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Abstract
Open-vocabulary mobile manipulation (OVMM)
that involves the handling of novel and unseen
objects across different workspaces remains a
significant challenge for real-world robotic ap-
plications. In this paper, we propose a novel
Language-conditioned Open-Vocabulary Mobile
Manipulation framework, named LOVMM, in-
corporating the large language model (LLM) and
vision-language model (VLM) to tackle various
mobile manipulation tasks in household environ-
ments. Our approach is capable of solving various
OVMM tasks with free-form natural language
instructions (e.g. “toss the food boxes on the office
room desk to the trash bin in the corner”, and
“pack the bottles from the bed to the box in the
guestroom”). Extensive experiments simulated
in complex household environments show strong
zero-shot generalization and multi-task learning
abilities of LOVMM. Moreover, our approach can
also generalize to multiple tabletop manipulation
tasks and achieve better success rates compared to
other state-of-the-art methods.

1 Introduction
As one of the key capabilities for robotic home assistance,
open-vocabulary mobile manipulation (OVMM), which
leverages vision cameras to navigate in the environment and
execute human-like actions to manipulate unseen objects,
has attracted wide attention. It is crucial for addressing
real-world challenges such as object sorting and rearrange-
ment [Zeng et al., 2022], [Gan et al., 2022], household
cleanup [Yan et al., 2021], [Wu et al., 2023], and human
assistance [Yenamandra et al., 2023], [Stone et al., 2023].

Traditionally, robotic manipulation relies on vision-based
methods that use explicit, object-centric representations,
including poses, categories, and instance segmentations for
perception [Pan et al., 2023], [Geng et al., 2023a], [Xie et al.,
2020]. However, these approaches struggle with generalizing
to unseen objects, as they often require specific training
data for each scenario. Recently, end-to-end models that
learn from expert demonstrations have emerged as promising

alternatives [Zeng et al., 2021], [Seita et al., 2021], [Geng
et al., 2023b]. By leveraging visual observations without
any explicit object information, these models are able to
extract more generalizable representations across different
tasks and zero-shot adapt to unseen scenarios. Yet, such
methods are limited by the insufficient information provided
by the single-modal data, or they may require goal images
as instructions to adapt to new situations. In real-world
scenarios, it is impractical to supply additional demonstra-
tions or goal images for each new task. Thus, the model
must possess the ability to open-vocabulary generalize to
previously unseen tasks. An intuitive solution to this problem
is grounding natural language in the manipulation policy.
Natural language provides a direct interface for specifying
targets and offers rich semantic information that is beneficial
for more efficient learning. Although many efforts have
been devoted to natural language conditioning for robotic
manipulation [Kamath et al., 2021], [Sharma et al., 2022],
these models focus on explicit representations for seen
objects, while natural language instructions are mainly used
for target perception, rather than helping the model learn
how to manipulate in an end-to-end manner.

Recent advancements in pretrained models, especially
large language models (LLMs) and vision-language models
(VLMs) [Radford et al., 2021], [Xue et al., 2023], have
demonstrated zero-shot generalization capabilities across
various robotic tasks. Notably, a number of works exploit
the rich semantic information that lies in different modalities
by combining natural language instructions with multi-view
observations [Goyal et al., 2024], 3D pointclouds [Shridhar
et al., 2023], and action sequences [Brohan et al., 2023].
These models significantly improve generalization to novel
objects, but they are often restricted to single workspaces or
rely on simplified environments and predefined instructions,
limiting their real-world applicability.

To address these challenges, we propose natural
language-conditioned open-vocabulary mobile manipu-
lation1 (LOVMM), a framework that integrates the LLM
for reasoning and VLMs for multimodal perception, en-
abling both open-vocabulary navigation and end-to-end
manipulation with free-form natural language instructions.

1The source code, dataset, and supplementary material are avail-
able at: https://github.com/shentan-shiina/LOVMM.
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Figure 1: Natural language-conditioned unseen OVMM tasks. We conduct large-scale experiments based on the CLIPort benchmark in
simulated indoor household scenes for 16 OVMM tasks with over 35K steps of demonstrations (see Appendix A.1 for task details).

