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Versatile multicontact planning and control for legged
loco-manipulation
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Loco-manipulation planning skills are pivotal for expanding the utility of robots in everyday environments.
These skills can be assessed on the basis of a system’s ability to coordinate complex holistic movements and
multiple contact interactions when solving different tasks. However, existing approaches have been merely able
to shape such behaviors with hand-crafted state machines, densely engineered rewards, or prerecorded expert
demonstrations. Here, we propose a minimally guided framework that automatically discovers whole-body tra-
jectories jointly with contact schedules for solving general loco-manipulation tasks in premodeled environ-
ments. The key insight is that multimodal problems of this nature can be formulated and treated within the
context of integrated task and motion planning (TAMP). An effective bilevel search strategy was achieved by
incorporating domain-specific rules and adequately combining the strengths of different planning techniques:
trajectory optimization and informed graph search coupled with sampling-based planning. We showcase emer-
gent behaviors for a quadrupedal mobile manipulator exploiting both prehensile and nonprehensile interac-
tions to perform real-world tasks such as opening/closing heavy dishwashers and traversing spring-loaded
doors. These behaviors were also deployed on the real system using a two-layer whole-body tracking controller.
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INTRODUCTION
Mobile manipulators have been gaining considerable attention as
we move toward integrating robotic systems into our unstructured
and complex world. The reason is primarily rooted in their ability to
unify the functionalities offered by fixed-base robotic manipulators
andmobile platforms into a single system. Amobile base indefinite-
ly extends a manipulator’s workspace, whereas a manipulator pro-
motes a mobile robot into an agent that can interact with its
environment and actively modify it. Such a synergy enables these
robots to cover a wide range of tasks akin to those tackled by a
human, nature’s most versatile mobile manipulator.
Numerous mobile manipulators have been developed in recent

years, encompassing systems with diverse morphologies and
varying degrees of autonomy. However, none has come close to
matching human-level versatility in handling generic loco-manipu-
lation problems. Loco-manipulation is a form of manipulation in-
herently involving a locomotion element. It is fundamentally a
multicontact planning and control problem where the robot
should properly exploit and coordinate contacts with its surround-
ings to simultaneously manipulate itself (to move and maintain
balance) and other objects. One of the most impressive displays of
such skills was demonstrated by Boston Dynamics’ quadrupedal
robot SpotMini (1) autonomously opening and navigating
through a spring-loaded door. Although the company’s work is un-
published, the complexity associated with planning and executing
such a task is evident. Typically, a substantial amount of engineer-
ing effort goes into hand-crafting similar task plans in an elaborate
state machine that composes a feasible sequence of connected sub-
goals. The success of the full scheme essentially relies on the robot’s
ability to perform the proper whole-body motions and apply the
necessary contact forces such that all subgoals are fulfilled. In addi-
tion, various lower-level objectives must be satisfied, such as

maintaining balance and stability, being robust to external distur-
bances, respecting the system’s physical limits, avoiding self-colli-
sions, and avoiding collisions with the manipulated object and
static obstacles. Developing a framework that can automatically
and holistically resolve these problems remains an active research
endeavor.
A vast literature on loco-manipulation planning exists wherein

different kinds of platforms and strategies have been adopted for
various applications. Conducting a general yet brief overview, we
came across a broad collection of interesting examples: aerial ma-
nipulators pushing doors (2) or movable structures (3); wheeled
mobile manipulators wiping surfaces (4), plastering walls (5), or
opening doors and drawers (6–8); humanoids moving large and
heavy objects (9), stacking boxes (10), or manipulating articulated
objects (11, 12); quadrupedal platforms with robotic arms perform-
ing dynamic throwing (13) and grasping (14) maneuvers, opening
heavy spring-loaded doors (15, 16), or solving a set of tasks within a
kitchen testbed (17); and many more (18–22).
When considering the evolution of these systems’ planning ar-

chitectures, one notices a shift from decentralized approaches
toward more holistic solutions. The former decomposes the entire
problem into a hierarchy of smaller puzzles that are easier to
manage individually. This has also been a popular strategy for
pure locomotion control of polyarticulated systems such as legged
robots (23, 24). However, designing independent yet tightly coupled
submodules is a highly task-dependent and heuristics-based
process that requires arduous manual tuning. In contrast, whole-
body formulations for loco-manipulation implicitly account for
the interactions among the different subsystems, are more intuitive
to tune, and result in naturally coordinated motions. However, ex-
isting whole-body techniques have been primarily developed for the
unimodal planning case, where switching of manipulation modes is
either nonexistent or is predefined by a skilled engineer (1). There-
fore, a more sophisticated framework that can produce multimodal
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behaviors would ultimately allow us to deal with a broader class of
problems.
Recently, some of the most prominent approaches to robotic

control design have been widely dominated by data-driven tech-
niques. Relying on data eliminates the need for accurate analytical
models, which can be very difficult to acquire for systems operating
in complex and unpredictable settings. For instance, given the intri-
cacy of modeling contact phenomena, model-free reinforcement
learning (RL) methods have gained notable traction in contact-
rich applications such as legged locomotion (25–27), dexterous ma-
nipulation (28–30), and legged mobile manipulation (31–33).
However, one disadvantage of model-free RL is that it typically in-
volves an inefficient trial-and-error process, which leads to long
training times before attaining satisfactory performance. So rather
than relying on real-world experience, simulators are often used to
generate realistic training data efficiently (34). When combined
with strategies that mitigate the sim-to-real gap (35), this can
enable reliable transfer to hardware. Besides being sample ineffi-
cient, RL algorithms perform poorly in the absence of a well-
defined, dense reward signal, particularly when tasked with long-
horizon planning in complex environments (36, 37). Therefore,
experts could spend months in laborious reward-shaping and hy-
perparameter-tuning tailored to a specific task. One common way
of overcoming this issue has been by bootstrapping RL with a form
of imitation learning. For example, training can be guided by re-
corded human demonstrations (28, 29), animal motion capture
clips (38, 39), or an RL-trained teacher with access to privileged in-
formation (27, 40, 41). Nevertheless, generating expert demonstra-
tions for every newly encountered task is time consuming, and
motion retargeting is often challenging, especially when the
robot’s morphology differs from that of the demonstrator.
Data-driven control design has been a powerful tool for achiev-

ing robust policies. On the other hand, it does not offer a versatile
framework that can systematically generalize well across diverse sce-
narios of a similar nature.With the aim of establishing such a frame-
work for general loco-manipulation, we explored alternative
approaches in the trajectory optimization literature. Discovering
motion trajectories coupled with an optimal contact schedule is
fundamentally a hybrid planning problem because it involves
both continuous and discrete decision variables. In its most
general form, multicontact planning can be mathematically cast
as a mixed-integer nonlinear program (NLP). Such programs are
computationally intractable because of their inherent exponential
complexity. Moreover, if provided with a poor initial guess, they
typically end up in bad local minima arising from the problem’s
nonconvexity. To address these issues, some methods rely on ap-
proximations that convert the original problem into a mixed-
integer convex program (42, 43), offering global optimality guaran-
tees upon convergence without requiring any form of warm start.
Alternatively, contact-implicit optimization aims to resolve the
combinatorial explosion of contact transitions by reformulating
the problem as a continuous trajectory optimization. For instance,
Mordatch et al. (44, 45) introduced contact-dependent costs
weighted by real-valued auxiliary variables acting as continuous
contact flags. These were then optimized jointly with the motion
trajectories [and contact forces (45)] within a single unconstrained
NLP. The approach of Mordatch et al. (44) and other similar
methods that eliminate discontinuities induced by contact dynam-
ics (46–48) are essentially based on smooth relaxations of the

