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Abstract— We address the problem of trajectory optimiza-
tion in scenarios where multiple grasp targets are available
for the same object. We introduce SwitchOpt, an adaptive
optimization strategy that dynamically switches between grasp
targets during trajectory optimization. Instead of committing to
a single candidate, SwitchOpt monitors progress step by step
using a merit function that captures trajectory quality and
constraint satisfaction. A prediction horizon is used to assess
whether the current trajectory is likely to improve further,
while a minimum-stay mechanism ensures sufficient refinement
before considering a switch. Whenever a switch is considered,
SwitchOpt reconstructs candidate trajectories by combining the
current head with interpolated tails toward alternative grasp
targets, and evaluates each of these full trajectories with the
same merit function over the prediction horizon. If the best
candidate is predicted to outperform continuing toward the
current target, that target is selected as the new goal and
its reconstructed trajectory is used as the new initialization,
allowing the solver to continue from a promising adapted
trajectory. This principled selection strategy balances local
exploitation of the current target with structured exploration
of alternative grasp poses, maintaining optimization continu-
ity between switches. Experiments in simulation demonstrate
that SwitchOpt improves final trajectory quality, accelerates
convergence, and increases feasibility in multi-target trajectory
optimization.

I. INTRODUCTION

In robot manipulation, planning a robot trajectory to grasp
an object is a fundamental research problem. The challenge
lies in jointly addressing motion planning, which aims to find
a collision-free arm trajectory, and grasp planning, which
decides how to grasp the target object. Traditionally, these
problems have been tackled separately. Motion planning
approaches focus on reaching a given end-effector goal while
avoiding obstacles, using either sampling-based planners
such as Rapidly-exploring Random Trees (RRT) [1], Fast
Marching Trees (FMT) [2], or optimization-based methods
such as CHOMP [3] and Sequential Convex Optimization
(TrajOpt) [4]. Grasp planning methods, such as Grasplt! [5],
6D GraspNet [6] or SE(3)-DiffusionFields [7], synthesize
feasible grasp poses for a robotic gripper given object models
or point clouds, but do not consider the arm motion required
to reach them.

Combining grasp planning and motion planning directly
addresses the robotic grasping problem. A common pipeline
first generates candidate grasps of the target object, then
plans a trajectory to reach one of them. A naive approach
tests these grasps sequentially until it finds a collision-free
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Fig. 1. While SwitchOpt optimizes the current target (pink), it conceptually
evaluates alternative grasp targets. Green curves show the predicted motion
after H steps if each candidate were pursued independently. These are for
visualization only, SwitchOpt actually evaluates targets via deterministic tail
reconstruction and short-horizon merit prediction.

trajectory and a sufficiently high-quality solution, which
is complete but becomes inefficient when the grasp set is
large. More advanced approaches couple the two stages.
Several works have explored planning methods that ac-
count for multiple possible grasp poses. Examples include
extending CHOMP to support goal sets as end-point con-
straints [8], combining sampling and gradient-based opti-
mization to reach sampled grasps [9], or formulating grasp
and manipulation planning jointly as an optimal control
problem [10]. Other approaches integrate grasp quality pre-
dictors such as Dex-Net [11] with SQP-based trajectory
optimization [12], evaluate alternative grasps using quality
metrics [13], construct occupancy maps from point clouds
for planning in clutter [14], or define goal regions in the
manipulator workspace [15]. A related approach [16] com-
bines random grasp pose sampling with repeated full TrajOpt
runs, incorporating a waypoint commitment strategy to incre-
mentally refine the final trajectory. However, their algorithm
treats TrajOpt as a black box and restarts the optimization
from scratch for each new grasp. While some planners, such
as OMG [17], support online goal selection, they do so within
CHOMP-based frameworks or using specialized goal-set
projections. To our knowledge, no existing method performs
grasp-target switching inside a TrajOpt optimization run by
updating only the target pose and continuing the ongoing



optimization instead of restarting TrajOpt for each grasp.

