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Abstract— Human-robot interaction plays a critical role
in scientific experiments by ensuring efficient and reliable
execution of experimental tasks. To achieve successful task
completion, robots must adapt in real time to unexpected
task variations, external disturbances, and safety constraints.
In this work, we propose a reactive task and motion plan-
ning framework designed to address these challenges. By
formulating interaction tasks using Linear Temporal Logic
(LTL), our approach introduces Planning Decision Tree and
Augmented Planning Decision Tree approach to dynamically
adjust task sequences in response to environmental changes.
At the execution layer, we employ a Model Predictive Path
Integral controller, which ensures both efficient and safe con-
trol. Additionally, the planning interface effectively coordinates
the planning and execution layers, ensuring strict adherence
to experimental task specifications. The effectiveness of the
proposed reactive planning framework is demonstrated through
physical experiments using a 7-DoFs robot. Project website:
https://sites.google.com/view/rtlp-iros/

I. INTRODUCTION

In scientific experiments [1], [2], the integration of robotic
systems as carriers, combined with human-robot interaction,
has emerged as a novel research paradigm. A critical chal-
lenge in this domain is ensuring experimental safety and
adherence to procedural standards while enabling robots
to effectively manage the dynamic uncertainties inherent
in human-robot interactions. Specifically, robots must accu-
rately adjust task planning and control strategies to maintain
flexibility in response to environmental variations. In human-
robot interaction scenarios, robots must strictly adhere to
temporal logic constraints to successfully execute designated
experimental tasks. Any deviation from these constraints
during task execution can lead to significant operational
failures and severe consequences. Additionally, human op-
erators may dynamically introduce temporary tasks based
on experimental progress, requiring the robot to resolve
potential conflicts between global and local temporary task
objectives while ensuring adherence to safety constraints.

To deal with task changes, in [2], a time-varying cost
function was designed to adjust task priorities in response
to changes. However, this approach is suboptimal when
handling randomly triggered tasks, as it necessitates man-
ually predefined and complex state transition relationships.
Furthermore, due to the rapid expansion of the symbol
space, PDDL solvers cannot guarantee the system’s real-
time responsiveness. Alternative approaches, such as those
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in [3]-[5], leverage behavior trees, observation updates, and
free-energy minimization to adapt to unforeseen local actions
and resolve task conflicts. However, these methods depend
on precise estimations of the robot’s belief state, which is
often impractical in real-world applications.

The rich expressiveness of Linear Temporal Logic (LTL)
makes it a widely utilized framework for specifying com-
plex robotic tasks [6]-[11]. LTL-based reactive planning
algorithms dynamically adapt task execution in response to
environmental and task variations, ensuring robust system
performance across diverse conditions [12]-[22]. When re-
sponding to transient dynamic events [12], [15], the robot
must accurately assess the current task progress to ensure
continuous task advancement [18], [19], [23]. Sampling-
based methods require searching for solutions over the
product of Biichi automata and the transition system [7],
which imposes significant computational overhead. Prior
works [12], [13] have demonstrated the capability to manage
localized single tasks in dynamic environments; however,
they struggle with scenarios where local tasks are interdepen-
dent with global task objectives. A reconfigurable planning
approach based on behavior trees [15] enables robots to
adapt and plan with minimal replanning steps by leveraging
past experiences. However, this method relies on the cross-
product of states and automata, which significantly constrains
search efficiency when handling complex local task specifi-
cations. Reactive synthesis and probabilistic synthesis allow
robots to adjust their actions flexibly to satisfy given task
specifications, optimizing both planning efficiency and strat-
egy effectiveness [20]-[22]. However, these approaches are
generally limited to finite time horizons, whereas real-world
robotic applications often involve tasks with infinite time
horizons. In human-robot interaction scenarios, where robots
encounter dynamic disturbances, sampling-based model pre-
dictive control approaches, such as Model Predictive Path
Integral (MPPI) control [24], effectively handle nonlinear-
ities and nonconvexities by sampling control inputs and
simulating system dynamics to approximate optimal control
strategies [25], [26] that ensure both interaction safety.