contact complementarity system (49). These relaxations allow
forces to be applied at a distance, resulting in gradients that guide
the optimization routine toward contact-rich but physically incon-
sistent behaviors. In contrast, Posa et al. (50) maintained the hybrid
structure of contact by formulating the NLP as a mathematical
program with complementarity constraints. They used certain
tricks that aided the solver’s convergence despite the nonconvexity
and nonsmoothness of the constraint manifold. Other notable
works that implicitly and accurately handle contact phenomena
posed the problem as a bilevel optimization: The outer level gener-
ated motion trajectories that were constrained by the resolution of
the contact dynamics in the inner-level optimization (51–53). Nev-
ertheless, in general, optimizations involving intricate physical
models are highly sensitive to initialization and take time to con-
verge, especially when planning through multiple contact switches.
Complementary to the gradient-based perspective, we investi-

gated the contributions of classical graph-search and sampling-
based algorithms (54) in multicontact planning. These can be
seen as crucial assets when considering the fragility of optimiza-
tion-driven methods in hybrid and nonconvex scenarios. Early
work by Dalibard et al. (55) addressed hybrid loco-manipulation
tasks such as opening and navigating through doors by applying
rapidly exploring random trees (RRT) to find a sequence of
robot-object motions intertwined with discrete transitions
between successive constraints. A similar problem was later
solved by searching through a graph of predefined motion primi-
tives that provide feasible transitions between base configurations
and discrete manipulation modes (56). In both cases, the planners
were tightly built around some form of task-specific knowledge.
Hauser et al. (57) proposed amore generic approach formultimodal
motion planning that builds a sparse tree of hybrid states by extend-
ing tree nodes toward randomly sampled adjacent modes and robot
configurations. More recently, Murooka et al. (58) achieved general
large-object loco-manipulation with humanoid robots by jointly
planning sequences of footsteps and regrasps using a graph search
with a transition model based on reachability maps. However, they
relied on a zero-moment-point balance criterion, which assumes
coplanar contacts by neglecting the effects of manipulation forces.
Looking at additional examples in the legged locomotion (59, 60) or
nonprehensile manipulation (61, 62) literature, it is evident that this
family of multicontact planners has been predominantly applied in
the quasi-static domain. One way of extending them is via prespec-
ified dynamic motion primitives (63, 64). However, such methods
do not generalize well because they might require extra design effort
to generate unique high-level primitives given a new task. These
shortcomings have motivated synergizing search-based and sam-
pling-based planners with trajectory optimization schemes (65–67).
In the interest of unifying and formalizing concepts, we note that

most of the above approaches can be classified as an instance of task
and motion planning (TAMP) problems (68). The work by Hauser
et al. (57) can be interpreted as an extension of sampling-based
motion planning to the TAMP domain. Analogously, Toussaint
(69) proposed an optimization-based version, logic geometric pro-
gramming (LGP), that incorporates first-order logic to represent
mode switches within a geometrically constrained path optimiza-
tion. This effectively amounts to a domain-specific extension of
mixed-integer programs that can be handled more efficiently with
a structure-exploiting solver. The LGP formalism was later adopted
to tackle a wide range of sequential manipulation tasks (70–73) and
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also inspired the loco-manipulation framework presented in
this paper.
We propose a versatile approach for generating high-fidelity

multimodal plans that solve long-horizon loco-manipulation tasks
under the assumption of prespecified nominal object models and
affordances. More specifically, our framework targets a class of
problems involving general dynamic manipulation of movable or
articulated objects with a mixture of prehensile and nonprehensile
interaction modes. Given high-level descriptions of the robot and
object, along with a task specification encoded through a sparse ob-
jective, our planner holistically discovered how the robot should
move, what forces it should exert, what limbs it should use, and
when and where it should establish or break contact with the
object. The framework can be readily adapted to different kinds
of mobile manipulators. Nonetheless, for the sake of conciseness,
we limited the discussion in this work to the case of a quadrupedal
platform, ANYmal (74, 75), equipped with a custom-built 6-DoF
robotic arm (see Fig. 1). Designing control architectures for such
a high-dimensional (24-DoF) underactuated system exhibiting
hybrid dynamics is a highly complex process.
The diagram in Fig. 1 provides an overview of the proposed plan-

ning and control scheme. In our previous work (16), we formulated
a unified optimal control problem (OCP) that generates whole-
body plans for combined locomotion and unimodal manipulation.
Here, we built on this framework by extending it to accommodate
various manipulation modes. This enabled us to automatically
compose a mixture of multimodal plans without relying on task-de-
pendent motion primitives. Manipulation modes are defined on the
basis of viable pairings between user-specified object affordances
and robot end effectors. As depicted in Fig. 1A, we categorize affor-
dances into prehensile/nonprehensile contact points or surfaces and
end effectors as prehensile/nonprehensile feet or arm contacts. The
core insight is that such a classification enables us to encode feasible
contact-switching actions via simple logic rules. This considerably
reduces the branching factor in the discrete search and, accordingly,
the computational complexity associated with traversing a connect-
ed graph of contact states. Therefore, inspired by the LGP formalism
of TAMP problems (69), we devised an offline planner in the form
of a bilevel optimization (72, 73) that uses a rule-based informed
graph search at an outer level interleaved with an inner-level trajec-
tory optimization for switched systems. Unlike most TAMP formu-
lations, our sparse goal was not characterized in terms of a target
symbolic state but rather as a terminal set of desired base-object
poses. Furthermore, we aimed to avoid the computational burden
of searching through an extended graph that augments the contact
state with a grid-based representation of our continuous state space
(72). To this end, we adopted a sampling-based approach in gener-
ating the references for the inner-level problem and incrementally
grew a multimodal tree of short-horizon trajectories by alternating
between goal-directed and purely random extensions. This effec-
tively covers the search space with a discrete set of reachable
robot-object states coupled with their corresponding contact
modes, as illustrated in Fig. 1B (i). The introduced randomness
also elevates the algorithm into a strategy capable of global explora-
tion, an essential aspect for escaping bad local minima arising from
the nonconvexity of geometric constraints.
After converging to a connected sequence of optimal trajectories

and contact switches leading to the goal, we applied a postprocess-
ing step to enhance the solution’s overall quality. As shown in

