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Abstract— Contact-implicit trajectory optimization (CITO) has
attracted growing attention as a unified framework for planning
and control in contact-rich robotic tasks. Recent approaches
have demonstrated promising results in manipulation and loco-
motion without requiring a prescribed contact-mode schedule.
It is well known that the underlying mathematical programs
with complementarity constraints (MPCCs) remain numerically
ill-conditioned, and systematic, scalable solution strategies for
CITO remain an active area of research. More efficient and
principled solvers that can handle contact constraints are
therefore essential to broaden the applicability of CITO. In
this work, we develop an augmented-Lagrangian approach
to CITO for solving MPCC-based CITO with stationarity
guarantees. The method can be interpreted as identifying the
implicit contact-mode branches on the fly during the trajectory
optimization (TO) iterations; we call this approach IMPACT
(IMPlicit contact ACtive-set Trajectory optimization). We pro-
vide an efficient C++ implementation tailored to trajectory-
optimization workloads and evaluate it on the open-source
CITO and contact-implicit model predictive control (CI-MPC)
benchmarks. On CITO, IMPACT achieves 2.9×–70× speedups
over strong baselines (geometric mean 13.8×). On CI-MPC,
we show improved control quality for contact-rich trajectories
on dexterous manipulation tasks in simulation. Finally, we
demonstrate the proposed method on real robotic hardware
on a T-shaped object pushing task.

I. INTRODUCTION

Optimal motion planning and control in contact-rich ma-
nipulation settings remains one of the major challenges in
robotics. The planner must reason not only about continuous
dynamics, but also about discrete events in which contacts
are established, maintained, and broken to perform tasks such
as underactuated manipulation and legged locomotion [1],
[2]. A common workaround is to prescribe the contact mode
sequence a priori; conditioned on this discrete choice, the
resulting TO problem can often be formulated as a smooth
nonlinear programming (NLP) and solved efficiently [3], [4].
By contrast, when the contact schedule is not fixed, the prob-
lem is typically posed as CITO. The same contact reasoning
is also required in CI-MPC, where the contact mode must
be inferred online under tight computation budgets. While
CITO/CI-MPC is promising for autonomously inferring con-
tact modes in complex tasks, it remains challenging due to
nonsmooth contact dynamics and the combinatorics of mode
changes [5], [6], [7].

CITO commonly relies on contact models with a comple-
mentarity structure to capture the on/off nature of contact
and frictional interaction [8]. This yields a fundamentally
nonsmooth optimization problem that is naturally cast as
mathematical programs with complementarity constraints
(MPCCs) [9]. At feasible points, complementarity induces

Fig. 1. IMPACT demonstrations in simulation and hardware. Top: Allegro
Hand reorients a rubber duck in simulation. Bottom: a Panda robot pushes
a T-shaped block to a target pose in real-robot experiments; the red curve
indicates the trajectory of the block’s coordinate origin during the push.

degeneracy and violates the regularity assumptions required
by standard smooth NLP constraint qualifications (CQs);
consequently, standard CQs typically fail, and the associated
Lagrange multipliers may become unbounded, rendering the
Karush–Kuhn–Tucker (KKT) conditions invalid [9], [10].
As a result, off-the-shelf NLP solvers based on standard
KKT/CQ theory are often numerically brittle for MPCCs:
large initial complementarity violations make convergence
highly initialization-sensitive and unreliable at TO scale [11].

Due to the nonsmooth and degenerate nature of contact-
implicit formulations, many practical treatments modify the
original complementarity structure through smoothing or
relaxation, or introduce penalty terms to better fit standard
solvers and their convergence assumptions [12], [13], [14].
While these treatments often improve numerical behavior,
they can degrade control quality and introduce heuristic up-
date parameters that strongly affect efficiency. Moreover, as
these modifications are tightened to approximate the original
complementarity conditions, degeneracy and ill-conditioning
can re-emerge.

In this work, we propose IMPACT (IMPlicit
contact ACtive-set Trajectory optimization), an implicit
complementarity/contact-branch selection method for
solving MPCC-based CITO, with stationarity guarantee for



feasible accumulation points under standard assumptions
from recent augmented Lagrangian (AuLa) theory [15], [16],
[17], [18]. Instead of smoothing or relaxing complementarity
constraints, IMPACT retains the original nonsmooth
contact constraints and handles them through the AuLa
subproblems. Across these subproblems, the approximate
Lagrange multipliers and penalty strength guide the selection
of the active complementarity branch, enabling implicit
contact-mode discovery without a prescribed homotopy
schedule. This AuLa treatment also prevents the multiplier
blow-up typically seen in vanilla AuLa formulations for
MPCCs, providing a principled alternative to penalty-only
methods. Combined with our proposed block coordinate
descent (BCD) solver for the AuLa subproblems, IMPACT
achieves substantially faster convergence than strong
baselines while maintaining competitive task performance.

