectives across candidates indicates high quality,
and lower top-tier objective means the higher upper bound
for the candidate performance.

Lower-level optimization: After the base poses in
the trajectory achieve optimal, the low-level optimization
searches for the best arm poses in the trajectory. Given the
search space, the quality of each candidate can be estimated
by the objective (6). We leverage the optimal candidate in
the given search space as the whole-body pose in the trajec-
tory. With efficient policy transfer, our agent achieves high
generalization ability across tasks and environments with
guidance from pre-trained VLA models.

4. Experiment
In this section, we conduct comprehensive experiments in

OVMM and the real world to demonstrate the effectiveness
of the proposed method. We first describe the implemen-
tation details and compare them with state-of-the-art meth-
ods. Then we validate the effectiveness of each cost term
in the motion planning objective through ablation experi-
ments. Finally, we test the method performance in the real
world to verify generalization.

4.1. Datasets and Implementation Details
The Open Vocabulary Mobile Manipulation (OVMM)

benchmark [40] contains 60 scene models approximating
the layout of a real house, along with over 18k 3D models
of everyday objects. The mobile manipulation task in the
OVMM benchmark is formally defined as “Move a target
object from container A to container B”, where the target
object is a small object that can be grasped by Hello Robot
Stretch [18]. The robot is initialized in an unknown environ-
ment and needs to perform ”Nav to Recp-A, Gaze, Pick Ob-
ject, Nav to Recp-B, and Place” stages sequentially to com-
plete the mobile manipulation, where errors in any of these

stages will result in a failed manipulation. We collect mo-
bile manipulation expert trajectories with the heuristic base-
line provided by OVMM to fine-tune the off-the-shelf VLA
models to bridge the cross-embodied gaps. We employ
OpenVLA-7B to generate fine-grained interaction trajecto-
ries. Specifically, each expert trajectory consists of a series
of tuples containing visual perception, robotic states, and
execution actions. We collect 200 pick-and-place demon-
stration episodes and efficiently fine-tune 10K epochs with
LORA on 4 RTX 3090 GPUs. For the trajectory optimiza-
tion framework, we employ double annealing to search for
physically feasible trajectories between waypoints. The
number of intermediate steps is calculated based on the
position and rotation changes between waypoints with the
specified step size (0.05). The scene ESDF is constructed
with 3D object models. We follow the OVMM benchmark
setting and utilize the open vocabulary instance segmenta-
tion model as the visual perception module. The cost hyper-
parameters λ1, λ2 and λ3 in the optimization objective are
set to 10.0, 1.0 and 0.6, respectively. The safety threshold
ϵ0 in the collision cost is set to 0.1.

4.2. Comparison with State-of-the-art Methods

Because our proposed MoManipVLA relies on the VLA
models for waypoint guidance, we generate fine-grained
base and arm trajectories for the OVMM task exclusively
at the end of the agents’ navigation phase within MoMa-
nipVLA. Table 1 demonstrates the performance of Mo-
ManipVLA on OVMM compared to state-of-the-art meth-
ods. Benefiting from the generalization ability of the pre-
trained VLA models, our method achieves 4.2% overall
success rate and 11.2% partial success rate gain, respec-
tively, which efficiently verify that the proposed approach
efficiently transfers the pre-trained VLA model policies to
the mobile manipulation task. We demonstrate that our
method can coordinate the motion of the robotic base and
arm in order to keep the end-effector in a reasonable spa-
tial relationship with the target object. Table 2 demon-
strates the efficiency of our approach compared to the base-
line, Latency denotes the inference latency for generating
the interaction policy. Notably, the step numbers of our
method are close to the heuristic method while the latency
is close to the RL-based method, further demonstrating the
efficiency of the proposed policy transfer and hierarchi-
cal optimization framework. We further counted the fail-
ure cases of mobile manipulation as illustrated in Table 3.
”Find recep” means that the grasp receptacle is not found,
”Nav to place” means that the placement receptacle is not
found, and ”Orient to place” means that the robot’s navi-
gation strategy fails (it is not aligned to the target), further
validating the importance of the base waypoints in mobile
manipulation.
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Table 1. Comparison results on the OVMM benchmark, where partial success rates indicate the execution of each stage. We follow the
OVMM setting employing the baseline Nav and Gaze model to find the target object, replacing the Pick and Place policy to validate the
effectiveness of the proposed method on mobile manipulation.

Method Partial Success Rates Overall
SR

Partial
SR Step

FindObj Pick FindRex

UniTeam 49.2% 42.8% 19.6% 9.2% 30.8% 1006.6
OVMM (RL) 32.4% 15.6% 9.2% 1.2% 14.6% 1132.5
OVMM (Heuristic) 30.8% 14.4% 3.6% 0.8% 12.4% 1009.8
RoboAI 41.2% 21.2% 6.4% 0.0% 17.2% 906.2
KUZHUM 55.7% 50.2% 35.2% 11.6% 38.2% 1153.3
MoManipVLA 66.1% 62.6% 53.1% 15.8% 49.4% 1240.5

Table 2. Ablation experiments for optimization cost terms, where the base method denotes the full setting of our approach. We verify its
effectiveness by gradually eliminating the cost term. We further explored the effectiveness of bi-level optimization.