Motivated by the discussion above, this work aims to de-
velop a reactive task and motion planning framework for ex-
perimental scenario that can enable plan adjustments, ensure
human operator safety and accommodate unexpected task
variations in real time. The contributions are summarized
as follows. First, a temporal logic-based planning approach,
incorporating a planning decision tree and an augmented
planning decision tree search method, is developed to dynam-
ically adjust task sequences in response to changes in local
temporary tasks and task-related objects during human-robot
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interaction. This approach is particularly effective in handling
scenarios where global and local tasks are interdependent.
Second, a hierarchical framework is proposed to coordinate
the task planning and execution layers, ensuring both the
safety of human-robot interaction and strict adherence to
task specifications. Third, the effectiveness of the proposed
method is validated through physical experiments.

II. PRELIMINARIES

LTL is a formal language capable of expressing rich task
specifications. Given the atomic propositions AP, the syntax
of the LTL formula is defined as

¢:=true | ap| ¢1 N2 | o1 | X | o1l ho,

where frue is the Boolean value, ap € AP is an atomic
proposition, ¢ is an LTL formula, — (negation) and A
(conjunction) are standard Boolean operators, and X (next)
and U (until) are temporal operators. Any LTL formula can
be converted to a Nondeterministic Biichi Automata (NBA).

Definition 1. An NBA is a tuple B = (S, S0, 2, =5, SF),
where S is a finite set of states, Sy C S is the initial states,
¥ = 247 is the finite alphabet, —3C S x 2¥ x S is the
state transition, and Sy C S is the set of accepting states.

The word @ = mgmy ... is an infinite sequence where
m; € 247 Vi € Zs, with 247 representing the power set
of AP. Let A : S x S — 2% denote the set of atomic
propositions that enables state transitions in NBA, i.e., V7 €
A(s,s"),s = p s'. Then, the NBA can also be defined as
B =(5,50,%,A,Sr). Arun s = 598183 ... of B generated
by the word 7 is called valid, if s;_1 Ty s, Vi€ N>,
and s intersects with Sp infinitely many times. Co-safe LTL
is a special case of LTL, where its satisfaction is defined
by a finite sequence of word. More details on LTL syntax,
semantics, and model checking can be found in [27]. In
this work, we consider a global LTL task ®4 and a tem-
porary local task @, whose corresponding NBA is Bg =
(Sa,Sqo,Xa,Ag, Fg) and B, = (Sr,Sro, Y1, AL, FL),
respectively. Since Co-safe LTL is suitable to describe finite
length robotic tasks, the local temporary tasks ®; are spec-
ified by co-safe LTL formulas. Let Z>¢, N, R*, and [N]
denote the set of non-negative integers, the set of natural
numbers, the set of positive real numbers, and the shorthand
notation for {1,..., N}, respectively. Given a set A, denote
by |A| the cardinality of A.

III. PROBLEM FORMULATION

The state space of the robot, denoted as P C R, repre-
sents the pose state of the robot’s end-effector. Specifically,
a state p € P is defined as p = (2,9, 2, qu, @z Gy» =] |
where x,y, z are the Cartesian coordinates of the position,
and ¢, qs, Gy, q. are the components of the unit quaternion
representing the orientation. Consider a n DoFs robot manip-
ulator with K rigid links operating in a bounded workspace
M C R? containing {m;},_, . regions of interest (e.g.,
cuboid regions) associated with the robot state space P.
We denote by L, : P — M a label function, which

establishes a one-to-one correspondence between an robot’s
state p; € P and a region of interest m;. Let O be the
set of observed objects, where o, € O represents the ith
object. Let L,,, : M x O — {0,1} be a Boolean indicator
function that indicates whether an object o; is in a region
m,;. The robot configuration is defined as z € R™. Each link
has a rigidly attached coordinate system {Si}& |, with Sy
as the base frame. The homogeneous transformation matrix
T, € SE(3), mapping the base frame Sy to the frame Sy of
the k-th link, is computed using Denavit-Hartenberg (DH)
parameters and joint configuration x as part of the forward
kinematics : T = FKj(x). To facilitate robot tasks and
motion planning, the following transition system is defined.