Fig. 1B (ii), this entails using the discovered sequence as an initial
guess to warm-start a single long-horizon optimization over a fixed
contact schedule. The resulting output is a smoother and lower-cost
solution with increased feasibility, yielding a high-fidelity plan that
can be reliably executed on the real system.
Last, to ensure a robust deployment of complex behaviors on

such robotic systems, a common approach has been to decompose
the problem into an offline planning phase that handles the heavy
computations and a reactive control module that tracks the gener-
ated plans at high-update rates (76, 77). However, when dealing
with long-horizon dynamic maneuvers involving multiple discon-
tinuous switches, the accumulated effects of unmodeled disturbanc-
es might render the plan unstabilizable with a purely reactive
controller. Hence, we mitigated these issues with a two-layer track-
ing scheme (78, 79) consisting of a short-horizon model predictive
control (MPC) layer on top of a whole-body controller. The full ar-
chitecture of the online module is depicted in Fig. 1C. With such a
structure, we attained a task-agnostic transfer of multicontact plans
with minimal tuning effort, thereby adequately bridging the gap
between offline behavior generation and online execution.
We demonstrated the effectiveness of our framework in its

ability to rapidly discover holistic solutions for a diverse set of
tasks characterized by different objects, environments, or goal spec-
ifications. We verified the physical consistency of the offline behav-
iors by testing some of them on hardware and showing that, under
the assumption of a reasonable object model, they can be accurately
tracked by relying solely on proprioceptive feedback. One example,
shown in Fig. 1D, is that of a door-traversal sequence including
multiple interaction modes.

RESULTS
Movie 1 summarizes the methodology and results of the presented
work. The following subsections describe the results in detail.

Overview of loco-manipulation experiments
Examining a wide variety of real-world loco-manipulation scenari-
os, we noticed that they can be broadly categorized on the basis of
their high-level goal descriptions into two main groups: object-
centric and robot-centric tasks. The former encompasses tasks cen-
tered around manipulating an object to alter its state toward a target
configuration, such as opening a refrigerator, closing a dishwasher/
oven, or turning a valve. On the other hand, a robot-centric perspec-
tive in the context of mobile manipulation entails a goal specifica-
tion centered around the robot’s base. This often requires the agent
to interact with its environment as it navigates from one state to
another. Examples of this class include traversing to the other
side of a closed door or navigating among movable obstacles.
Here, we opted for two representative tasks per category, as illustrat-
ed in Fig. 2A.
Through a series of simulation experiments, we established the

versatility of our planning framework by showcasing its ability to
efficiently discover complex long-horizon behaviors with minimal
manual guidance: All experiments assumed unknown task dura-
tions, sparse goal specifications, a uniform cost function, and no
prior contact schedules or motion plans to guide the solver. Our
results primarily illustrate how new behaviors automatically
emerge from subtle variations in the task formulation, such as
changes in the robot’s joint limits when opening a dishwasher,
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the object affordances when turning a valve, the available end effec-
tors when navigating across a movable obstacle, and the object dy-
namics when traversing a door.
To confirm the dynamic feasibility of the offline-generated

plans, we conducted a set of hardware experiments for tasks 1
and 4 of Fig. 2A using our MPC-based tracking controller. Further-
more, we demonstrated the reliability of these plans, in terms of task
attainment, by successfully executing multiple independently com-
puted behaviors that solve the same task, but with variations in the
problem parameters (such as the robot’s desired gait schedule and

the object’s dynamic model) or in the resulting manipulation
schedule.
In the following section, we first analyze the emergent behaviors

for all four tasks and then present hardware results on our quadru-
pedal mobile manipulator. All discussed solutions correspond to
the first goal-attaining sequence found by the planner.

Behavior generation for object-centric tasks
In the first object-centric scenario, the robot manipulates a heavy
dishwasher door that exhibits high stiction at the joint. As illustrated
in Fig. 2A (i), three potential object contacts are assumed: the front

Fig. 1. Planning and control architecture for multicontact loco-manipulation. (A) The user provides the offline planner with a basic high-level description of the
scene: A sparse task specification given by a start state and a target goal region, dynamic models of the robot and the object, specification and classification of robot end
effectors, and object affordances. (B) The central element in the offline planner is (i) a sampling-based bilevel optimization that gradually grows a tree of mode-invariant
short-horizon trajectories seeking an optimal multimodal sequence that reaches the goal region. Modes are determined by contact state and action pairs ⟨sk, ak⟩ that
encode for each end effector whether it is a closed, open, or switching manipulation contact and the object contact it is interacting with. Each color corresponds to a
specific contact state, and consecutive color variations indicate a contact switch. (ii) The second component in the planner is a long-horizon trajectory optimization that is
warm-started with the bilevel optimization solution. It uses the same contact schedule and only polishes the continuous part. (C) To deploy multicontact behaviors, the
online module relies on an MPC-based whole-body controller that tracks the offline references. (D) With such a framework, complex behaviors that require exploiting
multiple contact interactions, such as traversing a spring-loaded pull door, can be rapidly generated (i.e., often requires less than 1min on an ordinary laptop) and reliably
executed with a real quadrupedal mobile manipulator.
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surface, the handle attached to it, and the back surface. All generated
multimodal solutions in Fig. 2 (B and C) are presented in the form
of continuous trajectories coupled with a color-based encoding of
the underlying manipulation modes. We started with the dish-
washer fully closed and provided a goal region centered at −90°.
As shown in Fig. 2B, the resulting behavior consists of the arm ini-
tially grasping the handle, slightly opening the dishwasher, then
switching to the back surface contact to complete the opening
motion. The need for the intermediate contact switch can be ex-
plained by referring to Fig. 2C, where its emergence is visibly justi-
fied by the arm’s operational limits. By deactivating joint limits and
self-collision constraints in our formulation, we observed that the
contact switch is no longer necessary, because the dishwasher can
be opened with a continuous gripper-handle interaction.
Next, we simply swapped the start and goal configurations of the

dishwasher. Consequently, various closing maneuvers with diverse
contact schedules were found, one of which is depicted in Fig. 2B.
The solution is a fully nonprehensile interaction sequence that ex-
ploits different end-effector contacts: The robot first uses one of its
feet to lift the dishwasher, making it then easier for the arm to es-
tablish a nonprehensile contact with the same surface and thereby
complete the closing task.
The second object-centric task involves manipulating a large

valve wheel with dynamics subject to static friction. A valve target
of two full turns was assigned; however, we introduced various sce-
narios in which different object affordances (namely, different
numbers, types, and locations of contacts) were chosen to highlight
their effects on the resulting manipulation behavior. First, we con-
sidered the case of a single nonprehensile point contact located at

one of the spokes of the valve. Figure 2D indicates that a feasible
plan consists of a continuous valve rotation by relying on a constant
interaction. In contrast, replacing this contact with a prehensile one
at the wheel’s outer rim makes a regrasp necessary because of the
additional constraint imposed on the gripper ’s orientation with
respect to the graspable point, which causes a violation in the
limits of the arm’s last joint.
Next, we constructed a setting wherein the valve’s height was ad-

equately increased such that the inner nonprehensile point was still
kinematically reachable for all valve angles, but the outer graspable
contact was not. Therefore, in the prehensile interaction case, one
object contact was no longer sufficient to fully solve the task. We
resolved this by representing the valve affordance more accurately
with multiple (five) grasping locations along the outer rim. As
shown in Fig. 2E, a viable turning sequence consists of several re-
grasps that occur whenever the arm gets close to its kinematic sin-
gularity throughout the manipulation period.