Specifically, we employ GPT-4 [Achiam et al., 2023] to
parse and reason for free-form natural language instructions
and VLMaps [Huang et al., 2023] to construct 3D vision-
language maps for navigation. Following the architecture of
CLIPort [Shridhar et al., 2022], we construct a two-stream
model that fuses the semantic information from the vision-
language representations of CLIP [Radford et al., 2021]
with the spatial information learned from the Transporter
network [Zeng et al., 2021]. The fused features from both
streams are exploited to predict 6-DoF manipulation poses,
facilitating efficient 3D manipulation learning and general-
ization to complete unseen tasks across different workspaces.

We evaluate LOVMM in simulated household environ-
ments using a mobile suction gripper robot. Our experiments
are built upon the CLIPort [Shridhar et al., 2022] benchmark,
including over 35K steps of demonstrations across 16
different seen and unseen language-conditioned tasks, each
requires open-vocabulary navigation and cross-workspace
manipulation ability, as shown in Figure 1. LOVMM not
only excels in multi-task learning for seen OVMM tasks, but
also shows good zero-shot generalization performances for
challenging unseen scenarios. In addition, the experiments
further indicate that our model outperforms recent vision-
based robotic manipulation methods in tabletop manipulation
tasks, exhibiting more effective generalization capabilities.

The contributions of our work in this paper are summarized
as follows:

• We propose a language-conditioned open-vocabulary
mobile manipulation framework called LOVMM, which
enables the model to handle complex OVMM tasks with
free-form natural language instructions in household en-
vironments.

• We present an end-to-end 6-DoF manipulation model
that exploits the joint semantic and spatial information
from multimodal input for learning accurate 3D manip-
ulation efficiently.

• A variety of experiments based on the extended bench-
mark of OVMM tasks are conducted. The results show
that LOVMM is able to zero-shot complete diverse
OVMM tasks decently and achieves superior multi-task
learning and generalization performances compared to
recent vision-based manipulation models.

2 Related Work
2.1 Vision-based Robotic Manipulation
Perception for vision-based robotic manipulation has tradi-
tionally relied on object-centric representations such as pose
estimation [Pan et al., 2023], keypoints [Liu et al., 2024], and
dense descriptors [Graf et al., 2023]. While these methods
are effective, they typically require the manipulated objects
to have rich texture details or complete 3D models to extract
sufficient visual features. Thus, they struggle to generalize to
unseen objects due to the lack of object-specific prior knowl-
edge.

In contrast, recent advancements in deep learning-based
methods demonstrate that leveraging visual observations di-
rectly, without prior object-centric information, helps the
model to better understand perception-to-action concepts and
learn more generalizable manipulation policies. The Trans-
porter network [Zeng et al., 2021] finds the best object place-
ment by cropping the image based on the sampled pick loca-
tion and correlating the extracted deep visual features from
both original and cropped RGB-D inputs to perform a tem-
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Figure 2: Overview of LOVMM. We decompose OVMM as a series of open-vocabulary robot navigation and manipulation subtasks. Given a
free-form natural language instruction, the LLM first parses the instruction to extract the target workspace and target manipulation description.
The 3D vision-language map of the scene is then utilized to perform open-vocabulary localization for the robot to navigate to the specific
workspace. Once the robot reaches the target location, the end-to-end manipulation model processes the target manipulation description along
with RGB-D observations to predict a 6-DoF action pose for manipulation. By iteratively completing these subtasks, LOVMM enables the
robot to perform complex OVMM tasks.

plate matching process. The correlation results naturally pa-
rameterize robot actions in a pick-and-place motion primitive.
This formulation enables the network to learn manipulation
skills efficiently but requires task-specific images to condition
the policies, which limits its applicability in real-world sce-
narios. Further, Geng et al. [Geng et al., 2023b] introduced
a reinforcement learning framework that utilizes visual affor-
dances to predict contact maps, providing a novel direction
for end-to-end manipulation learning. Despite these advance-
ments, the reliance solely on visual observations limits the
perception capabilities of these methods, which makes them
difficult to apply to real-world OVMM tasks. Our method,
on the other hand, overcomes these limitations by integrating
RGB-D images with natural language instructions as multi-
modal input, which can better generalize to unseen scenarios
and complete diverse OVMM tasks.