Our contributions are summarized as follows.
• Algorithm. We introduce IMPACT, an efficient CITO

method based on a safeguarded AuLa scheme for
MPCCs, and establish its stationarity guarantee.

• Implementation. We provide a C++ implementation of
IMPACT with an interface designed for CITO/CI-MPC
workloads.

• Validation. On open-source CITO benchmarks, IM-
PACT achieves 2.9×–70× speedups over strong base-
lines. On Allegro-Hand CI-MPC, it achieves compara-
ble success rates with improved control-quality metrics,
and we further demonstrate the method on real robotic
hardware in a Push-T manipulation task.

II. RELATED WORK

CITO and CI-MPC methods can be broadly viewed from
two perspectives: approaches that soften contact logic to
obtain smooth gradients for planning/MPC, and approaches
that retain nonsmooth contact logic and solve more di-
rectly. Many pipelines replace rigid complementarity with
smooth or relaxed surrogates to enable gradient-based op-
timization, which can improve numerical behavior but may
affect gradient accuracy and closed-loop performance. One
line modifies the forward contact model itself, e.g., us-
ing compliant or differentiable contact, yielding smoother
derivatives at the expense of strict rigid-contact fidelity [6],
[2], [19], [13], [12]. Another line keeps forward simulation
rigid but regularizes the sensitivity/KKT systems used to
compute gradients through contact, enabling fast CI-MPC
and relaxed-complementarity DDP variants [20], [21], [22].
Beyond local smoothing, global convex relaxations have also
been explored for CITO, emphasizing geometric reasoning
and contact sequencing [23]. In contrast, IMPACT adopts
a nonsmooth AuLa viewpoint: we update relaxation via
safeguarded multiplier/penalty rules and solve nonsmooth
subproblems that explicitly enforce complementarity, aiming
to preserve mode transitions and implicitly identify the
contact mode.

A second class handles contact complementarity more
directly, reflecting the inherent nonsmoothness of contact.
Early CITO work introduces elastic variables and penalizes

complementarity violations so that contacts can be “dis-
covered” during optimization [5]. Later pipelines improve
reliability via continuation strategies or automatic penalty-
update rules [24], [11], and related penalty reformulations
also appear in quadratic programs with complementarity
constraints (QPCC) solvers such as LCQPow [25]. Despite
their widespread use, penalty/continuation methods can be-
come numerically stiff under large penalties, and heuristic
schedules may slow convergence [11]. Operator-splitting
methods such as the C3 family formulate CI-MPC in a
consensus ADMM form with simple, parallelizable sub-
problems, scaling well to many-contact settings [26], [27],
[28], [29], [30]. However, these methods typically operate
on linearized contact/dynamics and often require task-space
tracking layers for execution [26], [30]. A recent preprint
by Ménager et al. [31] also uses an AuLa and alternating-
minimization/BCD scheme for contact-implicit QPCCs in
one-step inverse dynamics. In contrast, IMPACT targets
temporally coupled TO and CI-MPC settings with general
MPCC-based CITO formulations, using an MPCC-tailored
safeguarded AuLa scheme with complementarity-enforcing
inner subproblems. This induces an implicit contact-mode
selection behavior as slack is driven tight.

III. PROBLEM DEFINITION

We formulate both CITO and CI-MPC in a unified op-
timization framework in generalized coordinates. Let X =
[xt]1:T denote the trajectory of decision variables, e.g., states,
controls, and contact forces. We use r(xt), h(xt, xt+1), and
g(xt) to denote the residual function, equality constraints,
and inequality constraints, respectively, where h(xt, xt+1)
includes the system dynamics coupling consecutive time
steps. The functions G(xt) and H(xt) denote the comple-
mentarity functions. The condition 0 ≤ G(xt) ⊥ H(xt) ≥ 0
encodes the on/off nature of contact: component-wise, at
least one of G(xt) or H(xt) must be zero. Algebraically, it is
equivalent to G(xt) ≥ 0, H(xt) ≥ 0, and G(xt)◦H(xt) = 0.
This yields the following MPCC:

min
X

1

2

T∑
t=1

r(xt)
⊤r(xt) (1a)

s.t. h(xt, xt+1) = 0, t = 1, . . . , T − 1, (1b)
g(xt) ≤ 0, t = 1, . . . , T, (1c)
0 ≤ G(xt) ⊥ H(xt) ≥ 0, t = 1, . . . , T. (1d)

Problem (1) covers different discretizations and contact
models as special cases. With a polyhedral approximation
of the friction cone, the per-step contact complementarity
conditions can be written as an LCP; with conic friction
models, the same template leads to nonlinear complemen-
tarity constraints. We focus on nonlinear sum-of-squares
objectives, which capture many task-space motion-planning
costs and are convenient under the augmented-Lagrangian
formulation, since both penalty and Lagrangian terms can
be absorbed into a nonlinear least-squares residual.
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Fig. 2. Comparison of complementarity-handling methods on a 2D toy
objective. Top row: Scholtes relaxation and squared-penalty method. Bottom
row: IMPACT, split into the primal update and the slack update. Objective
contours are shown in blue and the complementarity-feasible set is shown
in green. In IMPACT, the slack variables act as anchors that regularize the
next primal update, while the slack update is obtained from a dual-shifted
target projected onto the complementarity set.

