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Abstract— Dynamic loco-manipulation behavior discovery
can be cast as a search over contact-mode sequences, whose
transitions must satisfy the hybrid dynamics induced by the
different contact modes. The key challenge is combinatorial
growth in the number of candidate sequences with the sequence
horizon. Prior approaches address this by planning with a
predetermined set of higher level actions, however doing so
narrows the set of behaviors that can be discovered. We instead
preserve a broad search space and make it tractable by using an
efficient kinematic exploration strategy. Specifically, we expand
a tree of contact-mode sequences using a sequential kinematic
feasibility check and invoke full trajectory optimization only
for sequences that reach the goal. This defers expensive full-
order trajectory optimization until a goal-reaching sequence is
found, reducing the number of full-order solves while enabling
the automatic discovery of diverse dynamic loco-manipulation
behaviors.

I. INTRODUCTION

Generation of loco-manipulation behaviors remains a chal-
lenging problem due to the combinatorial complexity of
the sequential interaction problem and the difficulty of
controlling the underactuated dynamics of both the robot
and the manipulated objects. Despite this challenge, any
method aiming to capture the full range of loco-manipulation
behaviors must model both the full system dynamics and the
space of possible sequential interactions among the robot, the
manipulated object, and the environment.

Many current approaches to humanoid control avoid the
complexity of algorithmic motion planning by exploiting the
similarities between human and humanoid morphology to
retarget human demonstrations [1], [2], [3], [4], [5]. This
is a promising direction because it reduces much of the
complexity previously needed to enable control of humanoid
systems. When combined with reinforcement learning, the
resulting policies can be executed robustly [1], [2], [3], [4].
Recent work has also focused on training on large corpora
of demonstrations to learn policies that generalize across a
broader range of motions [4].

While recent work largely relies on retargeting and imita-
tion, we instead study the automatic generation of novel be-
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haviors. We begin by formalizing a discrete search space over
contact modes and then defining the constraints required for
feasible transitions between them. This formulation results in
a graph structure that can be traversed to address a variety of
planning problems. Since the graph is combinatorially large,
we use a sequential kinematic optimization to grow a search
tree of kinematically feasible contact-mode transitions, and
validate goal-reaching sequences using trajectory optimiza-
tion. We demonstrate that this method can discover a diverse
set of solutions (video link®), on two variants of an object-
placement task. We also show that the proposed kinematic-
feasibility pruning strategy produces a negligible number of
false negatives, making it an effective proxy for pruning the
search tree efficiently.

In section we formulate the problem and then in
section we propose our approach to solve the resulting
optimization. Next in section [[V| we present and discuss our
results and we conclude our findings in section [V]

II. PROBLEM FORMULATION
A. Problem statement

We study dynamic loco-manipulation planning problems
in which task completion requires a sequence of contact-
mode transitions. While the combinatorial set of candidate
contact modes can be enumerated a priori, the subset of
modes and transitions that are actually feasible is not known.
We therefore introduce a contact-mode graph G = (C, &),
where C denotes candidate contact modes and £ candidate
transitions between them. Since feasibility depends on the
system dynamics, the feasible subgraph of G must be un-
covered during the search rather than specified in advance.

The planning problem is thus a hybrid graph search
rooted at an initial contact mode coupled with an initial
continuous state. Subsection defines the graph nodes,
while Subsection formalizes node transition feasibility.
The objective is then to find a goal-reaching contact-mode
sequence and associated continuous trajectories that satisfy
these conditions and minimize the cost in Subsection

B. Contact Mode Definition

Let Z be the set of all interfaces (end effector patches,
object surfaces, environment planes, etc.) in the scene, and
let Z2° C 7 denote the subset of active interfaces, namely
those whose contact state may change. Let © be the set of
admissible contact types (e.g. free, sticking, sliding, etc), and
let & denote the free state. For each active interface i € 72°t,
we define the contact state of interface 7 as
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Here, j; specifies the interaction partner of 4, while 6;
specifies the contact type. The partner interface j; provides
the geometric context of the interaction but is not itself
associated with a force decision variable in this represen-
tation. The special value @ denotes that interface i is free,
in which case no interaction partner is defined. Accordingly,
we require

0, =90 — j;=0. 2)

A contact mode is then the assignment of a contact state to
every active interface, i.e.,

c={(i,5:,0;) | i € T*"}. 3)

Equivalently, ¢ € C may be viewed as a map from active
interfaces to partner—type assignments. The set C defines
the node set of the candidate graph G. The next subsection
specifies the conditions under which transitions between
these nodes are physically realizable.

