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What does it take to build mobile manipulation systems with strong generalization capabilities, i.e. the ability to

competently operate on previously unseen objects in previously unseen environments? This work seeks to answer this question
using end-to-end opening of articulated structures without any privileged information as a mobile manipulation testbed.
Specifically, we develop MOSART, a MOdular System for opening ARTiculated structures, and conduct extensive testing
of the end-to-end system in real environments. a) shows executions of MOSART opening novel cabinets, drawers, and ovens
in unseen environments. b) shows the other 10 unseen environments (across 10 buildings) used in our large-scale real world
study. Our findings provide insights to researchers and practitioners aiming to build generalizable mobile manipulation systems.

Abstract—What does it take to build mobile manipulation
systems that can competently operate on previously unseen
objects in previously unseen environments? This work answers
this question using opening of articulated structures as a mobile
manipulation testbed. Specifically, our focus is on the end-to-end
performance on this task without any privileged information, i.e.
the robot starts at a location with the novel target articulated
object in view, and has to approach the object and successfully

open it. We first develop a system for this task, and then
conduct 100+ end-to-end system tests across 13 real world test
sites. Our large-scale study reveals a number of surprising
findings: a) modular systems outperform end-to-end learned
systems for this task, even when the end-to-end learned systems
are trained on 1000+ demonstrations, b) perception, and not
precise end-effector control, is the primary bottleneck to task
success, and c) state-of-the-art articulation parameter estimation



models developed in isolation struggle when faced with robot-
centric viewpoints. Overall, our findings highlight the limitations
of developing components of the pipeline in isolation and under-
score the need for system-level research, providing a pragmatic
roadmap for building generalizable mobile manipulation systems.
Videos, code, and models are available on the project website:
https://arjung128.github.io/opening-articulated-structures/.

1. INTRODUCTION

Developing mobile manipulators that can reliably perform
everyday tasks in diverse environments remains a fundamental
challenge in robotics. A major obstacle to realizing this vision
lies in the lack of strong generalization capabilities: current
systems struggle to adapt to novel objects and unfamiliar
settings. This difficulty stems from the inherent complexity of
mobile manipulation in arbitrary environments, which requires
robust perception, precise motion planning, and successful
execution. While considerable efforts have been devoted to
improving each of these subproblems in isolation, relatively
few studies bring these components together into a cohesive
system designed for real world deployment. Building and
studying end-to-end systems rather than isolated subproblems
can reveal hidden challenges crucial for practical deployment.
By focusing on the full system, research can shift attention
towards overall task success rather than marginal gains in
individual components that may not be the primary bottle-
neck. Therefore, prioritizing system-level end-to-end perfor-
mance—particularly the ability to generalize to unseen objects
in unfamiliar settings—is essential for achieving reliable and
capable mobile manipulators in everyday environments.

To tackle the challenge of strong generalization within the
context of mobile manipulation, we work on the task of
opening articulated structures in diverse previously unseen real
world environments (Figure 1). Articulated structures, such as
cabinets, drawers, and ovens, are ubiquitous in indoor envi-
ronments, making their reliable manipulation a key capability
for robots operating in the wild. In our problem setting, a
Stretch RE2 robot (a commodity mobile manipulator without
any hardware modifications) is placed in a novel environment
in front of a previously unseen articulated object, and the
objective is to solve the full end-to-end task. This includes
detecting the object and estimating its articulation parameters,
generating a precise whole-body motion plan, navigating to an
optimal interaction position, securing a firm grasp on the han-
dle, and successfully opening the object without collisions—all
performed zero-shot, without any privileged information about
the object or environment. Thus, this problem setting includes
all of the key challenges that a mobile manipulator would face
when interacting with previously unseen objects in unfamiliar
environments in the real world, and thus forms a good test bed
for study. We first developed an end-to-end mobile manipula-
tion system to tackle this task and then conducted extensive
end-to-end testing to understand the current bottlenecks in
building such a system. This paper describes the system we
build, the testing we conducted, and the lessons we learned
along the way.

The System. We considered two broad ways of putting
together such a system: a modular approach and an end-to-end
learning approach, but ultimately favored a modular approach.
Our approach, called MOSART for a MOdular System for
opening ARTiculated structures, develops and utilizes state-
of-the-art modules for perception, planning, and adaptation
(shown in Figure 2). Very briefly, MOSART adapts a Mask
RCNN model [28] for inferring articulation parameters, ex-
tends a trajectory optimization framework for producing whole
body motion plans [26], and utilizes proprioceptive feedback
for mitigating last centimeter errors.

The Testing. We conduct large-scale tests to assess the ca-
pabilities of MOSART. This testing is conducted in 13 test
sites from 10 different buildings across 31 different articulated
objects in the wild. Testing sites include offices, classrooms,
apartments, office kitchenettes, and lounges (see Figure 1).
None of these test objects or sites were used for development
in any way, and testing was done just once to mitigate any
influence on the design of the system. Each trial started with
the robot being placed such that the object was in view. A
user selected which articulated object was to be opened and
hit the go button. If the drawer was opened more than 24cm
or a cabinet was pulled open by 60°, the trial was deemed a
success. Finally, we also conduct experiments to understand a)
how MOSART compares to an end-to-end learning approach,
b) how sensitive MOSART is to the performance of each
individual submodule, ¢) whether MOSART can generalize to
diverse handles and other articulation types, and d) what are
the biggest bottlenecks that cause MOSART to fail, providing
insights into open challenges in building generalizable mobile
manipulation systems.