Definition 2. The transition system (TS) is a tuple 7 =
(P,po,—7,AP,L,Ly,Crs), where P is a set of pose
states; po € P is the initial state; —7C P x P indicates
the state transition such that (p,p’) €— if the transition is
feasible; AP is the set of atomic propositions (i.e. reaching
a specified location or completing a desired task); L
P — AP is a labeling function that indicates the atomic
proposition ap € AP at the state p, Ly : AP — M
indicates the interested region associated with the atomic
proposition; and Cys (=»7) — RT is the cost of
transition, (i.e. the Cartesian distance between states p and
p). Assuming that the path between p and p’ consists of
discrete points 7; € R3,i = 1,...,n, corresponding to the
robot’s Cartesian positions, the transition cost is defined as
Crs(p.p') = st ke — wll - ¥(.0) =7

The plan of global task IT is defined as IT = (sg, p, 7),
where sg = s§s7sS ... is the sequence of states of Bg,
p represents the sequence of states, and 7r is the word
defined before. By [27], the plan II can be written in the
form of prefix-suffix structure II = Il [IIsuf]", where
I, is the prefix part starting from an initial state and
ending at an accepting state and ILy,; is the suffix part

with the same starting and ending NBA state. There exists

7 € Ag(s8 1, s5), Vi € [|TT]], and s‘% = 5‘%” | € Fa.
The cost of plan p is defined as J(p) = Zmp—p’”,

Y(p,p') €—7. Consequently, the cost of a prefix-suffix plan
I can be defined as J(p) = wJ(p™) + (1 — w)J(p™)
[7], where w is the tuning weight. Given a local task &,
the local plan is defined as I, = (sg,SL,p, ™), where
sp = sbslsk ... is the sequence of states of Br. When a
temporary task @, is activated, II should satisfy ®; while
respecting ®¢. A temporal plan satisfies both &5 and @,
if, Vi € [n], m € Ap(sk,,sF), m € Ag(s$,,s¢) and
sk € Fr, which is denoted as I, = (®g, 1)

Assumption 1. There exists a plan II satisfying task ®4 and

®; during human-robot interactions.

Problem 1. Given global task ®¢ and local temporary task
®;, the goal is to design a real-time reactive framework
that can determine and execute an infinite sequence « that
minimizes J(p) while ensuring: (1) the completion of ®¢;
(2) the completion of local temporary task ®; while not
violating ®¢; (3) avoiding collision and adjusting plan II
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during human-robot interaction .

IV. REACTIVE PLANNING FOR SAFE HUMAN-ROBOT
INTERACTION

This section introduces a real-time reactive planning
framework designed to accommodate environmental and
task variations in human-robot interactions while ensuring
an optimal and safe path p. As illustrated in Fig. 1, the
task planner manages both the global task ®; and the
local task ®;, transforming them into their corresponding
NBA representations Bg and Bpr. An initial offline and
optimal task plan II is then generated using a planning
decision tree search. To handle temporary tasks and dynamic
environmental changes, we further develop an augmented
planning decision tree along with motion generator to enable
rapid real-time adaptation of p while ensuring collision-free
motion. The planning interface coordinates the planning and
execution layer, ensuring adherence to task constraints.

Task Planner

SN Plan Decision Tree ! i LTL Specification @, !

Augmented PDT E Transition System

plfituliudpinfutols Satafuleih o TTITIITIITITTIIICL

Plan Interface

{ Temporary tasks @, ‘: ,’I

Plan Sequence [] \: (”
| |

i
' Biichi Automaton

1 . Human-Robot ;
| Collaborative i

'
Human Hand :
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Motion Generator w Low-level motions
TSRS TS T T T TLIIITITITIITIY
[ Scene DynamicKey | l/ MPPIIeration [ o Level y
: i Point Cloud E I /\ CComroler )
s poin Cloud | | @ i ﬁj
{ ‘Workspace T [ ;;nccn:s" x = :

Semantics /' |

Fig. 1: The framework of real-time reactive planning.