IV. METHOD

IMPACT solves (1) by combining a safeguarded aug-
mented Lagrangian (AuLa) outer loop with a structured block
coordinate descent (BCD) inner solver. Instead of smoothing
or relaxing complementarity constraints, IMPACT keeps
them explicit in each inner subproblem. Across the AuLa
iterations, the approximate multipliers and penalty weights
guide the active complementarity branch selection, enabling
implicit contact-mode discovery without a prescribed con-
tinuation schedule. Fig. 2 illustrates this difference from
Scholtes relaxation and penalty methods.

For algorithmic convenience, we rewrite (1) in vertical
form [10] by introducing auxiliary variables Y and Z. We
enforce G(xt) = yt and H(xt) = zt, and impose comple-
mentarity directly on the variables via 0 ≤ yt ⊥ zt ≥ 0.
This reformulation is equivalent to the original MPCC at
any feasible point, but yields a simple complementarity set
that is well suited to closed-form inner updates. Define

h̄t(xt+1, xt, yt, zt) := [h(xt, xt+1); G(xt)−yt; H(xt)−zt ],

and let

C = {(Y, Z) | 0 ≤ Y ⊥ Z ≥ 0}.

The vertical-form problem can then be written compactly as

min
X,Y,Z

1

2

T∑
t=1

r(xt)
⊤r(xt)

s.t. h̄t(xt+1, xt, yt, zt) = 0, g(xt) ≤ 0, (Y,Z) ∈ C.
(2)

We follow a safeguarded AuLa scheme for MPCCs in
which complementarity constraints are not absorbed into the
augmented Lagrangian; instead, they are enforced explicitly
in the inner solve. With equality multiplier κt, inequality
multiplier µt, and penalty factors ρh̄ and ρg , the AuLa
subproblem is

min
X,Y,Z

Φ(X,Y, Z) :=
1

2

T∑
t=1

r⊤t rt +
ρh̄
2

T∑
t=1

∥∥∥h̄t +
κt

ρh̄

∥∥∥2
+

ρg
2

T∑
t=1

∥∥∥(gt + µt

ρg

)
+

∥∥∥2 (3a)

s.t. (Y, Z) ∈ C. (3b)

The outer loop clips multipliers to fixed safeguard bounds
and updates them as

κk+1
t = κ̄k

t + ρkh̄h̄t, µk+1
t =

(
µ̄k
t + ρkggt

)
+
.

Penalty parameters are increased only when the equality
feasibility residual and the inequality KKT residual fail to
decrease sufficiently. This separation preserves the MPCC
structure and avoids the pathological multiplier growth that
can arise when complementarity is penalized directly [16],
[15]. Under standard MPCC regularity assumptions, if the
inner subproblems are solved with a vanishing stationarity
residual, every feasible accumulation point of the safe-
guarded AuLa sequence is a first-order stationary point.

We solve (3) using a two-block BCD scheme. Each
iteration alternates between updating the trajectory variables
X and updating the auxiliary complementarity variables
(Y, Z). With (Y,Z) fixed, the X-update reduces to a smooth
nonlinear least-squares problem, which we solve using a
damped Gauss–Newton step with Armijo backtracking to
ensure sufficient decrease of Φ.

With X fixed, the (Y, Z)-subproblem decouples across
time steps and complementarity pairs. For each scalar pair
(yt,i, zt,i) with 0 ≤ yt,i ⊥ zt,i ≥ 0, the feasible set is the
union of two convex cones,

Ci = {(y, 0) | y ≥ 0} ∪ {(0, z) | z ≥ 0}.

Thus the update is obtained by evaluating two closed-form
candidates and selecting the one with smaller quadratic
penalty contribution. With the safeguarded multipliers at
outer iteration k and current penalty factor ρh̄, the two
candidates are

y⋆t,i = max
(
0, Gi(xt) +

1

ρh̄
κG,t,i

)
, z⋆t,i = 0, (4)

z⋆t,i = max
(
0, Hi(xt) +

1

ρh̄
κH,t,i

)
, y⋆t,i = 0. (5)



Fig. 3. IMPACT planning demos on three CITO tasks. The green dashed
box marks the start pose and the orange dashed box marks the goal pose.
Purple arrows visualize contact forces, and the solid green line traces the
object-origin trajectory. Color indicates time from early (light blue) to late
(dark orange).