2.2 Open-Vocabulary Mobile Manipulation
A number of prior works have explored how robots can solve
various manipulation tasks, typically focusing on simple,
single-workspace environments [Zeng et al., 2021], [Seita
et al., 2021], [Shridhar et al., 2022]. However, real-world
robotic tasks often require complex mobile manipulation
across multiple workspaces that involve both navigation and
unseen object manipulation. For instance, a robot might need
to retrieve an unfamiliar object from the kitchen and place it
on the living room table, which is beyond the scope of tra-
ditional approaches. Such tasks are defined as OVMM and
it remains an open problem [Yenamandra et al., 2023]. Re-
cent work [Qiu et al., 2024] proposed a two-stage framework
based on 3D semantic mapping and pretrained models to de-
compose OVMM as a series of object fetching tasks, which

achieves a decent success rate in a variety of real-world tasks.
Moreover, the paper [Stone et al., 2023] focused on using
various input modalities with VLM to solve open-world ob-
ject manipulation and combined CoW [Gadre et al., 2023]
to address open-vocabulary navigation and manipulation. Al-
though these works provide innovative approaches for solving
OVMM tasks, they struggle to generalize to different unseen
environments and are restricted to simplified task setups that
only work with seen objects or a single workspace. Our ap-
proach, LOVMM, advances this field by enabling zero-shot
handling of diverse OVMM tasks that involve a wide range
of complex, unseen environments with novel objects across
different workspaces.

2.3 Pretrained Models for Robotics
The advent of large pretrained models has sparked significant
interest in applying their generalization capabilities to robotic
tasks, including manipulation [Zeng et al., 2021], naviga-
tion [Geng et al., 2023b], and even human assistance [Kedia
et al., 2024]. Leveraging the strong reasoning and abstraction
abilities of LLM, a number of researchers have introduced
innovative approaches for grounding natural language and
other different modalities into robotic learning. By decom-
posing high-level tasks into pretrained low-level skills with
LLMs and using corresponding value functions to provide
environment-specific knowledge, SayCan [Ahn et al., 2022]
enables real-world long-horizon robotic task planning with
natural language instructions.

In parallel, vision-language models (VLMs) that enable
zero-shot capabilities by training on image-text pairs have
also demonstrated impressive generalization performances
in various tasks [Liu et al., 2023], [Kirillov et al., 2023],
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[Yang et al., 2024]. By combining pretrained VLMs with
imitation learning, some works have expanded traditional
language-conditioned robotic manipulation paradigm [Shrid-
har et al., 2023], [Goyal et al., 2023], [Goyal et al., 2024].
Previous work [Shridhar et al., 2022] proposed a language-
conditioned imitation learning agent that takes advantage of
both CLIP [Radford et al., 2021] and Transporter [Zeng et al.,
2021] to learn general semantic concepts and precise spatial
placement in few-shot settings. Nevertheless, it is constrained
to 3-DoF manipulation tasks and it only focuses on manipu-
lating in a fixed workspace with simple environment setups.
Moreover, recent works that leverage vision-language-action
models (VLAs) to directly learn generalizable robot actions
are capable of tackling various manipulation tasks. How-
ever, these models often incorporate complex structures and
require costly training [Kim et al., 2024], [Team et al., 2024].
To this end, we propose a novel framework that exploits the
strong language reasoning capabilities of GPT-4 for parsing
free-form natural language instructions and the rich semantic
information of pretrained VLMs for open-vocabulary navi-
gation and manipulation. This enables efficient learning of
6-DoF manipulation skills and generalization of a wide range
of OVMM tasks in complex, unseen environments.

3 Proposed Method
In this section, we formulate the OVMM problem with
free-form natural language instruction as input and describe
LOVMM in detail. The overview of LOVMM is given in Fig-
ure 2.