A. Task Planner

To obtain an optimal task plan II that satisfies ®¢ in real
time, inspired by previous work [11], we construct a planning
decision tree to represent the task progress and expand nodes
that align with automaton transitions. This approach restricts
the search to relevant automaton states and sub-tasks, thereby
avoiding constructing and traversing the product automaton.

Definition 3. The planning decision tree 7p is constructed
based on a set of nodes {df'}, i € Zx¢, where df represents
the root, and each node in 7p is defined as a tuple

d} = (s, pi, ap;, Ori(d]), Tra(d]"), C(d]"), Flag(d}"))

where s; € S denotes the automaton state, p; € P denotes
the robot pose state, ap; € AP denotes the atomic propo-
sition, Ori(dY’) denotes the parent node of df, Tra(d?) €

{0,1} indicates whether d¥ can generate its ch11d nodes and
Tra(d!’) = 0 by default, C(d?) represents the total Cartesian
distance. Spemﬁcally, for a node sequence dl dl ...dl,
where ig = 0, i,, = 4, the cost is defined as C(dp ) =
Ejle’Tg (pzj7 Pi;_,)- It is simulated and computed through

sampling method based on GPU acceleration [28]. For the
initial static environment, C7s(pi;,p;;_,) Will be saved
through cache to avoid repeated calculation overhead.

Algorithm 1 Planning Decision Tree

Input: Global Task &g, Workspace M, Initial Node do
Output: IT,.., Ty,

1: Convert ®¢ to NBA Bg;

2: Initialize the tree Tp = {d§ }

3: while True do

4:  if Tra(d”) =1, Vdf € Tp then

5: break

6:  # Generate Children Node By Tree Expansion

7. for df € Tp s.t. Tra(dl) = 0 do

8 for s € S\ PreS(d?) do

9: for p s.t. L( ) € A(S4,8) A Lino(Lpm (p), 0s) do
10: Add d%; to {d};} and Update PreS(d’;)
11:  # Avoid Unnecessary Expansion By Tree Pruning
12:  for dE, in {dd“} do

13: if Prog(dsub) = oth then Tra(d%,) =1

14: for d’ in Tp do

15: if s; = sqb and Prog(df) = Prog(d’,) then
16: if C(dP) < C(dsub) then

17: Tra(dsub)

18: Delete d&, and all its leaf nodes in Tp

19:  Add &5* to Tp

20 Set Tra(df) =1

21: My, Mgy = Get_Plan(7p)
22: Return 11, T,

Let Prog(dl’) € {pre,oth} U Sk indicate the associated
task stage, where pre and oth represent the prefix stage and
the completion of first suffix stage, respectively, and s € Sg
indicates that the plan is in the suffix stage with starting state
s. The task stage Prog(d!’) evolves according to

Prog(dl), if s ¢ Sk,
Flag(Prog(d¥),s) = { s, if s € Sp,
oth, if Prog(d?) = s.

Let dl, . represent the child node generated by parent node
dffar and PreS(df, ;) records the automaton states of nodes
that share the same mission stage within the dfw. The
PreS(df},;) is updated based on Prog(d),,). If Prog(dl;;)
changes, we reset PreS(d%;.) = 0. Otherwise, PreS(d”, ;) =

PreS(dZ’:ar) U {scni}, which avoids the same NBA states

appearing in one task stage.

Task Stage Node Generation
) (a2 //NTI\ S 5
O— @@ —E) @ @l
Y Ve /P \A A
Prefix Stage IM "/,
f\\ ~, Tree Expansion—p \ ﬂ
(wd:)) (Nd,)  Tree Pruning S
L ~ [ Na T | [k )
™~ .S | Nd;.x | Ndy.m ask prope:
@5‘4—\@) 7 |7 ,.x | Nd;. b property]
) W, Tra(Nd;) = 1_| Prog(Ndy) = s | (Flag property
Ori(Nd;) = Ndg [Tree property

v
Suffix Stage

Fig. 2: The task stages of ¢ and the construction of planning

decision tree by Tree Expansion and Tree Pruning.