In this paper, we propose SwitchOpt, an adaptive target
switching strategy for grasp trajectory planning. The key
idea is to refine the current trajectory step by step toward its
present target, while simultaneously evaluating short-horizon
continuations predicted toward alternative grasp poses. As
illustrated in Figure 1, the optimizer progresses along one
candidate (pink), while the green trajectories conceptually
depict how motion would evolve if other grasp targets were
pursued. In practice, SwitchOpt does not optimize these
alternatives; instead, it evaluates each candidate through
deterministic tail reconstructions and short-horizon merit pre-
diction. These evaluations provide a lookahead on whether
continuing toward the current goal remains cost-effective, or
whether switching would yield better progress. Apart from a
basic feasibility check for inverse kinematics, we do not pre-
rank or externally score grasp candidates. Instead, the method
relies entirely on these evaluations: if a different target shows
a more promising cost trend, the optimizer switches while
reusing the feasible trajectory prefix built so far, using it
as initialization while reconstructing only the remaining tail
toward the new goal. This enables efficient exploration of the
grasp set while still exploiting already promising solutions.

We evaluate our approach in simulated experiments with
the dual-arm TIAGo++ robot on five tabletop scenes from
the SceneReplica benchmark [18], using precomputed grasp
sets for 16 YCB objects [19]. All methods are assessed under
identical cost terms and constraints. Results demonstrate
improvements in merit value, convergence speed, and feasi-
bility. The contributions of this paper are: 1) the SwitchOpt
strategy for adaptive target switching during trajectory opti-
mization, 2) a horizon-based evaluation of candidate tails
that guides switching without pre-ranking grasps, and 3)
validation in simulation with the dual-arm TIAGo++ robot
across multiple scenes and objects.

II. METHODOLOGY
A. Problem Formulation

We formulate trajectory optimization for grasping as
the problem of finding a collision-free and feasible mo-
tion toward one of several candidate grasp poses. Let
T ={T1,Ts,...,Tk} denote the set of feasible end-
effector configurations for grasping the object. To this end,
we optimize the joint-space trajectory X = [qo,q1,---,qN],
where q; € R? is the robot configuration at the waypoint
i, d is the number of joints, and NN is the number of
waypoints. Unlike standard formulations with a fixed grasp
target, our method may switch among candidates T}, during
optimization (see Sec. II-B).

The optimization problem is written as:

m)zn wveIJvel(X) + wcarthaxt(X)

(1)
+ wgoal Jgoal (X) + wstandJstandnff(x)
subject to qo = Qstart
Qmin S q; S Qmax Vi (2)

Collision(q;) <0 Vi

Cost Terms: The objective in Eq. 1 is composed of
multiple cost terms, each encouraging desirable trajectory
properties. These terms act together to ensure smooth and
task-specific motions. We detail them below.

a) Joint Velocity Cost: Penalizes joint-space motion
between consecutive waypoints:

N
Joa =Y llai —ai1]? 3)
i=1

b) Cartesian Smoothness Cost: Penalizes changes in
the end-effector pose (via forward kinematics) between con-
secutive waypoints:

N-1
Jeart = Z HFK(ql) - FK(Qi—l)HQ S
i=1

¢) Final Goal Pose Cost: Encourages the final way-
point to match the current target grasp pose:

Jeoal = |[FK(an) — Ti|?, Tr €T (5)

d) Standoff Pose Cost: To ensure a consistent approach
to the object, we introduce a standoff pose Tyndorr, defined
as having the same orientation as the selected grasp pose
but translated slightly along the approach direction. The
trajectory is encouraged to pass through this pose at a
dedicated waypoint Qgandoft (standoff-wp), where the gripper
begins to open. This avoids unstable behavior where the
optimizer may unintentionally open and close the gripper
between waypoints to bypass collisions. The corresponding
cost is

Jstandoft = HFK(QStandoff> - ’]-‘istandoffH2 (6)

Constraints: In addition to the cost terms, the optimization
problem is subject to a set of constraints that guarantee
feasibility. These constraints enforce consistency with the
robot’s physical limits, the initial state, and collision safety.
TrajOpt handles costs and constraints together through a
merit cost, which combines the objective value and the
constraint violation into a single scalar used by the sequen-
tial quadratic programming (SQP) solver. This allows soft
trade-offs when constraints are temporarily violated during
intermediate iterations, while ensuring that the final solution
satisfies feasibility.

o Start configuration: The first waypoint equals the start

state.

o Joint limits: Each joint satisfies quin < q; < Qmax for
all 7. During approach (¢ < standoff-wp), gripper joints
are held near closed; afterward they interpolate toward
the grasp configuration.

o Collision avoidance: Discrete collision constraints are
enforced at each waypoint.