Behavior generation for robot-centric tasks
In both robot-centric tasks, the base goal location is only attainable
by altering the environment, which is composed of obstructive ma-
nipulable objects and other static obstacles. We did not specify any
target regions for the object; hence, it could end up in an arbitrary
terminal state.
The first scenario involves a movable obstacle modeled as a 2-kg

box with three degrees of freedom: one rotational and two transla-
tional, along with four contact surfaces. To adequately capture fric-
tional effects in all directions, we approximated the box-ground
patch interaction with four point contacts at the bottom vertices

Movie 1. Summary of the results and methods for the loco-manipulation framework.
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of the cuboid. If the box is not large enough to block the robot’s
path, the planner finds the trivial locomotion-only solution of nav-
igating around the object without having to manipulate it. On the
other hand, in the case of an obstructing box, one of the resulting
feasible plans uses the arm’s end effector in a single nonprehensile
interaction phase that pushes the box sideways (y direction). The
displacement is large enough for the robot to clear its path while
ensuring that the object does not collide with the wall.
Within the same setting, we considered another example

wherein the arm cannot be used for manipulation, such as when
the gripper is already carrying a load. Consequently, an alternative
solution that exploits the robot’s feet to displace the obstacle with a
series of forward pushes (x direction) emerges. These behaviors are
captured in Fig. 2 (F and G), which shows the object’s motion and
the corresponding manipulation forces exerted by the robot. The
presented plots also highlight the dynamic feasibility of the

generated trajectories: unilateral pushing forces, force-motion con-
sistency, and stick-slip motion dynamics caused by static friction.
In another scenario, the robot is required to traverse a large ar-

ticulated object with nonlinear recoil dynamics, namely, a spring-
loaded door.We produced variations of the same task through basic
adjustments in the door’s workspace limits, articulation, and
dynamic parameters. Affordances were specified as one graspable
point (the door handle) and all pushable surface contacts.
Starting with the case of a spring-loaded revolving door that can

be pushed open, the simplest solution to this task comprises estab-
lishing contact with the handle, maintaining this contact while
pushing, and breaking the contact while ensuring that the door
does not collide with the robot upon recoil. By imposing an extra
joint limit on the door (qo ≤ 0), transforming it into one that can
only be pulled open, a more complex multimodal sequence arises;
one of the feet is required to hold the door as the arm switches from

Fig. 2. Validation of loco-manipulation planner. (A) Illustration of two object-centric and two robot-centric tasks: (i) dishwasher manipulation (movie S1), (ii) valve
manipulation (movie S2), (iii) traversal of an obstructing movable obstacle (movie S3), and (iv) traversal of a large articulated object (movie S4). Diverse behaviors emerge,
highlighting the planner’s adaptability to variations in each task. Task 1: (B) Different start states and goal regions (opening versus closing). (C) Opening with different
joint limits and self-collision constraints for the robot. Task 2: (D and E) Different numbers, types, and locations of object contacts, for two varying valve heights (low
versus high). Task 3: (F andG) Different robot end-effector contacts enabled formanipulation (enabled arm contact versus blocked arm contact). Task 4: (H and I) Different
joint limits (push versus pull) and dynamics (recoil versus no recoil) for the object.
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the handle contact to the surface contact in the middle of the
opening maneuver. Otherwise, it cannot fully pass through
without violating the inherent geometric constraints. A similar
schedule is also observed for the sliding-door case. The discovered
behaviors are presented in Fig. 2 (H and I) in the form of base-object
position trajectories with a color-based encoding of the underly-
ing modes.
Last, by removing the door’s recoil, the planner converges to the

same straightforward sequence that solves all three examples. As
shown in Fig. 2I, the door can be easily opened and traversed
using a single handle-contact interaction that is released at an
early stage of the task duration.

Planner evaluation
We assessed the solver’s performance considering 10 of the dis-
cussed scenarios with five independent runs each. The related
results mainly consist of the timing statistics relative to the corre-
sponding behavior duration and are reported in Table 1. The ma-
jority of the planner’s computation is dedicated to the sampling-
based bilevel optimization stage: For instance, in the pull-door sce-
nario, around 82% of the computational time is spent in this stage,
whereas the rest corresponds to the long-horizon trajectory optimi-
zation. Furthermore, we observed that, had the proper manipula-
tion schedule been predefined for this task, searching over the
continuous trajectory segments would have only required around
13% of the bilevel search’s total time. In contrast to our sampling-
based method, a deterministic approach that accurately solves the
bilevel problem through a grid-based representation of the contin-
uous state space would have resulted in less variability in the com-
putational times and higher-quality solutions that do not require
any postprocessing; however, it would have been less computation-
ally efficient overall.
All trajectories were computed on an ordinary laptop (Intel Core

i7-10750H, 2.6 GHz, Hexacore) in less than 1 min for an average
computational time of 279 ms per tree extension. Considering the
planner’s average solve times, normalized by the behavior dura-
tions, we found that the solver performs best for the valve-

turning task and takes the most time to converge for the pull-
door example, with a ratio of 0.46 and 1.84, respectively.
We observed that the intricacy of the problem’s dynamics does

not substantially affect the planner’s computational demands. This
is reflected in the tree-extension solve times, which are mostly
similar for all scenarios. Moreover, as a consequence of the
adopted pruning rules, the planner’s efficiency is not necessarily
hindered by the number of total discrete modes, as demonstrated
in the valve-manipulation scenario. Instead, we noticed that the
computational times are strongly correlated with the level of geo-
metric complexity in the problem (namely, the nonconvexity of col-
lision constraints) and the degree of sparsity in the goal
specification. For instance, this is evident in the planner’s perfor-
mance when applied to the door traversal task. In contrast to the
push-door scenario, traversing a pull door requires the robot to ini-
tially move away from the goal and to also switch the arm contact
across the object while avoiding collisions. Such behaviors under-
score the need for an exploratory aspect in the planner.

Behavior execution
Here, we focus on validating the physical consistency of the multi-
modal behaviors by deploying them on hardware. In these experi-
ments, the offline-generated trajectories were tracked by the real
system using module C, depicted in Fig. 1. The two-layer tracking
control and state estimation (80) both run on ANYmal’s main
onboard PC (Intel i7-8850H, 2.6 GHz, Hexacore). With a 1-s pre-
diction horizon and a discretization time step of 0.015 s, the MPC
loop is executed at 100 Hz asynchronously to the whole-body con-
troller and the state estimator, which are updated at a rate of 400 Hz.
The same hyperparameters were used in the MPC-WBC tracking
module during all scenarios.
The experimental procedure simply consisted of precomputing

the plans given a reasonable object model and storing them in a
motion library on the robot’s onboard PC. These trajectories were
then mapped to the online setting by establishing a correspondence
between a key reference frame in the real environment and its coun-
terpart in the offline case. An example of such a frame is the end
effector as it initially grasps the door handle.