The planning process is outlined in Alg. 1. As shown in
Fig. 2, the tree Tp represents the task stages and system states
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and generates children nodes incrementally from the initial
node df including the initial state so, the initial position
po, the initial proposition apy with Prog(df) = pre and
PreS(df) = {so}. If df,, has the same s and Prog with
a node df in Tp and C (df') < C (df,), the df}, will
no longer be traversed, and the paths from the d¥ to its
leaf nodes will all be pruned out from 7p. Finally, the
function Get_Plan(7p) performs backtracking to the root
node to obtain the plan sequence II = ®¢. In offline
planning, Ly, (Lpm (p), 0;) is set according to the initial state
of objects o; in the workspace M.

B. Reactive Task Plan

During task execution, the robot must satisfy the global
task specification @ while also addressing local temporary
tasks @ . This planning process must coordinate the two task
requirements and ensure that no task constraints are violated
in real-time. We extend the original planning decision tree
Tp and consider the state transitions of the automata corre-
sponding to the two tasks at the same time. We construct
an augmented planning decision tree 7; comprising a set of
nodes {d/}, i € Z>o with dJ being the root Each node
d{ is characterized by a tuple d/ = (p;, ap;, s¥, s? 7C(d‘]))
where ap; € AP and p; € P are the same to Tp, s¢ € S¢
denotes the global task state, siL € Sy, indicates the local
task state. Similar to C(d!’), C(d/) is the cost defined on a

node sequence. For the node sequence d;fo d;’l e d;{ _» where
ip. = 0 and i, = 4, the cost is defined as C(d}) =

S0 Crs(pi;,pi;_)- A transition (df,d]) € E is consid-
ered feasible if it satisfies both the local task ®; and the
global task ®¢. This is achieved when ap; € A (sF, ]L) or
ap; ¢ APy, and ap; € Ag(s¢, s§) or ap; ¢ APg.

Algorithm 2 Augmented Planning Decision Tree

Input: Global Task ®¢, Local Task &, AP
OUtPUt: Htemy Hp7'57 Hsuf

1: Convert &, ¢ to NBA B, Bg;

2: Initialize the tree 77 = {dj}

3: for i =1 to stepmas do

4 d] =Sample({d’}), sf = sF, s¢ =s§
5: ap; = Sample AP2
6: if ap; GAL(SJ,SZ)
7.
8

then s- = Sample(S});

if ap; € Ac(sS,sy) then s{’ = Sample(Sy);

i if Lio(Lpm (pz) ) then
9: Add (dj,d]) into Edge E;
10: (dJ) C(dJ) + CTS(di] pudj Pj)s
1. # Prunlng to avoid invalid states search
122 for (d],d]) in E and (d],d]) is feasible do
13 ifd! =d! and C(d) < C(d) then
14: Delete d from {d”}
15: for dj] in {d‘]}
16: if C(d") c( 1) > Crs(df pl,dk pk) then
17: Delete (d, dJ) from E, Add (dk, Nt E
18: C(di) = C(di)) + Crs(d.pi, dj. pk)

19: Get dl,, s.t. sk, € Fr, and s&,, is reachable to Fe;

20: Obtain em from df to d,;, according to F;

21: Initial root node N = {dJ } = (apmin,5Sin):

22: [pre, Isue] = Planning Decision Tree(® g, {d;hin }); >
Algorithm 1

23: return  Ilem, Ipre, Tgur;

The augmented planning decision tree search based on
Ts is outlined in Alg. 2, which achieves efficient local task
planning by sampling atomic propositions AP and iterating
through the states of automata Bg and Bjp. This approach
prunes nodes during the tree expansion process, avoiding
the expansion of invalid states. After constructing the tree
T, the node d’, with the minimum C(d;, ) and also
satisfy minimizes J(p) is selected among those completing
the local task ®;, and global task ® . For the corresponding
state s& ., there exists a finite sequence of transitions IT and
states s = s&. ..., 5%, where i is the 1ndex of the states ,
such that ; € A(s;_1,s;) for all 4, and s§ € Fy, ensuring

consistency between local and global task completlon.