B. SwitchOpt Strategy

In Sec. II-A, we formulated grasping as trajectory opti-
mization toward one of several feasible grasp targets 7 =
{T1,Ts,..., Tk}, and note that, unlike standard formu-
lations, our method may switch between candidates during



optimization. However, the challenge lies in deciding when
to remain committed to the current target and when to adapt
to a new one.

In many grasping problems, the robot has access to
multiple feasible grasp poses for the same object. Optimizing
toward only one target from the start can be risky: if that
target lies in a poor region of the search space (e.g., near a
collision, a singularity, or a bad local minimum), the trajec-
tory optimizer may converge slowly or even fail altogether.
On the other hand, allowing frequent target changes desta-
bilizes convergence, since the solver is forced to constantly
re-adapt the entire trajectory.

SwitchOpt addresses this dilemma by introducing a strat-
egy that (i) predicts the expected improvement of staying
with the current target, (ii) evaluates alternative targets
through a controlled tail reconstruction, (iii) decides adap-
tively when a switch is beneficial, and (iv) restores and
refines the best trajectory at the end of the iteration budget.
The central aim is to balance the exploitation of the current
trajectory with the exploration of alternative goals, ensuring
stable convergence without missing better opportunities.

As a first step, we quantify the progress of the current
optimization through the merit cost and predict its expected
decrease if we continue to stay with the same target.

a) Merit cost and stay prediction: Let x; denote the
current trajectory at iteration ¢. Its merit cost combines the
weighted sum of trajectory costs J(x;) and the {5 norm of
constraint violations g(x;):

my = J(x.) + llg(x)ll2 1)
From a sliding window of the past wgqpe iterations, we
estimate a log-relative slope by representing the rate of merit
decrease. If we were to stay with the current target for H
for more iterations, we predict:
ba H

Mstay =mee ®)
b) Shrinking tail and editable horizon: To evaluate
alternative targets without destabilizing the ongoing opti-
mization, SwitchOpt restricts the portion of the trajectory
that can be modified. Early iterations expose a large editable
tail that can be rebuilt if a switch occurs, while later iterations
progressively shrink the editable region to only the final
segment. This mechanism ensures that exploration is possible
at the beginning, but convergence is preserved near the end.
Let N be the number of waypoints in the trajectory and
Nj, the maximum iteration budget. At iteration ¢, the number
of tail waypoints allowed to change is:

St = max(smin, LN - m(]\] - Smin)—l) 9
where sy, is the minimum tail length (equal to the number
of waypoints from standoff to grasp). The head is fixed
for waypoints 0: (N —s; — 1), and the editable tail is
(N —s):(N-=1).

909

c) Deterministic tail reconstruction for candidates:
Given the current head of the trajectory, candidate targets
must be evaluated consistently and fairly. SwitchOpt achieves
this by deterministically reconstructing the editable tail to-
ward each candidate grasp, ensuring that all alternatives are
compared under the same initialization and constraints. For
a candidate g € 7, the trajectory x; is rebuilt into %X(9) by
(i) preserving the head up to the head-tail boundary, (ii)
interpolating from the last head waypoint to the candidate
standoff IK pose qgfildoff, and (iii) interpolating further from
standoff to the candidate grasp IK pose qéf’a)sp.