C. Contact Mode Transition Feasibility

For a contact mode ¢, let M(c) denote the feasible
constraint manifold associated with it,
dynamics(z, &, u, c) = 0,
) contact(z,u,c) <0,
(z,2,u) .. 4)
collision(z) < 0,

limits(z,u) <0

The set M(c) contains all state, state-derivative, and con-
trol tuples that satisfy the dynamics and contact conditions
induced by c¢, remain within hardware limits, and avoid
unintended collisions. The latter requirement is particularly
important, since any additional collision would create an
unmodeled contact and thus imply a departure from the
contact mode c.

A transition from c to ¢’ is feasible only if there exist a

duration 7 > 0, continuous trajectories
x:[0,7] = X, u:[0,7] = U,

and a contact-mode evolution ¢(t) consistent with the tran-
sition from c¢ to ¢/, such that

and
(x(t),%(t),u(t)) € M(c(t))

D. Optimization Formulation

vt e [0,7].

We now combine the discrete contact-mode search with
the continuous feasibility conditions into a hybrid optimal
control problem. The decision variables are both the contin-
uous robot-object trajectories and the discrete contact-mode
sequence. Let z : [0,7] — X and u : [0,7] — U denote the
state and control trajectories of a floating-base robot with n
joints manipulating m objects, with

wi=(u",u, ..., u%). (5)

Here, the robot state is z" := (¢",v",h"), where ¢" €
SE(3) xR™, v" € R0 and A" € RS denote the robot con-
figuration, generalized velocity, and centroidal momentum,
respectively. Each object state is z% := (¢°,V°), where
q° € SE(3) and V°: € RS denote the object pose and body
velocity. The robot control is u” := (0", AL, ..., AL, ),
and each object control is u% := (Voi,Wg;'w).

Let cg.x denote the contact-mode sequence and To.k—1
the corresponding stage durations. These durations induce
switching times

tg := 0, thg1 =t + Ty, (6)

so that the mode schedule is piecewise constant with ¢(t) =
¢k for t € [tg,tr41), and the final time is T = tx. The suc-
cessor map I'(ci) C C denotes the set of admissible modes
that may follow cg, thereby encoding the allowable discrete
transitions in the search graph. With these definitions, the
complete planning problem is

min
z (), u(+),

co:k, To:k—1

/0 d(z(t), u(t)) dt + or(x(T)) + wrT

st. 2(0) = Tinit, Co = Cinit,
Vke{0,...., K —1}:

Ck+1 S F(Ck)7 Tmin S k S Tmaxa

(2(t), #(t), u(t) € Mcy), ¥t € [ttt

(N

where ¢ is the stage cost, ¢ is the terminal cost, wp

is the time penalty. Equation defines the continuous-

time hybrid planning problem over contact-mode sequences

and their associated state and control trajectories. Then next

section introduces the finite-dimensional transcription

used in practice, together with the pruning strategy, trajectory

optimization, and tree-search procedures used to explore the
contact-mode graph efficiently.

x(T) S Xgoah

III. METHOD

The hybrid planning problem in is difficult to solve
directly because it couples a combinatorial search over
contact-mode sequences with highly nonlinear continuous
dynamics. Our approach addresses this by combining dis-
crete search over contact mode sequences with continuous
optimization over the state and control trajectories. The next
two subsections present the optimization problems associ-
ated with a fixed contact-mode sequence: first a sequential
kinematic feasibility problem [[II-A] and then a full trajectory
optimization We then show how these components are
combined within a tree-search procedure [[II-C|

A. Sequential Kinematic Feasibility

Given a contact-mode sequence, the sequential kine-
matic feasibility problem solves for robot-object configu-
rations ¢ that satisfy the sequential contact, collision, and
configuration-limit constraints associated with each mode
(8). At this stage, no time-dependent dynamics are imposed.
The optimization only tests whether the sequence is geomet-
rically feasible. In addition to these per-mode constraints,



adjacent modes are coupled through transition-consistency
constraints detailed below.