C. Motion Generator

To enable reactive motion planning during human-robot
interaction, accurately estimating the distance between robot,
workspace and human operator is crucial. Specifically, the
robot’s workspace is represented as a dense set of points
{om € R3},,_1 0. Given a set of robot configurations
{z;} € X, following the works of [25], a batch of N control
points {k;(z) € R3},_; _n can be obtained for each
configuration x by forward kinematics. The Configuration
Signed Distance Function (CSDF) [29] is then employed,

e >om) Y

where r represents a safety threshold. Positive CSDF indi-
cates that the robot is safe and away from obstacles.

Model Predictive Path Integral (MPPI) is based on a
discrete-time, continuous-state system: ;41 = x¢ + e; with
er ~ N(di,X), where N(d;,X) denotes a multivariate
Gaussian distribution with mean d; representing the nominal
displacement from x; at time ¢ and covariance matrix .
We begin the MPPI loop by assuming a straight-line path
between the initial and target configurations. The path is
discretized into intermediate waypoints, and the correspond-
ing nominal displacements are calculated to serve as the
initial conditions for MPPI updates. At each MPPI iteration
Z candidate sequences of displacements E;, = {e; h}h P
t = 1,...,Z, are sampled from N(d;,Y) based on a
series of nominal configurations trajectory xg,...,xy, and
corresponding nominal displacements dg,...,dg_1 over a
control horizon H. The sampling and evaluation processes
are using GPU. The rollout cost C(FE;) is the weighted sum
of Clermina and Cryp. Specifically, the terminal cost

- l'goal || (2)

quantifies the distance between the actual configuration at
the end of the rollout and the goal configuration, where
Werminal 1 the tuning weight. For the running cost Cyy,, we
consider weighted contributions from the total path length,
collisions with the external environment, self-collisions, and
the avoidance of stagnation. The running cost is defined as

Crun (Ez) _ Clength (Ez) + Cco]l (Ez) + Oself—coll (Ez) + sty (Ez)

3)

CSDF(z) := min ( min
j=1,c0, N \m=1,.

Cterminal(Ei) ‘= Wterminal ||xz,H
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H—-1
CN () = wiengan . IIFK i (@16 + €4.6) — Fie (),

t=0
“4)
H-1
CN(E;) := wean Z Ceoll (Tt €i,t ) (5)
=0
H-1
CHIF OB} = wielgcon Z Cselcoll (Tit 5 €3t (6)
t=0
Cterminal Ei
CStay(Ei) ‘= Wygay ( ) 7

max (€, ||z;,1 — 2iml2)’

where Wiength, Weoll, Wself-coll, Wstay are the tuning weights.
C'engh(F) is to penalize long movement distance of the end
effector in Cartesian space. In (5), ccon is designed as

1 if CSDF(z;,) < 6,

8
if CSDF(z; ;) > 6, ©

Ceoll (Tit, €5,¢) 1= { s

CSDF(z;,¢)
where the cost is set to 1 if the CSDF is below the threshold
6 and decreases as CSDF rises. In (6), Ceelfcon 1S estimated
through neural network as in [26]. In (7), C*® penalizes
static trajectories, encouraging exploration, reducing being
stuck far from the goal. When trajectory converges to Zgoal,
this cost becomes zero. The cost of trajectory F; is defined
as S(E;) = C(E;) + /\Zigl d ¥~ e; ;. The exponential

averaging Q(F;) is defined as

Q(E,) = exp (_i (S(Ei)— min S(Ei))), ©)

i=1,...,2
where A is the temperature parameter influencing its ex-
ploration performance. The nominal displacements are then
updated based on the exponential averaging of the rollout
costs and a weighted sum of Q(F;). Specifically, at the ith
iteration, the nominal distance d; is updated according to

S Q(E)

where ag € (0,1) is a tunable weight influencing the
smoothness of the control input generation.