3.1 Problem Formulation
The task of OVMM involves the mobile robot with vision
cameras and the current environment. We formulate the prob-
lem as completing a series of subtasks as follows:
Language Instruction Parsing. Given a free-form natural
language instruction Lt at each timestep t, it describes the tar-
get workspace lwt

and target manipulation lmt
. We can parse

the language instruction into such two parts Lt → (lwt
, lmt

),
where each element is in text form. For example, an input in-
struction “toss the food boxes on the office room desk” can be
parsed into the target workspace “the office room desk” and
the target manipulation “toss the food boxes”.
Navigating to the Target Workspace. The robot navigate
to the position pt of the current target workspace based on
lwt

and captures a visual observation ot of the environment.
Manipulating in the Target Workspace. After reaching
the target position, the problem can be considered as solving
a tabletop pick-and-place manipulation subtask in the current
workspace, which can be formulated as executing a manipu-
lation policy π that outputs robot actions at:

π(ot, lmt) → at = (Tpick, Tplace) ∈ A (1)

where Tpick and Tplace are the poses of the robot end-effector
for picking and placing actions, respectively. Both poses are
defined in SE(3) for 3D manipulation. The observation ot is a
top-down orthographic RGB-D projection of the workspace.
The target manipulation description lmt

specifies current ma-
nipulation task. When the current manipulation subtask is

completed, the robot continues to navigate to the next given
target workspace and manipulate again.

By repeating to finish the sequence of navigation and
manipulation subtasks, the robot naturally solves the
OVMM task. In practice, we use input-action pairs ζi =
{(o1, lm1

,a1), (o2, lm2
,a2), . . .} to define each discrete-

time tabletop manipulation instance, and the expert demon-
stration for each OVMM task can be presented as Di =
{(L1, lw1

,p1, ζ1), (L2, lw2
,p2, ζ2), . . .}.

3.2 Open-Vocabulary Navigation with Free-Form
Natural Language Instruction

Given a free-form natural language instruction that specifies
the OVMM task, LOVMM first uses GPT-4 as the free-form
language instruction parser to interpret the target workspace
lwt and target manipulation lmt . Then, we follow the pre-
vious work [Huang et al., 2023] and leverage the 3D recon-
struction of current scene to construct a vision-language fea-
ture map matrix Q ∈ RH̄W̄×C using LSeg [Li et al., 2022]
pixel embeddings, where H̄ and W̄ are the size of the prede-
fined top-down grid map, C is the length of the embedding
vector. Each row of Q represents the embedding of a pixel
in the map. The parsed target workspace list lwt

is encoded
with the CLIP text encoder and organized into an embedding
matrix E ∈ RM×C , where M represents the number of the
target category. In this way, we can calculate the similarity
between the given target workspace texts and the map pixels,
and the highest ones indicate the most likely the pixels belong
to the corresponding categories, which is formulated as:

Mc = argmaxQ · ET (2)

where Mc ∈ RH̄W̄ , each element represents the label index
of the target workspace categories. By choosing the most re-
lated pixels and reprojecting them to the original 3D scene
map, we can localize each target workspace and obtain its
position pt for robot navigation.

3.3 Natural Language-Conditioned End-to-End
Manipulation

Learning 6-DoF Manipulation
After reaching the target workspace, the robot is ready to per-
form tabletop manipulation. We first construct our model
with a similar template-matching approach based on the
Transporter network [Zeng et al., 2021] to learn 2D pla-
nar manipulation, where Tpick, Tplace ∈ SE(2). Consider-
ing the above-mentioned pick-and-place policy π, we use
fully convolutional networks (FCN) to model two action-
value functions Qpick and Qplace. The first FCN fpick takes
in γt = (ot, lmt) and outputs the pick action-value prediction
Qpick ∈ RH×W that is used to calculate the pick action Tpick:

Tpick = argmax
(u,v)

Qpick((u, v) |γt ) (3)

where (u, v) is the pixel location of the visual observation
that can be mapped to the scene as a planar translation (x, y)
using camera-to-robot calibration. Tpick ∼ (u, v) ∈ ot is
the pick action at the corresponding location. The second
and the third FCN ψ and ϕ take in the same input γt and
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Figure 3: Architecture of the proposed end-to-end manipulation model, which adopts a two-stream architecture to fuse the visual obser-
vations and natural language instruction of the pick-and-place manipulation tasks. The fused feature embeddings are then cropped and
cross-correlated to produce a 2D affordance and are further exploited with multi-layer perceptrons to predict the 6-DoF manipulation pose.

outputs two feature embeddings of shape RH×W×d. Then,
we crop the feature embedding from ψ centered at Tpick as
the query feature template to cross-correlate with the output
key feature from ϕ to compute the place action-values Qplace
and the corresponding place action Tplace:

Qplace(∆τ |γt , Tpick) = ((ψ(γt)[Tpick]) ∗ ϕ(γt))[∆τ ] (4)

Tplace = argmax∆τQplace(∆τ | γt, Tpick) (5)
where ψ(γt)[Tpick] is the c × c partial crop of the fea-
ture embedding from ψ. Different from the original Trans-
porter [Zeng et al., 2021], we crop the feature embedding
ψ(γt) instead of cropping input observation ot directly for a
better receptive field. ∆τ ∈ SE(2) represents the potential
planar place pose, which is discretized into k angles for the
yaw rotation αz . In this work, we use c = 64, k = 36 and
d = 3.