The immediate merit of the reconstructed trajectory is

x9) + || g(x9)]|2, (10)

and its predicted horizon merit is estimated using a learned
cold-start slope bolq:

M)

sw,core

(g):J

Mail

(9
tai

(1)

d) Switching decision and adaptation: Having pre-
dicted the merit of staying (My,y) and of candidate recon-
structions (Ms(é,{)core), SwitchOpt augments the evaluation with
two penalties to discourage disruptive changes:

1) a penalty on the /5 deviation between the rebuilt and
current tail, and
2) a penalty on the IK jump between current and candi-
date targets.
The penalized merit is

) beoH St
=m e ol 4 A —.
: N

Ms(\f«]) = Ms(\g,)core + Prail H)T:(;f)il) - )Zl’ltra)ﬂ!b (12)
+ pik ||qif< — ik Hz

To ensure stability, we define a hysteresis threshold
Mipresh = max (Taps, TretMay), and select the best alterna-

P

*

tive g arg mingcyr Ms(\ff). A switch is triggered if
]\//75(5 R + Mipresh < My, or with a small probability €expiores
we relax this condition and still accept g* as the new target.
Figure 2 illustrates the evolution of the merit cost and the
resulting switching decisions during optimization.

When a switch occurs, SwitchOpt updates the goal and
standoff constraints to g*, reinitializes the SQP solver at
%) and enforces a cooldown period of max (H, Wope )
iterations before re-evaluating switches. The cold-start slope
beoid 1s then re-estimated from post-switch progress to main-
tain consistent prediction accuracy.

e) Final refinement: When the iteration budget Ny is
reached, SwitchOpt restores the trajectory snapshot associ-
ated with the best target encountered during the optimization.
A short refinement phase is then executed on this trajectory,
with early stopping triggered by stagnation of the merit
decrease. This guarantees that the final solution is locally
optimized around the most promising candidate observed
within the budget.

SwitchOpt integrates adaptive target switching with a
shrinking tail mechanism to balance exploitation and explo-
ration during trajectory optimization. The overall procedure
is summarized in Algorithm 1.



Algorithm 1 SwitchOpt algorithm

1: Initialize trajectory x < initial seed to first target
2: Compute initial merit mo and cold-start slope bcow
3: cooldown <+ 0

4: for t =1 to Nj; do

5 Perform one SQP step on x toward current target
6: Update merit history and slope brel

7: if cooldown > O then

8: cooldown < cooldown —1

9: continue

10: H < horizon from s

11: st 4— shrinking tail length (Eq. 9)

12: Predict stay merit: My < myeebrat (Eq. 8)

13: for all candidates g # current do

14: Build X9 __

15: Compute Ms(\;q) (Eq. 12)

16: g* arg ming ]\//L(Vf)

17: if MY + Muvess < Mgy 0r rand() < expiore then
18: Switch target < g*

19: x + x97)
20: Set cooldown, learn new beolq

21: Restore best trajectory and run final refinement

III. EXPERIMENTS AND RESULTS

A. Experimental Setup

All experiments were conducted in simulation using the
dual-arm TIAGo++ robot! equipped with parallel grippers.
The experiments were implemented in the Tesseract mo-
tion planning framework?, which integrates TrajOpt as a
trajectory optimizer. Unlike the standard black-box usage of
TrajOpt, our method leverages a step-by-step optimization
interface, allowing goal adaptation and partial trajectory
reconstruction during the optimization process. This fine-
grained control is essential for the adaptive target switching
strategy proposed in this work. All experiments were run
on a laptop with a 12th-Gen Intel® Core™ i7-12700H
CPU; TrajOpt is CPU-bound and does not rely on GPU
acceleration.

We evaluate our method in simulation across five table-
top scenes derived from the SceneReplica benchmark [18].
Each scene contains a subset of YCB objects [19] ar-
ranged according to the benchmark layouts. For each object,
grasp candidates were obtained from the MultiGripperGrasp
dataset [20], using the subset generated for the Fetch parallel
gripper. These grasps were adapted to the TIAGo gripper
frame and downsampled to 300 grasp candidates per object
to control computational cost. These grasp candidates are
not guaranteed to be kinematically reachable. IK feasibility
is checked on demand: when a target is first considered
during a trial, its IK solution is computed and cached for
the remainder of that trial. This cache is local to each trial
and is not shared across methods or across trials. In each
trial, the robot is assigned a single target object from the
scene and is tasked with planning a grasp using only the
grasps available in this precomputed set.

https://pal-robotics.com/robot/tiago/
’https://github.com/tesseract-robotics/tesseract
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An open-source implementation of SwitchOpt, including
all experiment scripts and configuration files, is available at
https://github.com/elisabeth-ms/switchOpt.
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Fig. 2. Merit evolution during SwitchOpt optimization for SceneReplica

scene 10 (power drill). The shaded band shows the distribution of instan-
taneous merit across 50 trials, and two example trials are overlaid. Vertical
dashed lines indicate decision-driven switches, while dotted lines correspond
to exploration-driven switches.