N—-1
min Z ((Iz - Qnom)TW(qi - qnom)
qo:N—1 o

st. Vie{0,...,N—1}:
contact(g;, ¢;) <0,
collision(g;) <0, ®)
limits(g;) <0,
Vie{0,...,N—2}:
Vk € 7°* satisfying (9d) or ©@b) :
transitionConsistency; (¢, gi+1) = 0.
For each transiton 7 — ¢ 4+ 1, the constraint
transitionConsistency; 4 (¢i, gi+1) = 0 is imposed only for
active interfaces k € 72" whose contact-state components
in ¢; and c;4; satisfy one of the following conditions:
(i 0) = G 0.7 # (2,2),
(j’zc’e;c) # (2,9), (jlijl’e;:rl) = (2,9).
The first case corresponds to maintaining the same contact
across the transition, in which case the relative contact pose
must be preserved. The second corresponds to releasing an
existing contact. Here, (k, ji,0%) and (k,ji™", 0it") denote
the components of ¢; and c;y, respectively.

(9a)
(9b)

B. Trajectory Optimization

While the sequential kinematic feasibility problem only
checks geometric consistency for a fixed contact-mode se-
quence, the trajectory optimization enforces the full robot-
object dynamics. For a given contact-mode sequence, it
solves for dynamically feasible state and control trajecto-
ries, together with the duration of each contact stage. This
optimization therefore serves as the full-order validation of
a candidate sequence.

The continuous-time problem in (7)) is transcribed into the
following finite-dimensional nonlinear program:

min
TOo:N, U0:N—1;
To:x—1

N-1 K-1
D b w) + on(en) +wr Y T

= k=0
S.L. Xg = Tinit, TN € Xgoals
terminal(zy, cx) < 0,
Vke{0,..., K —1}:

Tmin S Tk S TmaX:
Vie{0,...,N—1}:

dynamics(z;, T;41, Ui, Tk(i)7 criy) =0,

contact (x4, us, cx(iy) <0,

collision(z;) < 0,

limits(xi, ul) <0.
(10)
Here, k(i) maps each knot point ¢ to its corresponding
contact-mode stage. The resulting program enforces dynam-
ics and mode-dependent feasibility constraints at every knot

point, while optimizing the stage durations within prescribed
bounds. The dynamics, limits and the contact mode con-
straints follow the implementation in [6] and the collision
constraints follow the implementation in [7].

C. Tree Search

To search over contact-mode sequences, we use Monte
Carlo Tree Search (MCTS). In our setting, the previous
optimization problems define the three ingredients of MCTS:
expansion [[II-C.1} node value [[II-C.2| and selection

The tree search is rooted at the initial hybrid condition
(Zinits Cinit)» and a tree node at depth d is a contact-mode
prefix

Y

We use a prefix representation because the value of a contact-
mode sequence with continuous dynamics depends on its full
history, not only on its terminal mode.

1) Expansion: Given a node s; and a successor ¢ €
I'(cq), we form

Sd = (COa .- '7Cd)7 €0 = Cinit-

Sd-l-l = (COa-"7Cdvcd+l)7 (12)

and solve the sequential kinematic problem (8) for the full
prefix with initial condition fixed by xiy;t. The child is added
to the tree only if (§) is feasible. Let &4 denote the terminal
state of the corresponding kinematic solution.

2) Node value: Each node is assigned the cost

J(Sd) = Jkin(sd) + JTo(Sd). (13)

The kinematic term is computed from the terminal state &4
of the sequential kinematic solution:

Jkin(sd) = diSt(SAUd,Xgoal). (14)

If the prefix reaches either the continuous goal or a discrete
contact-mode goal, we additionally solve the full trajectory
optimization (I0) and define

JTO(Sd) = Jres(sd) + wjerkt]jerk(sd)' (15)

Otherwise, we set

Jro(sq) = 0. (16)

3) Selection: Child selection follows the standard cost-
based MCTS rule

log N (v)
N(v,a) +1

a* = arg min
a€ch(v)

V(v,a) — B , A"

where N (v) is the visit count of node v, N (v, a) is the visit
count of child a, and V (v, a) is the current average backed-
up cost of that child.