We then compare the corresponding objective values and
keep the lower one. This step is an exact minimization
over the complementarity set for fixed X , and hence never
increases the inner objective. Importantly, the update is
not a pure feasibility projection: the current multiplier and
penalty shift the target before projection. Therefore, the
slack variables act as anchors that regularize the next primal
update, as illustrated in Fig. 2. This induces the implicit
active-set behavior of IMPACT: the optimizer selects the
contact or no-contact branch through the AuLa subproblem
rather than through an externally prescribed contact schedule
or homotopy parameter.

The resulting inner solver is not intended to certify global
optimality of the nonconvex subproblem. Instead, it provides
an attainability interface required by the safeguarded AuLa
theory. For a fixed outer iteration, assume that Φ is smooth
with Lipschitz gradient on the bounded set visited by the
iterates, the X-update achieves sufficient decrease, and the
(Y,Z)-update is the exact minimization described above.
Then, for any tolerance ε > 0, the BCD inner loop can reach
an ε-stationary point of (3) in finitely many iterations. In
our implementation, we use an inexact/budgeted variant and
stop the inner loop when the augmented objective stagnates,
|Φ(wj+1) − Φ(wj)| ≤ τk, which empirically yields stable
outer-loop progress on all benchmarks.

V. EXPERIMENTS

We evaluate IMPACT on two open-source benchmarks
and a real-robot Push-T task. For long-horizon planning,
we use the CRISP CITO benchmark [11]; for dexterous
manipulation under multi-contact dynamics, we use the
Allegro-Hand CI-MPC benchmark from [13]. All CITO
methods are evaluated under the same task objectives and
feasibility requirements, including complementarity violation
below 10−5.

a) Long-horizon CITO.: We compare IMPACT against
Scholtes relaxation (SR), the square penalty method (PM),
and CRISP on Push Box, Push T, and Cart Transport, shown
in Fig. 3. IMPACT succeeds on all tested instances and
maintains competitive task-level tracking performance. In
terms of tracking error, SR is best on Push Box and Push T,
while CRISP is best on Cart Transport; IMPACT is second-
best on Push Box and Cart Transport and remains close to
CRISP on Push T. In contrast, PM yields larger tracking
errors and fails on some instances of Push Box and Push T.

The main advantage of IMPACT is runtime. Compared
with CRISP, IMPACT is 16.8×, 25.0×, and 34.0× faster on
Push Box, Push T, and Cart Transport, respectively, giving
a geometric mean speedup of 24.3×. Even compared with
the fastest baseline in wall-clock time, IMPACT achieves
5.7×, 2.9×, and 25.0× speedups on the three tasks. Across
all baseline comparisons, this corresponds to a 2.9×–70×
speedup range with a geometric mean of 13.8×.

b) Multi-contact CI-MPC.: We further evaluate IM-
PACT on the Allegro-Hand meshable-object reorientation
benchmark [13], comparing against the smoothing-based
cfree baseline with two control bounds. IMPACT achieves a
comparable success rate: 91.8%±4.1 versus 91.2%±4.2 for
cfree(0.1) and 92.9%±3.9 for cfree(0.2). More importantly, it
improves control quality, with lower control variance (1.55±
0.13 vs. 2.16±0.21/4.44±0.49), smoothness (0.029±0.004
vs. 0.044±0.008/0.088±0.012), and effort (3.0±1.0 vs. 4.8±
2.0/8.2± 4.8). IMPACT runs at 9.53± 0.36 Hz, lower than
cfree’s 50–60 Hz rate, but directly solves a multi-contact,
nonsmooth MPCC-based MPC problem without smoothing
or relaxation. The stick object remains the main outlier,
where the long slender geometry makes contact maintenance
sensitive to LCP-based mode switching.

c) Real-robot Push-T.: Finally, we deploy IMPACT on
a real robotic Push-T setup. We solve a full-horizon TO
problem to obtain a pushing trajectory and replan online
when the object deviates from the nominal trajectory. Across
10 trials with different initial object configurations, IMPACT
reaches the target in all trials, achieving a 100% success rate.

VI. CONCLUSION

We presented IMPACT, an implicit contact active-set aug-
mented Lagrangian method for fast contact-implicit trajec-
tory optimization. IMPACT combines a safeguarded AuLa
outer loop for MPCCs with a structured BCD inner solver,
enabling contact-mode discovery without a prescribed con-
tinuation schedule while retaining the original nonsmooth
complementarity structure. Experiments show substantial
speedups on long-horizon CITO, improved control quality on
multi-contact CI-MPC, and successful transfer to real robotic
hardware. These results suggest that MPCC-tailored AuLa
methods are a promising alternative to smoothing, relaxation,
and penalty-only approaches for contact-rich planning and
control.
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