Table 1. Planner evaluation over 10 scenarios. Planner timing statistics were based on five test runs per scenario. Tree extensions correspond to solving amode-
invariant OCP with a short horizon of 1.4 s. The minimum and maximum average solve times, as well as the longest behavior duration, are highlighted with
asterisks. STD, standard deviation.

Planner timing statistics (s)

Loco-manipulation scenario Behavior minimum duration (s) Mean Min Max STD Tree-extension mean solve time (ms)

Heavy dishwasher opening 9.8 9.6 4.6 25.9 9.2 226

Heavy dishwasher closing 9.8 13.6 7.5 25.8 7.2 277

Valve + 1 nonprehensile contact 14 6.5* 5.7 7.2 0.7 296

Valve + 5 prehensile contacts 42* 19.4 16.5 21.6 2.2 233

Movable obstacle + arm contact 14 15.2 13.1 19.9 2.7 349

Movable obstacle + feet contacts 30.8 43.2 38.0 49.9 4.7 337

Push door with recoil 15.4 13.9 5.7 22.0 7.1 256

Pull door with recoil 23.8 43.7* 33.8 53.9 7.5 275

Sliding door with recoil 26.6 40.3 29.3 51.5 8.0 284

Push door without recoil 15.4 8.1 4.8 11.9 3.4 252
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We selected the behaviors of highest complexity from one robot-
centric and one object-centric task commonly encountered in real-
world settings: traversing a spring-loaded door and manipulating a
heavy dishwasher exhibiting high stiction. First, we tested the push-
door case, which can be solved with a straightforward sequence de-
scribed in the previous section. However, because of the sampling-
based nature of our planner, we obtained various pushing maneu-
vers and manipulation schedules that could solve the task given the
same goal specification. Three of the discoveredmode sequences are
depicted in Fig. 3, two of which involve the use of one of the feet to
hold the door as the arm either switches to a new object contact or
retracts to its nominal configuration.
Next, we showcased the more complex behavior of opening and

passing through a pull door. So far, this has only been presented in
(1), where laborious handcrafting appears to have been involved in
the design process. The conducted experiments readily applied this
sequence in two settings containing doors with different kinematic
and dynamic parameters (different hinge side, width, inertia, and
recoil) by solely changing the door’s kinematic parameters in the

planner formulation. Moreover, we note that varying multicontact
plans with the same manipulation sequence were generated by di-
versifying the gait schedules used when solving the task. These were
all accurately tracked by the robot, where the adopted dynamic gaits
included a fast trot, a normal trot, and a standing trot, as depicted in
Fig. 4A. The motion-tracking accuracy of the robot’s base and ma-
nipulating limbs is presented in Fig. 4B for one of the pull-door so-
lutions. The results demonstrate that the online execution highly
matches the offline references and that the transfer of precomputed
trajectories to the physical system is agnostic to variations in the task
formulation parameters.
We further verified the framework’s physical fidelity by manip-

ulating a real dishwasher while exploiting multiple contact interac-
tions, as shown in Fig. 5 (A and B). The tracking accuracy of the
manipulating limbs for the opening and closing case is shown in
the joint positions plots of Fig. 5C and Fig. 5 (D and E), respectively.
In such a scenario, the robot was operating close to its joint limits
and experienced large manipulation forces of up to 125 N because

Fig. 3. Hardware experiments – Feasibility verification for push door with recoil behaviors. (A to C) Different manipulation schedules discovered and executed to
solve the same task. Red, prehensile interaction with handle; blue, nonprehensile interaction with surface. ARM, 6-DoF robotic arm; LF, left front leg; RF, right front leg; LH,
left hind leg; RH, right hind leg. The numbers on the schedules indicate certain instants captured in the corresponding snapshots.
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Fig. 4. Hardware experiments – Feasibility verification for pull door with recoil behaviors. (A) The different gait schedules adopted in this scenario. Left, normal trot
and fast trot; right, standing trot. (B) Motion-tracking accuracy of the base pose and manipulating limbs.
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of the high friction in the dishwasher ’s joint (see force plots of
Fig. 5, C to E).
The trajectories discussed in this section were successfully tested

on the robot from the first trial without requiring any specific hand-
tuning. Moreover, we note that each behavior was reliably executed
in several test runs without any failures.

DISCUSSION
The framework presented in this paper achieved a rapid generation
of holistic multimodal behaviors along with their reliable execution
in challenging scenarios on a high-dimensional legged system.
Robot-centric and object-centric tasks consisting of basic high-
level specifications, sparse objectives, and unknown time horizons
were solved within a minute for task durations that reach up to 50 s.
In the general context of contact-rich planning, several approaches
exist in the locomotion/manipulation literature that, in contrast to

ours, mostly lead to physically inconsistent maneuvers, require long
computational times, or are highly task specific and hence involve a
cumbersome design process. Apart from the introduction of
domain-specific guiding rules, the success of the presented ap-
proach can be attributed to its exploitation of different planning
techniques whose core strengths complement one another: optimi-
zation-based planning for computing locally optimal solutions that
satisfy dynamics and path constraints, informed graph search for a
fast and optimal combinatorial search, and sampling-based plan-
ning for an efficient global exploration.
On the other hand, we see some limitations that we aim to

address in future work. These limitations are primarily connected
to the task-execution phase. First, the present capabilities of
online replanning offered by the MPC-based controller are
limited to solely adapting the continuous elements of the offline
multimodal references. Extending our framework to allow for an
online adjustment of manipulation schedules necessitates making

Fig. 5. Hardware experiments – Feasibility verification for dishwasher manipulation behaviors. (A and B) Image sequences of executed multicontact behaviors for
manipulating a heavy dishwasher with high stiction highlighting different interaction phases: opening and closing maneuvers, respectively. (C) Motion-tracking accuracy
and exerted manipulation forces corresponding to the arm during the opening scenario. (D and E) Motion-tracking accuracy and exerted manipulation forces corre-
sponding to the arm and left front leg, respectively, during the closing scenario.