B. Experimental Protocol

For each scene, each object, and each method, we ran 50
independent trials with different random seeds to account for
stochastic effects in initialization and IK solution selection.
The robot’s starting configuration was fixed across all runs
to ensure comparability. To guarantee fair comparison, all
methods used the exact same candidate grasp set 7, cost
terms, constraints, collision settings, and joint limits. Addi-
tionally, for every trial, the initial grasp target was identical
across all methods.

SwitchOpt experiments used the following parameter val-
ues: Ay =0.05, Wyope=12, Eexplore=0.1, Niy=200, Tops=10"3,
Ta=8x1073, H € [6,30], pai=10"3, pi=10"2. These
parameters control switching detection, exploration proba-
bility, and the regularization terms for tail interpolation and
IK feasibility.

C. Comparison Methods

We compare SwitchOpt against two standard TrajOpt
baselines and two ablations of our method. All methods use
the same costs, constraints, and solver settings; differences
lie only in how grasp targets are handled.

« Single-Goal TrajOpt: A single grasp target is sampled

at the start of the trial. A standard TrajOpt optimization
is run until stagnation, with no target changes or reini-
tializations. This corresponds to the classical fixed-goal
TrajOpt setting.
Multi-Goal TrajOpt (Random Sequential): At stag-
nation, the optimizer discards the current trajectory
and reinitializes TrajOpt from scratch toward a new
randomly chosen grasp. This continues until all grasp
targets have been attempted. No information or partial
solutions are reused across targets.



(a)

Fig. 3.

(b)

lustration of adaptive goal switching in trajectory optimization. (a) Planning stage: the robot switches from an initial (pink) trajectory to an

adapted (green) trajectory, with the complete grasp set shown in orange. (b) Executing the initial (pink) plan leads to collision with the environment. (c)
Executing the adapted (green) plan successfully reaches a feasible grasp without collision.

o SwitchOpt without Exploration: Identical to
SwitchOpt (Sec. II-B) but with the exploration
probability eypiore S€t to zero. A switch is performed
only when the predicted merit strictly outperforms
staying. This ablation isolates the contribution of
stochastic exploration.

SwitchOpt with Full-Seed Reconstruction: Instead
of reusing the optimized trajectory head, each switch
rebuilds a full trajectory toward every candidate using
only start—to—standoff and standoff-to—grasp interpo-
lation. This removes the head—tail reuse mechanism
and tests the importance of trajectory continuity during
switching.

D. Evaluation Metrics

We evaluate all comparison methods using the following
metrics:

o Best merit (]): The lowest merit value obtained during
optimization. The merit combines the weighted trajec-
tory costs and the {5 norm of constraint violations.
Time to best (]): Wall-clock time required to reach the
best merit value.

Time to finish (]): Total wall-clock time taken by the
method to complete its run under its own stopping rules.
Success rate (1): Percentage of trials whose final so-
lution achieves a merit below a fixed threshold (m <
0.03) and is collision-free.

E. Results

Table I summarizes performance across all scenes, objects,
and methods. Figure 3 provides a qualitative example in
which SwitchOpt switches from a colliding trajectory to
an adapted, collision-free grasp plan. The comparison is
designed to assess four aspects of SwitchOpt: (i) whether
adaptive switching improves over fixed-target optimization,
(ii) the importance of the exploration mechanism for escap-
ing stagnation, (iii) whether structured tail reuse is necessary
for efficient switching, and (iv) how far the method is from
an exhaustive multi-goal TrajOpt.
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Single-Goal TrajOpt exhibits extremely high merit vari-
ance (std. 1.53) and low success, confirming that committing
to an arbitrary grasp frequently leads to poor local minima.
Although this baseline is naturally fast because it optimizes
only one target, its reliability is too low for practical use.