In summary, sequential kinematic feasibility determines
which prefixes are expanded and provides the intermediate
MCTS value. The full trajectory optimization is invoked
only for prefixes that reach either the continuous goal or
the discrete contact-mode goal.



Fig. 1: Our method was evaluated on two scenarios: Scenario 1 (top) and Scenario 2 (bottom). The trajectories shown
were obtained using the tree-search procedure described in Section III-C. In each case, the figure depicts the contact-mode
sequence and corresponding continuous trajectory associated with the highest-reward MCTS node for that task.

TABLE I: Allowed contact interactions.

Interface Allowed contacts
Left hand Left side of the box
Right hand Right side of the box
Left foot Floor

Right foot Floor

Box bottom  Floor, tabletop

D. Implementation

Both (8) and (I0) are implemented using a direct multiple-
shooting transcription. Robot kinematics and dynamics are
evaluated with Pinocchio [8], and the resulting nonlinear
programs are formulated in CasADi [9]. The sequential
kinematic feasibility problem is solved with the SQP solver
in acados [10], whereas the full trajectory optimization is
solved with the SQP solver Hippo [11].

IV. RESULTS

We evaluate the proposed method on two variants of a box-
placement task, solutions to which can be seen in Fig. m In
the first variant, the table height is 0.8 m, whereas in the
second it is 1.6 m. The initial conditions for both scenarios
are shown in the leftmost panels of Fig. [I] In both cases, the
objective is to place the green box on top of the table. The
box has a mass of 1 kg. Table [I] shows the allowed contact
interaction between the robot, box and environment.

For the MCTS search, Scenario 1 was run for 250 itera-
tions and Scenario 2 for 2000 iterations. In both scenarios,
the maximum search depth was 3, corresponding to contact-
mode sequences of length 4 including the initial mode, and
the exploration constant was set to 3 = +/2. The tree
search was performed 5 times per scenario and the resulting
statistics can be seen in Table[l} A key finding is that the se-
quential kinematic feasibility stage produced almost no false-
negative pruning. This indicates that it is an effective proxy
for filtering branches during tree expansion, substantially
reducing computation time. Scenario 2 exhibited a much
higher time to first solution and a higher time per successful

TABLE 1II: Tree Search statistics. Values are reported as
mean =+ standard deviation over 5 repeated runs.

Metric Scenario 1 Scenario 2
Converged TO solutions 26.8+£7.3 6.0+4.1
Time to first solution [s] 103.2 £ 116.0 566.5 4 198.5
Time per solution [s] aove 209.4
Pruning False Negative Rate 0£0 0.0059 £ 0.0053
Total time [s] 2082.3 +146.8 1256.7 +137.8
Total Kinematic solve time [s] 105.5 £ 1.5 1017.5 + 45.5
Avg. Kinematic solve time [s] 0.74 £0.28 1.240.03
Total TO solve time [s] 1976.8 + 146.6  369.2 +178.6
Avg. TO solve time [s] 28.2+ 1.3 34.5 + 3.2

solution. This is expected, since there are far fewer feasible
transitions to the tall tabletop. In particular, the object must
pass through a flight phase to reach the goal. Although this is
a narrow condition, the generality of the search space allows
our method to discover and exploit such dynamic transitions
when they are required.

In addition to the representative solution strategies shown
in Fig. [T} the solution set contains many variations of the
same underlying behaviors as well as qualitatively different
strategies. These include one-handed scooping motions and
multiple variants of throwing, as illustrated in the accompa-
nying video®.

V. CONCLUSION

We presented a method for discovering dynamic loco-
manipulation behaviors by searching over contact-mode se-
quences. To make this combinatorial search tractable, we
combined a sequential kinematic feasibility problem with tra-
jectory optimization in an MCTS framework. The kinematic
stage efficiently prunes infeasible branches, while trajectory
optimization validates promising goal-reaching sequences.

Across two variants of a box-placement task, the method
discovered a diverse set of solutions. The results also showed
that the kinematic pruning stage introduced a negligible
number of false negatives, supporting its use as an effective
proxy for reducing search effort.
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