S C I ENCE ROBOT I C S | R E S EARCH ART I C L E

Sleiman et al., Sci. Robot. 8, eadg5014 (2023) 16 August 2023 10 of 16

D
ow

nloaded from
 https://w

w
w

.science.org at T
he H

ong K
ong U

niversity of Science and T
echnology (G

uangzhou) on M
ay 25, 2026



the bilevel optimization routine real-time capable. This could be
achieved by speeding up the search through a proper parallelization
of multiple tree extensions.
Second, tracking behaviors generated on the basis of a nominal

world model is only viable under the assumption of a reasonably
accurate description; however, certain types of modeling mismatch-
es can be tolerated more than others. For instance, during our hard-
ware tests, we had to ensure that object articulations and geometries
were captured with relatively high certainty, whereas we only pro-
vided a simple approximation of the dynamics that roughly repre-
sents the overall system response. Therefore, none of the real-world
objects actually required an accurate system identification process
when defining their corresponding equations of motion (EoM) in
the offline phase. The trajectories computed for the two distinct
doors shown in movie S6 rely on the same nominal model in the
planner except for changes in the kinematic parameters (the door
width and hinge side), despite them also having different masses
and recoils. The reason is that, if quasi-static effects are roughly
compensated for, the unmodeled residual dynamics can be mitigat-
ed with high-gain feedback control. This inherent robustness is
further demonstrated in movie S6 through the controller’s disturb-
ance-rejection capabilities. In contrast, geometric and kinematic
mismatches cannot be handled with our current approach and
would potentially lead to dangerous collisions or large internal
forces caused by wrongly controlling position in motion-con-
strained directions.
Nonetheless, we see the proposed framework as a stepping stone

toward developing a fully autonomous loco-manipulation pipeline.
For instance, robustness to large unforeseen disturbances and un-
modeled effects can be greatly improved by complementing our
planner with data-driven techniques. Specifically, RL has been
shown to produce policies with strong robustness properties when
tailored to a specific objective (26, 30, 40). However, without a
tedious reward-engineering process dedicated to the task at hand,
it generally struggles to discover the right behaviors. This can be ad-
dressed by leveraging expert demonstrations: Multimodal trajecto-
ries can be encoded into motion priors that are then used to guide
the training of a robust RL agent (39, 81, 82) in complex loco-ma-
nipulation settings. However, instead of relying on expert trajecto-
ries generated by human examples (83, 84), one could potentially
use our framework as an automatic provider of physically consistent
demonstrations for an RL pipeline.
Last, full autonomy would naturally require incorporating ex-

teroceptive information into our framework. This is necessary to
accurately detect and localize the object of interest at test time, as
well as to adequately react against unanticipated effects that
cannot be inferred with pure proprioception (such as unknown ob-
stacles or loss of contact with the object). In addition, perception
can be used to infer important properties about the object, such
as its dimensions, articulation, and affordances, thereby fully replac-
ing user-specified inputs. In the Supplementary Discussion
(Toward real-world deployment section), we discuss the practical
usability of our current setup in real-world settings, despite our lim-
iting assumption regarding a-priori-modeled environments. We
also propose straightforward extensions that mildly integrate per-
ception with our framework to facilitate deployment.

MATERIALS AND METHODS
This section provides a detailed description of the architecture de-
picted in Fig. 1 with a specific focus on the offline planning module.
We justify the importance of different components in the Supple-
mentary Methods (Ablation study over framework compo-
nents section).

General optimization formulation
The discovery of an optimal plan ζ∗(t) composed of a continuous
state trajectory x∗(t) ∈ ℝnx and input trajectory u∗(t) ∈ ℝnu jointly
with a sequence of discrete modes z�ðtÞ [ Z , Rnz can be gener-
ically formulated as a mixed-integer OCP (85):

ζ� ¼ arg min
ζ

ðtf

0
Lðx; u; zÞdt

subject to ẋ ¼ f zðx; uÞ; xð0Þ ¼ xinit
hx; ui [ Sz; xðtf Þ [ Xgoal

ð1Þ

where Sz :¼ fhx; ui j gzðx; uÞ ¼ 0; hzðx; uÞ � 0g is a set of feasible
continuous states and inputs satisfying mode-dependent con-
straints and fz(x, u) represents the mode-dependent system dynam-
ics. For the tasks of interest here, the main objective is always
specified in terms of a terminal set constraint that is based on a
goal region Xgoal and an unknown final time tf, whereas the cost
function L(x, u, z) consists of task-independent terms that simply
penalize large inputs, unnecessary mode-switching, and deviations
from desired nominal configurations. This effectively amounts to
solving hybrid constraint satisfaction problems analogous to those
arising in the TAMP domain (68). A primary advantage of such a
formalism is that it rids us of a cumbersome cost engineering
process that would otherwise be required for every newly intro-
duced scenario.
On the other hand, handling a free end-timemixed-integer non-

linear optimization with a sparse objective using off-the-shelf nu-
merical solvers is computationally intractable. The branching
factor involved in standard combinatorial techniques such as
branch-and-bound would scale poorly with respect to the number
of discrete modes, the time horizon, and the number of time steps
used when discretizing the dynamics (86). Alternatively, we propose
a formulation that loosens the original problem in Eq. 1 by identi-
fying and exploiting the special structure emerging in multicontact
loco-manipulation planning.
First, considering that manipulation modes mostly remain cons-

tant over multiple consecutive time steps, we divided the full trajec-
tory into coarse intervals of mode-invariant phases. This allows
mode switching to occur less frequently along the horizon,
thereby reducing the number of discrete decision variables.
Second, we introduced an alternative representation by substituting
the set of integer variables in Eq. 1 with an equivalent set of contact
states s [ Sand contact switching actions a [ A. Such a represen-
tation enables us to define a transition map Γ : S�A!S, along
with a set of feasible discrete actions A # A constructed using
domain-specific logic rules. Applying these modifications yields a
more manageable “mixed-logic program” whose structure can be
leveraged for a fast and effective pruning of infeasible branches.
We casted this program in the form of a bilevel optimization

consisting of a graph search over discrete state-action sequences in-
terleaved with a contact-driven trajectory optimization that is pa-
rameterized by the manipulation modes. The minimization is
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framed as follows:

min
fsk;ak ;xTk g

XN� 1

k¼0
Eðsk; ak; xTkÞ

such that hs0; xT0i ¼ hsinit; xiniti; xTN [ Xgoal
skþ1 ¼ Γðsk; akÞ; ak [ Aðsk; sk� 1; xTkÞ

xTkþ1 [

arg min
xð�Þ;uð�Þ

ΦðxT ; r̃Þ þ
ðT

0
Lðx; u; r̃Þdt

such that xð0Þ ¼ xTk ;

ẋ ¼ f ðx; u j sk; akÞ;

gðx; u; t j sk; akÞ ¼ 0;
hðx; u; t j sk; akÞ � 0

8
>>>>>>><

>>>>>>>:

ð2Þ

whereN is the unspecified number of directed edges connecting the
starting node 〈s0, xT0〉 to the goal region Xgoal. Each edge connecting
a node 〈sk, xTk

〉 to its neighboring node 〈skþ1, xTkþ1 〉 is assigned a
transition cost E including both discrete and continuous terms.
The continuous component is deduced from the solution of a
mode-invariant OCP with a fixed time horizon T and an optimal
terminal state xTkþ1 . The inner-level OCP minimizes an objective
consisting of an intermediate cost L and a terminal cost Φ
driven by a reference r̃ [ R # Rnx and is subject to the dynamics
and path constraints that are conditioned on a fixed contact mode
⟨sk, ak⟩. The different elements in the above formulation will be dis-
cussed in detail in the remaining subsections.

Robot-object interaction rules
From a user-defined collection of ne robot end effectors and nc po-
tential object contacts, we constructed a set of contact states S :¼

f0; 1; . . .; ncg
ne that encodes all possible interaction combinations.