The first ablation evaluates the role of exploration. With-
out exploration, switching occurs only when the predicted
merit clearly improves, causing the optimizer to remain on
suboptimal targets in borderline cases. This leads to reduced
robustness (success drops to 65%), whereas full SwitchOpt
benefits from occasional exploratory switches to escape flat
regions.

The second ablation isolates the effect of structured tail
reuse. When the trajectory head is discarded and a full
seed is rebuilt at each switch, the method still benefits from
adaptive target changes and achieves better reliability than
the no-exploration variant (success 72.2% vs. 64.7%), but
its best-merit values remain higher and its outcomes more
dispersed than full SwitchOpt. The lack of continuity across
switches forces the solver to repeatedly recover feasibility
from scratch, which makes progress less stable and degrades
overall optimization efficiency. In contrast, reusing the re-
fined trajectory head in full SwitchOpt leads to lower costs
and more consistent performance for a comparable runtime,
highlighting trajectory continuity as a key factor in making
target switching effective rather than wasteful.

The multi-goal baseline represents the upper bound of
exhaustive switching. It achieves the lowest merits (0.0015+
0.0003) and perfect success (100%) by reoptimizing a full
trajectory for every grasp target. However, this comes at the
cost of extremely high runtimes (time to best 33.9s, finish
70.4s), since TrajOpt is restarted after each target change.
As a result, the method is computationally impractical for
large grasp sets and serves mainly as a best-case reference
rather than a realistic planning strategy.

Overall, the comparisons show that neither fixed-target nor
exhaustive multi-goal optimization offers a practical solution.
The ablations confirm that exploration and tail reuse are both
important for stable progress, and full SwitchOpt provides
the best balance of cost, reliability, and runtime. These results



TABLE I
COMPARISON OF ALL BASELINE METHODS, ABLATIONS, AND SWITCHOPT EVALUATED ACROSS ALL TESTED SCENES AND OBJECTS. REPORTED
VALUES ARE MEAN =+ STD OVER ALL TRIALS.

Method Best merit | Time to best [ms] | Time to finish [ms] |  Success rate 1
Single-Goal TrajOpt 0.3664 £+ 1.5327 982.1 +533.6 1198.5 + 543.9 46.1%
Multi-Goal TrajOpt 0.0015 +0.0003  33941.0 £ 21170.3 70373.3 + 5678.3 100.0%
SwitchOpt without Exploration 0.1230 £+ 0.4180 2155.4 £ 1762.6 9599.0 £ 2618.4 64.7%
SwitchOpt with Full-Seed Reconstruction — 0.0795 £ 0.2347 3759.5 £ 2871.5 9313.7 £ 2448.0 72.2%
SwitchOpt (ours) 0.0505 4+ 0.1581 3365.2 +2292.4 9468.6 £ 2525.5 80.0%

indicate that structured, in-place switching is an effective
strategy for multi-target grasp optimization.

IV. CONCLUSIONS

We presented SwitchOpt, an adaptive target switching
strategy for grasp planning that integrates dynamic goal
adaptation into a step-by-step TrajOpt optimization process.
By monitoring optimization costs in real time, SwitchOpt
predicts when alternative grasp targets are likely to yield bet-
ter results and switches accordingly. This targeted switching
allows partial reuse of previously optimized trajectory seg-
ments, preserving optimization progress while avoiding the
full trajectory restarts required by naive multi-goal strategies.

Experimental results on the SceneReplica benchmark with
the TIAGo++ robot in simulation show that SwitchOpt
achieves lower costs, faster convergence, and higher-quality
solutions overall. The method effectively balances explo-
ration and exploitation by selectively switching to promising
targets while refining already feasible solutions.

Several extensions could further enhance SwitchOpt.
Learned motion primitives (e.g., DMPs) could replace direct
trajectory interpolation to generate smoother motion during
switches. The fixed grasp set could be adapted during the
optimization process, adding or refining candidates as the
optimization evolves. Incorporating grasp quality metrics
into the switching criterion could improve overall perfor-
mance, complementing the current feasibility-based filtering.
SwitchOpt could be extended to dual-arm systems by running
optimization threads in parallel and retaining the best arm-
object solution. Finally, real-robot experiments on structured
datasets are needed to validate the method’s robustness
beyond simulation.
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