Method Search Policy Partial Success Rates Overall
SR

Partial
SR Step Latency

Bi-level Direct FindObj Pick FindRex

Base Method ✓ 66.1% 62.6% 53.1% 15.8% 49.4% 1240.5 693.1
Base Method ✓ 65.9% 61.1% 52.5% 14.1% 48.5% 1373.3 742.9
Base Method w/o GT. ✓ 23.7% 12.7% 7.1% 1.7% 11.3% 1187.8 737.6

w/o Reachability ✓ 65.8% 61.3% 52.6% 13.1% 48.2% 1174.7 682.7
w/o Smoothness ✓ 66.1% 61.7% 53.1% 13.8% 48.7% 1185.3 688.2
w/o Collision ✓ 66.3% 61.4% 52.7% 15.3% 48.9% 1174.2 692.1

4.3. Ablation Study

To fully verify the importance of each cost term in tra-
jectory optimization, we conduct ablation experiments on
the baseline method. We respectively remove the terms of
reachability, smoothness, and collision and evaluate the suc-
cess rate and efficiency. The results of the ablation experi-
ments are illustrated in Table 2, where “Base Method” de-
notes our proposal method, and “w/o GT” means using the
instance segmentation. Each term improves the overall suc-
cess rate with the obvious contribution. Among all three
terms, reachability increases the success rate most signifi-
cantly because mobile manipulation requires target interac-
tion in large regions, where it is challenging for the agent to
reach the target due to the base location. In the mobile ma-
nipulation task, the cooperative control of the mobile base
and the arm to ensure end-effector reachability is a key bot-
tleneck in performance, as well as the transfer of the pre-
trained VLA model to mobile manipulation.

Meanwhile, we also leverage different pose search meth-
ods for trajectory generation. Besides the bi-level objective
optimization in our method, we also use the ordinary Dual
Annealing search algorithm without search space decompo-
sition. Despite a higher success rate, our bi-level objective
optimization method also reduces the latency significantly.
This indicates the effectiveness of our algorithm to avoid
search deficiency. We further leverage the groundtruth ob-

Table 3. Failure cases in OVMM simulation environment

Find recep Nav to place Orient to place Other

14.62% 0.33% 72.09% 12.96%

ject masks as the visual input for our system to fairly eval-
uate our mobile manipulation policy. We also evaluate our
method by utilizing vision foundation models such as De-
tic for object mask generation. As the objects are usually
highly cluttered in the household environments, the quality
of visual perception degrades significantly. Therefore, the
overall success rate is far below methods using groundtruth
masks.

4.4. Real World Experiments

Table 4 demonstrates the performance of our approach on
real-world robotics. We employ the hexman echo plus base
and RM65 robotic arm components offline mobile plat-
forms and utilize nvblox to reconstruct the scene ESDF and
Grounding SAM [30] to obtain masks for the robotic arm
and target object, using the arm mask as the query point
and excluding the target object mask in ESDF construction.
We follow the ORB-SLAM setting and use the Intel Re-
alsense T265 tracking camera to acquire the real-time cam-
era pose and base pose. Benefiting from the generalization
of the pre-trained VLA models, our approach requires only
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Waypoint 1

Waypoint 2

Waypoint 3 Arm Trajectory Base Trajectory Arm Trajectory

Pick up the block Move the box Place in the box

Figure 3. Real-world mobile manipulation visualization results. We demonstrate a real-world mobile robotic Pick-and-Place action se-
quence, which generates mobile manipulation trajectories through iterative bi-layer search of the base and arm.

Table 4. Real-world results. We tested each task 10 times.

Task SR Step Latency(ms)

Stack Block 30.0% 67.0 580.0
Open Drawer 10.0% 89.0 592.0
Put in Bowl 40.0% 102.0 585.0

50 samples to complete the fine-tuning and achieves 40%
success rate on the mobile manipulation task. The drawer
opening task is a challenging hinge object interaction in mo-
bile manipulation, requiring the robotic trajectory to meet
physical constraints and avoid collision with hinge object
movement, which leads to 10% success rate.

We demonstrate the qualitative results in Figure 3, which
illustrates the sequence of the Pick-and-Place task of the
mobile manipulation. The robot initializes the surrounding
of the target object to ensure the effectiveness of the way-
points predicted by the VLA models. After the robot ap-
proaches the target object by navigation, the motion of the
mobile base and arm is generated based on the waypoints
produced by the pre-trained VLA models, ensuring that the
end-effector follows the VLA model guidelines. Initially,
target blocks are positioned within the robotic arm’s native
workspace, enabling task completion through direct execu-
tion of VLA models predicted waypoints via generated arm
trajectories. When the agent needs to move to place the red
box, the motion planning at this point is costly and the base
needs to be moved to augment the motion space of the arm
to indeed reach the waypoints. We initialize base optimiza-
tion with heuristic navigation, then refine the base waypoint
using bi-level optimization, so that the red box reenters the
workspace to complete placement. Our proposed MoMa-
nipVLA tightly integrates navigation and manipulation, en-

suring efficient execution of mobile manipulation tasks, and
further leverages the generalization ability of the pre-trained
VLA models.

5. Conclusion
In this paper, we have presented an efficient policy trans-

fer framework to generalize pre-trained VLA models to mo-
bile manipulation tasks. We first predict the waypoints for
the end-effectors with the fixed-base VLA models, and gen-
erate the trajectories for the mobile base and the robot arm
with maximized physical feasibility. By designing objec-
tives considering the end-effector reachability, trajectory
smoothness and collision avoidance, we leverage an effi-
cient bi-level objective optimization framework to jointly
search for the optimal trajectory pose for the base and the
arm. Extensive experiments demonstrate the powerful gen-
eralization of our approach in both simulation and the real-
world tasks. The limitations of our method are two-fold.
First, our proposed method is limited to the performance
of the VLA models and can only be deployed in highly
constrained movement space. Meanwhile, for other mov-
ing platforms extra motion planning constraints need to be
designed to ensure feasibility. Second, our system cannot
generate effective motions for long-horizon tasks due to the
lack of task planning modules. Designing an efficient tra-
jectory generation framework and integrating task planning
from foundation models will be the future works.
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