For instance, a state s = (0 0 2) indicates that the first two end effec-
tors are open contacts and that the third one is interacting with the
second object contact. Regarding our action spaceA, we aimed to
define a minimal set of admissible contact switches because the
number of expanded edges in the graph is primarily dictated by
the size of that set. To this end, we restricted every action to affect
one limb at a time such that it can either keep the same contact state
(open/closed), break a closed contact, or establish a new one.
Similar strategies have been previously adopted for acyclic locomo-
tion planning (59) and dexterous manipulation (67). This rule
already enables us to adopt a compact representation for contact
switching actions a ∈ {0, 1, ..., ne} × {0, 1, ..., nc} where the first
and second elements correspond to the limb and object contact
indices, respectively. In other words, an action a = (e c) indicates
that limb e should establish a new object contact corresponding
to index c. Moreover, the end effector e should break its current
contact if c = 0, whereas the same contact state is maintained if e
= 0. Accordingly, the definition of the transition map Γ readily
follows as

skþ1½i� ¼
sk½1� if i= ak½1� 8i ¼ 1; . . .; ne
ak½2� if i ¼ ak½1� 8i ¼ 1; . . .; ne

�

ð3Þ

The branching factor can be further reduced with additional
logic rules that make use of loco-manipulation domain knowledge.
A central component behind this is the manual classification of
robot-object contacts based on certain key attributes: End effectors
are categorized as prehensile/nonprehensile arm contacts or

prehensile/nonprehensile feet that participate in both manipulation
and locomotion, whereas object contacts are categorized as prehen-
sile/nonprehensile points or nonprehensile surfaces. Consequently,
we can restrict the space of admissible actionsA by introducing a
set of basic rules (both generic and domain-specific): For instance,
an end effector is allowed to establish a new object contact only from
a previously open contact state; a point object contact can only be
occupied by a single limb; and nonprehensile robot contacts cannot
be paired with prehensile object contacts. The full list of such
pruning rules is provided in the Supplementary Methods (Loco-
manipulation logic rules section).

Contact-driven trajectory optimization
When enumerating all possible contact switches, the above condi-
tions only provide us with a fast feasibility checker that marks which
edges cannot be expanded. However, an additional step is required
to ensure that the admissible modes are also kinematically and dy-
namically consistent. This can be achieved by adopting sufficiently
complex dynamical models in the inner-level optimization of Eq. 2.
We based the OCP formulation here on our previous work (16),
wherein any arbitrary mobile manipulator is treated as a multi-
limbed and polyarticulated floating-base system. Unlike most mul-
ticontact planners that rely on highly simplified kinematic or quasi-
static models (55, 58, 59, 62, 87), the core idea is to choose aminimal
yet high-fidelity model description that captures the dominant cou-
pling effects between the robot’s base, its limbs, and the manipulat-
ed object. Such a representation can be attained using the robot’s
full centroidal dynamics (88) and a first-order kinematic model
augmented with the object’s full dynamics. Consequently, we
defined the continuous state and input as follows: x: = (xr xo) =
(hcom qb qj qo vo) and u = (we vj). The robot state xr consists of the
centroidal momentum hcom, base pose qb, and joint positions qj,
whereas the object state xo comprises its generalized coordinates
qo and velocities vo. The input u stacks the contact wrenches we
acting at the end effectors and the joint velocities vj. The inclusion
of the manipulandum’s dynamics in the EoM presumes a reason-
able knowledge of the object’s nominal model, in addition to its ki-
nematic and dynamic parameters. Moreover, in contrast to our
previous formulation in (16), the set of end-effector contact forces
appearing in the object dynamics is now conditioned on the manip-
ulation mode. A complete description of the EoM is provided in the
Supplementary Methods (Contact-driven OCP formulation: Dy-
namics section).
The central design principle underlying our framework is one

that aims to capture various loco-manipulation behaviors in a
unifiedmanner by predominantly relying on a constraint-based for-
mulation while keeping the cost engineering process as lightweight
as possible. Because of the generic contact classification discussed
earlier, the same constraint set would be applicable to diverse sce-
narios involving arbitrary mobile manipulators or articulated
objects. Besides standard continuously active constraints enforcing
system operational limits, workspace limits, and collision avoidance
(89), we introduced a collection of contact-driven constraints that
are parameterized by the manipulation mode. The mode can be
readily extracted from the current contact state sk and the contact
switching action ak. For instance, a closed and prehensile contact
state would entail a zero relative twist condition between the
gripper and the graspable object contact. In contrast, a nonprehen-
sile interaction (wherein only sticking contacts are assumed) would
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only constrain their relative linear velocity while ensuring the end-
effector force lies within the friction cone. Furthermore, we pre-
served the same time-based switched system structure adopted in
(16, 90) when defining our constraints, hence the time dependence
in the path constraints of Eq. 2. By this, we are able to encode certain
hybrid behaviors that can be described with basic mode schedules: a
fixed mode sequence coupled with a set of switching times. These
could include cyclic gaits that are primarily relevant for legged
mobile manipulators or simple manipulation schedules, such as
breaking a closed contact or establishing a new contact. An elabo-
rate description of the OCP constraints is presented in the Supple-
mentary Methods (Contact-driven OCP formulation:
Constraints section).
The definition of the OCP cost function consisting ofL andΦ is

straightforward, because it only encompasses simple quadratic
terms that mostly use the same set of weighting matrices for differ-
ent tasks. As described in the Supplementary Methods (Contact-
driven OCP formulation: Cost function section), they include ele-
ments that penalize large inputs and regularize the robot’s state
around a nominal configuration, as well as a task-dependent term
that takes care of tracking target references r̃ corresponding to both
the object and the robot’s base.

Offline planner: Sampling-based bilevel optimization
To address the bilevel optimization in Eq. 2, we start by noting that
we did not encode our loco-manipulation tasks in the form of a ter-
minal symbolic state sN but rather as a goal region to which a reach-
able continuous state xTN

must belong. This would typically require
augmenting the original graph state (namely, the contact state) with
a discretization of the continuous space (72). Alternatively, instead
of inefficiently searching through a dense graph of high-dimension-
al augmented states, we resorted to an approximate sampling-based
solution to the bilevel search. Such a scheme enables a rapid com-
putation of feasible solutions and offers an effective globalization
property that helps avoid bad local minima. Although this
happens at the expense of optimality, our primary target is nonethe-
less fulfilled: discovering a physically consistent suboptimal plan
that solves the task.
To elaborate, the planning algorithm operates by incrementally