The Findings. Our large-scale system-level study revealed
various takeaways:

* A modular system outperforms an end-to-end learning
system when tested for generalization to unseen objects
in novel environments. We compare MOSART to the re-
cent and contemporary imitation learning work Robot Utility
Models (RUM) from Etukuru et al. [16]. RUM is trained on
a large-scale dataset of expert demonstrations: 1200 demos
for opening cabinets, and 525 demonstrations for opening
drawers across approximately 40 environments, by far the
largest imitation learning dataset for this task. To our surprise,
we find that the modular system outperforms this latest end-
to-end learning method (Section IV-B and Table I). This result
is particularly useful in the context of the ongoing debate
between modular learning and end-to-end learning in robotics
at large, and specifically for recent end-to-end learning works
that tackle mobile manipulation problems [72, 82, 84, 25].

* State-of-the-art perception modules for articulation pa-
rameter prediction struggle on images from a robot.
Significant progress has been made in predicting articulation
parameters from images [76, 36, 11, 63, 52, 80, 60, 53].
However, most of this progress has been made in isolation,
without evaluating these methods as part of a complete,
end-to-end system on real-world, in-the-wild images. When
tested on viewpoints from the robot in the real world, recent
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Fig. 2: MOSART Design. The perception module outputs 3D articulation parameters in the robot frame using RGB-D images.
The robot then navigates to the target location based on articulation type. Next, we use SeqlK to find a whole-body motion plan.
We execute the first robot configuration from the plan to obtain a pre-grasp pose. We then use our contact-based adaptation

for improved grasping. Once the handle is grasped, we execute the rest of the plan.

state-of-the-art approaches such as OPD-Multi [76] and AO-
Grasp [53] struggle to make accurate predictions. In contrast,
our choice to develop an Articulation-parameter Prediction
Module (APM) targeted towards images that the robot was
expected to see, achieves substantially better performance
vs. OPD-Multi [76] (Section IV-C1 and Figure 6) and AO-
Grasp [53] (Section IV-C1, Table 111, Figure A18).

* Modular systems can generalize to diverse handles and
be easily extended to other articulation types. Not only
did the modular system MOSART outperform the competing
imitation learning method RUM [16], we found the modular
system to be advantageous in other ways. MOSART is able
to generalize to diverse handles (Section IV-E2). As vision
foundation models keep improving, a modular system con-
tinues to automatically improve. Additionally, we found it
easy to extend our modular system to a new articulation type
(horizontal-hinged toaster ovens, Section A11). In comparison,
an imitation learning system will need to recollect a large
amount of training data for tackling a new articulation type.
* The failure mode analysis reveals that robust perception,
and not control, is the biggest bottleneck in overall task
success. Surprisingly, perception and not the precise control of
the end-effector (to follow the handle as the object articulates)
is what makes this problem hard, contrary to what prior work
focuses on [26, 37, 13]. Inability to detect objects and handles
accounts for 59% of the failures of the system (Figure 8,
Section IV-F). Furthermore, the specific ways in which the
perception system failed was also revealing. It is not as much
a failure in estimating articulation parameters, but the detection
of target objects and estimation of the handle location in 3D
are the bottlenecks. Specifically, cabinets with meshed surfaces
do not get detected and keyholes get mistaken as handles. It
may be important to capture data for such corner cases.

* Last-centimeter grasping remains challenging. Control
was surprisingly robust to mis-estimations in the articulation
parameters. Once the end-effector acquired a firm grasp of the
handle, we found that the system is able to sufficiently open
the cabinet even when the radius is off by as much as 10cm
(Section IV-D). However, securing this initial grasp proved
to be somewhat challenging, with last-centimeter grasping
errors accounting for 25% of all failures. While proprioceptive

feedback provided a simple yet effective adaptation mecha-
nism, it did not fully eliminate last-centimeter grasping errors.
Tackling such last-centimeter errors remains an avenue for
future work. Some form of a closed-loop visual grasping
controller that is robust to slight mis-calibration and imprecise
navigation may improve performance on mobile manipulation
tasks which require precise grasping.

Broader Implications. Our findings provide key insights for
designing generalizable mobile manipulation systems, offering
several takeaways that should inform future research and
system development. In particular, our large-scale, real-world
experiments show that vision models trained in isolation
frequently underperform when confronted with the distinct
viewpoints encountered by robots, highlighting the need for
comprehensive, system-level research. Moreover, we identify
perception as the principal bottleneck in achieving consistent
task success, a finding that underscores the need for future
research to prioritize robust perception modules. Additionally,
our results indicate that modular approaches tend to outper-
form end-to-end methods, cautioning practitioners that scaling
imitation-learning datasets to even 1,000 demonstrations does
not necessarily lead to broad generalization. Notably, mod-
ular systems also facilitate easier adaptation to related tasks
without requiring extensive new data collection. Finally, last-
centimeter grasping remains a key challenge. While contact
correction helps alleviate this failure mode to some extent,
developing closed-loop interaction strategies could improve
performance in tasks requiring precision, making it an im-
portant direction for future research. Overall, these lessons
provide a pragmatic roadmap for researchers and practitioners
aiming to build generalizable mobile manipulation systems.

II. RELATED WORK

A. Predicting Articulation Parameters

Researchers have extensively looked at different aspects: a)
construction of various datasets (from simulation [40, 14, 20],
real world images [76, 36, 11], and real world 3D scans [26,
771), b) use of different input modalities to make predictions
(RGB images [76], point clouds [44, 59, 79, 15, 88, 42, 70],
RGB-D images [36, 83, 1, 87]), c) use of diverse sources
of supervision [63], and d) predicting sites for interaction (i.e.





































