With the current 2D actions Tpick and Tplace, we further
leverage the rich spatial information embedded in the fea-
ture representations to learn 6-DoF manipulation. We apply
a 1 × 1 convolution after the output layers of ψ and ϕ to ad-
just the feature channel dimension to d′. Then, by splitting
the feature channels into three subsets, we utilize a separate
cross-correlation and an MLP network f(·) for each subset
to learn precise values for the remaining degrees-of-freedom,
which can be formulated as follows:

α = f(((ψ′(γt)[Tpick]) ∗ ϕ′(γt))[Tplace]) (6)

where α represents each remaining degree-of-freedom: the
roll angle αx, pitch angle αy , and height z. ψ′ and ϕ′ are
identical to ψ and ϕ except for the additional 1 × 1 convo-
lution, and we use d′ = 24. In this way, we can predict an
accurate 6-DoF action pose for the manipulation target.

Two-stream Architecture
Specifically, all the FCNs fpick, ψ and ϕ are constructed
based on a two-stream architecture [Shridhar et al., 2022] to
allow for natural language conditioning and joint semantic
and spatial understanding, as shown in Figure 3. The spa-
tial information stream uses an hourglass encoder-decoder

model based on the Transporter ResNet [Zeng et al., 2021]
network but with additional bottleneck layers for better spa-
tial understanding, which takes in RGB-D visual observation
ot and outputs the feature embedding d

(l)
t at layer l. The

semantic information stream leverages the pretrained CLIP
ResNet-50 [Radford et al., 2021] image encoder to encode
the RGB input õt → v

(0)
t : R7×7×2048, and uses skip-

connected upsampling decoding layers to output feature ten-
sors v

(l−1)
t → v

(l)
t : Rh×w×C . To exploit the natural

language instruction, the CLIP Transformer-based text en-
coder [Radford et al., 2021] is utilized to get a language em-
bedding lmt → gt : R1024. The language embedding is then
downsampled and tiled with fully connected layers to produce
gt → g

(l)
t : Rh×w×C such that the decoder feature embed-

dings of the semantic information stream can be conditioned
through an element-wise product v(l)

t ⊙ g
(l)
t . Then, the spa-

tial and semantic information streams are fused with lateral
connections that concatenate two feature tensors, and a 1× 1
convolution is applied to adjust the channel dimension of the
output feature embedding, which is formulated as:

[v
(l)
t ⊙ g

(l)
t ;d

(l)
t ] : Rh×w×Cv+Cd → Rh×w×Cv (7)

where Cv and Cd are the channel sizes of the semantic and
spatial tensors.

Finally, we train the end-to-end manipulation model
through imitation learning from expert demonstrations Di.
We first randomly sample an input-action pair ζi and then su-
pervise the model with one-hot pixel encodings of the expert
actions Ypick : RH×W×k and Yplace : RH×W×k in an end-to-
end manner. The model is trained with cross-entropy loss for
2D manipulation, which is defined as follows:

L2D = −EYpick [logVpick]− EYplace [logVplace] (8)

where Vpick = softmax(Qpick( (u, v)| γt)) and Vplace =
softmax(Qplace(∆τ | γt, Tpick)). For each remaining degree-
of-freedom prediction for 3D manipulation, we use a Huber
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Method
Task-A Task-B Task-C Task-D

1 10 100 1 10 100 1 10 100 1 10 100

LOVMM 52.7 19.7 53.5 91.3 80.6 83.9 68.0 73.1 64.6 5.6 1.7 6.3

Method
Task-E Task-F Task-G Task-H

1 10 100 1 10 100 1 10 100 1 10 100

LOVMM 63.0 34.0 69.0 43.1 82.9 82.5 59.0 34.0 62.0 44.3 72.7 63.9

Table 1: Seen OVMM tasks evaluation results.

loss to train the MLP, which is formulated as follows:

L3D =

{
0.5(θ̂ − θ)2, if |θ̂ − θ| < 1

|θ̂ − θ| − 0.5, otherwise
(9)

where θ̂ is the predicted value of each remaining degree-of-
freedom, θ is the true value.