building a multimodal tree in which each tree node is character-
ized by its contact mode and a reachable terminal state extracted
from the optimal trajectory of the corresponding edge. The tree
expansion is guided by two key components: a node selection
mechanism and a strategy that determines the cost targets r̃
during node extensions. Similar in essence to (91), the latter
relies on a sampling-based approach that drives our inner-level
OCP with targets defined in a smaller subset of the full state
space, namely, the reference space R. Specifically, in our case,
this corresponds to the robot’s two-dimensional base pose and
the object’s generalized coordinates. The goal region itself is con-
structed in terms of our reference space (e.g., proximity to a target
base position or object configuration), rendering the task-specifi-
cation step notably simpler for the user. As described in the Sup-
plementary Methods (Reference generation section), the cost
reference r̃ :¼ r̃ðs; a; xT ; ỹÞ [ R basically determines the direction
of extension and is generated as a function of the contact mode,
the node’s continuous state, and a random variable
ỹ [ SEð2Þ � Rno . We sampled ỹ either from a uniform

distribution U or a goal-directed normal distribution N whose
mean is used in constructing the goal set Xgoal.
As for the outer-level selection step, each tree node is first as-

signed a cumulative cost Cn ¼
Pn� 1

i¼0 Ei þ αH that is composed of
the accumulated edge costs from the starting node and a heuristic
function H. The one with the lowest cost Cn is then chosen for ex-
pansion using an anytime nonparametric A* (ANA*) strategy (92).
This method aims for a quick discovery of feasible plans by initially
applying a best-first selection criterion and then keeps enhancing
the solution as it converges toward an A*-type search by gradually
decreasing the weight α to one. Each edge cost combines a discrete
element penalizing contact switches with a merit function com-
posed of continuous regularization terms and penalties on con-
straint violations in the corresponding OCP. Moreover, we
evaluated our heuristic cost as H = Nsegments · Eaverage, where
Nsegments roughly estimates the number of unconstrained trajectory
segments required by the robot/object to reach the goal assuming
that it can move freely at maximum velocity, whereas Eaverage
denotes the average edge cost of all branches in the existing tree.
The aim with such a choice is to ultimately converge toward a
near-optimal solution by approaching an admissible heuristic func-
tion that underestimates the true cost-to-go.
The pseudo-code for an elementary version of the algorithm

used to solve the bilevel optimization in Eq. 2 is presented below:
Algorithm 1: Multicontact loco-manipulation planner.
Initialize sinit, xinit, Xgoal,N, U, T, α
Define treeT, set of open nodes O, and solution set S�
Initialize start node ns using initial states and append toT

while not termination condition reached do
/* Goal directed extension */
Draw sample ỹ fromN

while not O is empty and not max iterations reached do
Set node last appended toT as initial node ni
if ni state belongs to Xgoal then
Append ni toS�; update weight α; break

end if
Extend ni and update O,T: GenerateSuccessors(ni, ỹ)

end while
/* Uniformly random extension */
while not new node added to tree do
Draw sample ỹ from U

Set node inT nearest to ỹ as ni using a proper metric
Extend ni and update O,T: GenerateSuccessors(ni; ỹ)

end while
end while

Algorithm 2: Function to generate successors in Algorithm 1.
function GenerateSuccessors(ni; ỹ)

for each a [ AðniÞdo
Compute OCP references r̃ðni; a; ỹÞ
Solve OCP given ni; a; r̃, and the time horizon T
if OCP solution found then
Set state and cost info of new node nf from solution
if cost from ns to nf < smallest cost in S� then
Append nf to O

end if
end if

end for
Select node in O with least cumulative cost and append toT

end function
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In summary, the above algorithm boils down to an alternation
between goal-directed tree expansions and an RRT-like exploration
of the reference space. The core component driving our planner is a
targeted balance between exploration and exploitation. This aspect
was fundamental in choosing an appropriate nearest-neighbor
metric and in our introduction of supplementary pruning strategies
that help maintain a sparse yet sufficiently rich tree. Implementa-
tion details regarding the underlying OCP solver, the exploration
metric, and the pruning process can be found in the Supplementary
Methods (Implementation details section), whereas the common
hyperparameters used for all tasks are given in table S4.

Offline planner: Long-horizon trajectory optimization
A complete plan connecting a sequence of smooth trajectories may
not necessarily be smooth itself, especially when randomness is in-
volved in generating the plan. Therefore, we introduced a postpro-
cessing step that enhances the quality of the solutions obtained from
the bilevel search. To this end, we used the trajectory sequence as a
feasible initial guess to warm start a long-horizon trajectory optimi-
zation routine. Although not required, the sequence can also be
applied as a cost reference r̃ to guide the optimization. The resulting
OCP structure resembles that in Eq. 2, but at this stage, the short
time horizon T is replaced with the total duration N · T needed to
solve the loco-manipulation task. Furthermore, the state-action
pairs governing the path constraints over the N time segments are
now predetermined from the discovered contact schedule.
Apart from smoothening the full trajectory and getting rid of

superfluous motions, the long-horizon optimization offers extra
benefits with regard to how mode switches are handled. Unlike
the contact-dependent OCPs in Eq. 2, the added look-ahead capa-
bilities result in refined solutions that suitably alter contact locations
during mode switching while accounting for future events and ma-
neuvers (e.g., adapted foothold locations or adapted end-effector
positions when interacting with a surface contact). Ultimately,
this leads to smaller contact forces and more robust behaviors asso-
ciated with increased stability and higher chances for successful task
attainment.

Two-layer tracking controller
When it comes to executing the offline multicontact plans on the
real robot, a pointwise tracking scheme would normally be suffi-
cient for quasi-static motions and statically stable systems.
Because this does not hold in our case of a quadrupedal mobile ma-
nipulator performing dynamic loco-manipulation tasks, we resort-
ed to a two-layer tracking architecture providing stronger
robustness properties. A schematic diagram detailing the intercon-
nections between the two layers is provided in fig. S4.
The first layer is a whole-body model predictive controller (16)

that acts as an effective filter with disturbance-rejection properties.
Incorporating this component is instrumental in achieving behav-
iors involving multiple contact switches. Otherwise, such phenom-
ena would induce unmodeled effects that could render the reference
trajectory unstabilizable with a simple one-step look-ahead strategy.
In contrast to (16), the MPC in this work is perceived as a tracker of
precomputed physically consistent plans rather than a planner that
generates new solutions for object-centric or robot-centric objec-
tives. With such a perspective, we managed to keep the MPC for-
mulation as elementary as possible by removing the object state xo,
reducing the number of constraints, and adopting simple state-

input quadratic cost functions driven by the robot’s offline referenc-
es hx�r ; u

�i. As a result, we obtained a task-independent MPC-based
tracker with a considerable gain in its computational rate. The
adopted MPC cost weights are shown in table S6.
The second layer is a whole-body reactive controller that outputs

joint position-velocity-torque commands to track the higher-level
MPC references. The references are first mapped into desired gen-
eralized coordinates and velocities using conversions between the
full centroidal dynamic model and the full rigid-body dynamics
(16). A series of cascaded quadratic programs are then solved in a
hierarchical fashion based on a list of prioritized tasks (93, 94). This
results in optimal generalized accelerations and contact forces that
are used to compute reference joint torques from the inverse dy-
namics. A list of the tasks included in the hierarchical QP along
with their corresponding priorities is provided in table S7.
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This PDF file includes:
Methods and Discussion
Figs. S1 to S4
Tables S1 to S7
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