4 Experiment
In this section, we evaluate the performance of LOVMM by
conducting extensive simulated experiments in household en-
vironments. In addition, we further explore the effectiveness
of our model by comparing it against baseline methods in nat-
ural language-conditioned open-vocabulary tabletop manipu-
lation tasks. All models are trained on 4 NVIDIA RTX 4090
GPUs.

4.1 LOVMM Performance for OVMM Tasks
We design 16 different natural language-conditioned OVMM
tasks in various indoor scenes with household environments.
The tasks are divided into 8 simpler seen tasks for training,
and 8 more challenging unseen tasks for testing, as illustrated
in Figure 1. See Appendix A.1 for details on the task setup.
The models are trained for 600K steps across all seen tasks
using n = 1, 10, 100 expert demonstrations in multi-task set-
tings following CLIPort benchmark [Shridhar et al., 2022].
Then we evaluate the models on 100 seen tasks and use the
best validation model to test on 100 unseen tasks. The task
success rate (TSR) is adopted to assess the model perfor-
mance.

Performance for Seen OVMM Tasks
The constructed OVMM seen tasks are shown in Ap-
pendix A.1 and the detailed evaluation results of all seen
OVMM tasks are presented in Table 1. It is obvious that
LOVMM can decently solve most of the tasks, with the best
91.3% TSR for Task-B. Specifically, LOVMM trained with
100 task demonstrations outperforms other models in half of
the tasks, with a performance of 53.5% for Task-A, which is
over 30.0% higher than the model trained with 10 demonstra-
tions. We can also calculate the highest 60.7% average TSR
across all seen tasks of LOVMM using 100 demonstrations,
showcasing its efficient multi-task learning and accurate ma-
nipulation abilities. Furthermore, when trained with limited
demonstrations, LOVMM still shows decent performances,

Method Task-I Task-J Task-K Task-L

LOVMM 7.3 21.2 21.0 3.9

Method Task-M Task-N Task-O Task-P

LOVMM 8.9 7.8 9.1 3.2

Table 2: Unseen OVMM tasks evaluation results.

reaching 91.3% and 59.0% TSRs for Task-B and Task-G, re-
spectively. LOVMM is able to reach a 53.4% average TSR
using only 1 seen task demonstration, which further demon-
strates the efficient learning ability of LOVMM to grasp di-
verse manipulation skills.

However, a notable performance drop can be observed in
some of the evaluated tasks when LOVMM is trained with
10 demonstrations. We hypothesize such a model behavior is
caused by the imbalanced dataset and the random sampling
strategy. See Appendix A.5 for further discussion.

Performance for Unseen OVMM Tasks
Based on the evaluation performances for seen OVMM tasks,
we choose LOVMM trained with 100 expert demonstrations
to test on unseen OVMM tasks. The evaluation results are
presented in Table 2. See Appendix A.2 for detailed evalu-
ation results. Compared with seen tasks, the performances
of LOVMM decrease as the unseen tasks are inherently more
difficult and involved with diverse and challenging environ-
ments. It shows that our models can still generalize to com-
plete many of them, reaching over 20.0% TSR for tasks
that require strong open-vocabulary manipulation capabili-
ties, such as Task-J and Task-K. Notably, even though Task-I
requires generalization of unseen object categories and pre-
cise manipulation to solve, our model achieves the best per-
formance of 7.3% TSR, which shows the zero-shot open-
vocabulary generalization and cross-workspace manipulation
capabilities of LOVMM. Our model also achieves nearly
10.0% performance when generalizing to Task-O, showcas-
ing its 6-DoF manipulation learning ability. Even for ex-
tremely challenging tasks like Task-M, which not only needs
precise language parsing for open-vocabulary localization
but also requires correct understanding of the correspond-
ing pick-and-place targets, LOVMM manages to complete
some instances. Covering all tasks, LOVMM is able to reach
a 10.2% average TSR using 100 task demonstration, which
demonstrates that LOVMM has strong multi-task learning ca-
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Figure 4: Average task success rates for tabletop manipulation tasks.

pabilities to leverage limited semantic information and ma-
nipulation concepts across different tasks efficiently to zero-
shot generalize to unseen environments and novel object at-
tributes.

In general, LOVMM is capable of learning manipulation
skills efficiently and zero-shot generalizing to complete mo-
bile manipulation in diverse, complex environments, pro-
viding a feasible solution for addressing a wide range of
language-conditioned OVMM tasks with a one-for-all multi-
task model.

4.2 Performance Comparison for Tabletop
Manipulation Tasks

To further validate the manipulation performance of our
model, we compare our model against the image-conditioned
Transporter with 6-DoF placing [Zeng et al., 2021] and
language-conditioned CLIPort [Shridhar et al., 2022] on 100
unseen tabletop manipulation tasks under the same multi-task
training settings. The summarized average task success rates
are shown in Figure 4. See Appendix A.3 for detailed evalu-
ation results.

It is obvious in Figure 4 that our multi-task model per-
forms exceptionally better than all the other baselines. To be
specific, while Transporter6DoF can hardly reach only 0.1%
using 1 task demonstration, LOVMM reaches nearly 15.0%
TSR, surpassing the second-best CLIPort by more than dou-
ble. As the number of training demonstrations increases, the
average TSR of LOVMM first decreases to about 8.0% but
then recovers to over 12.0% when trained with 100 demon-
strations, which is 10 times better than the performance of
Transporter6DoF. In contrast, the performances of CLIPort
and Transporter6DoF show limited improvement as the num-
ber of expert demonstrations increases, with TSRs lower than
5.0%. These results further demonstrate that our LOVMM
model has superior capabilities for efficient multi-task learn-
ing and adapting to novel unseen tasks in complex environ-
ments.

4.3 Ablation Study
To evaluate the impact of various components of the pro-
posed end-to-end manipulation model, we conduct a series

Method Average TSR

W/o data augmentation 34.3
Crop for input observation 50.3
No additional bottleneck layers 48.6
3-DoF manipulation 47.9

Original 53.4

Table 3: Ablation Study on LOVMM for OVMM Tasks.

of ablation studies. Specifically, we examine the effect of
(i) removing data augmentation (details of data augmenta-
tion are presented in Appendix A.4), (ii) cropping the input
observation instead of the feature embedding, (iii) remov-
ing additional bottleneck layers, and (iv) using only 3-DoF
manipulation. All ablation models are trained from scratch
using 100 demonstrations and evaluated on 100 seen tasks.
The results are summarized in Table 3. It clearly shows that
each component contributes to the performance of LOVMM.
Removing data augmentation results in a substantial 19.1%
drop in average TSR, highlighting its crucial role in improv-
ing the model’s learning efficiency and generalization. More-
over, cropping the observation directly may lead to the loss of
receptive field, which makes the network less capable of per-
ceiving complex environments, thus causing a performance
decrease. Similarly, the additional bottleneck layers help the
model extract richer perceptual information from the obser-
vations to grasp manipulation skills. The remaining degrees-
of-freedom are also essential for the model to solve tasks that
require 6-DoF placements such as Task-P.

Overall, LOVMM demonstrates the ability to efficiently
learn multi-task manipulation policies and zero-shot gener-
alize to finish challenging OVMM tasks in unseen scenar-
ios. The ablation results also highlight the importance of the
proposed components in our end-to-end manipulation model,
which are essential for LOVMM to achieve an excellent per-
formance.

5 Conclusion
In this paper, we formulate the OVMM task as complet-
ing a series of navigation and tabletop manipulation sub-
tasks and propose a novel pretrained model-based natural
language-conditioned open-vocabulary mobile manipulation
framework, LOVMM, incorporating an end-to-end manipu-
lation model for efficient multi-task manipulation learning.
Our framework enables free-form natural language instruc-
tion input and can learn generalizable policies to tackle di-
verse OVMM tasks that involve novel, unseen environments
and objects. Extensive experiments simulated in household
environments show the advancement of LOVMM, and it
achieves an overall better zero-shot generalization perfor-
mance at solving tabletop manipulation tasks compared to
other recent manipulation models.
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