Given a set of discrete configurations trajectory x from
the current configuration = t0 Zg4oqi, Ts+ is identified as
the farthest configuration from « that is still within a safe
distance. Specifically, zs+ is selected as

di = (1 —ag)di—1 + aqg , (10)

Tgr 1= arg max{”x — x| | [|k(z;) — k(z)|| < CSDF(x)}.
1 (11)

Once the goal configuration x4« is determined, a potential
field for trajectory following is constructed following [25] as

lz — s ]|* + €

CSDF(z) +¢ ’ (12)

p(r) =
where € denotes a small constant that ensures numerical
stability. Finally, the control input is designed along the
gradient of the potential field as

u(zx) := —kVp(z), (13)

where k is a positive weight. By employing rolling op-
timization to determine the control input u and applying
it to the robot, safe motion can be achieved. In human-
robot interaction, the influence of the human is modeled
as a dynamic point cloud which generated by dynamically
tracking the human hand’s mask [30] and integrated into the
workspace point cloud to generate control sequence, ensuring
safety during the human-robot interaction process.

The planning interface restricts the planning domain
according to the high-level task sequence, ensuring task
constraints are satisfied. In the process of motion genera-
tion, atomic proposition ap corresponding Cartesian regions
Lys(ap) that are restricted during the task transition must
be treated as static obstacles and incorporated into the low-
level controller. To this end, the hindrance in II are defined as
HIN = hinghin, ..., where hin; € 24F for i = 0,1,...,
indicating the banned actions and associated areas during the
transition from II; to II; ;. Specifically, the hindrance set
HIN is constructed by identifying constraints during state
transitions in the plan II. For each state II; = (s;, 24, 7;),
the prohibited action ap € AP during the transition from
s;—1 to s; will be checked by Alg. 3. If m; A ap is not
in the transition set A(s;—_1,s;), such actions are added
to hin; to ensure no prohibited actions occur. During the
execution of II; — II; 4, the transitions from p; to p;41 with
Ly (hin;) as a static obstacle in MPPI planning ensures that
the task constraints are met. When human-robot interaction
exceeds the threshold time or causes changes in L,,,(m;, 0;)
, new control sequence u will be generated by combining
algorithms 1, 2, and 3 to satisfy the minimization of J(p).

Algorithm 3 Low-level Motion planning

Input: Plan II, Biichi Automata B

Output: Hindrance Set HIN, Set of Control Inputs u
1: Initialize HIN < (;

2: for each state II; = (s;,pi, m;) do

3: if ap is prohibited in transition s;—; — s; then

4: if m; A ap ¢ A(Sifl, 87,') then

5: Add ap to hindrance hin,;

6: Compile hin; into HIN;

7: for each plan II; — II;,+; do

8: if L(p;) in HIN then

9: Add Ly (hin;) and Remove Ly (ap;)

10: else

11: Add L (hin;) as static obstacle;

12: Get minimum norm solution z;4+1 from (z;, p;);
13:  Generate the control input w by motion generator

14: return HIN, u;

V. EXPERIMENT

Consider a human-robot interaction scenario in chemical
experimentation. The robot is responsible for sequentially
performing tasks such as sampling, dispensing, and stirring
within designated areas according to the experimental proto-
col. Additionally, the robot must handle unexpected sampling
tasks while ensuring that these actions do not conflict with
the overall experimental protocol. Compared with the related
methods in Table I, our method can handle local tasks
with complex and long-sequence task specifications. When
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Online Coordination

Product Automaton Inheritance Task

Method Dynamic Scenario Freel Progress?
Local Long Task  Local Single Task  Coupled Local Task 8
Vasile [12] v X v X X v
Kantaros [13] v X v X v v
Finkbeiner [14] X v v X X v
Li [15] X X v X X v
Sahin [16] X X X X v X
Kurtz [17] X X X X v X
Ours v v v v v v

TABLE I: Comparison with Related Literature.

! Product Automaton Free means that there is no need for explicit product of transition system and automaton, which can reduce the search space.
2 Inheritance Task Progress means that the current task progress can be preserved, and there is no need to start the search from scratch.

local tasks are coupled with global tasks, our method can
coordinate the two types of tasks and ensure that both task
specifications are strictly followed.

The global tasks ®4 are represented by atomic proposi-
tions ap;, ¢ = 1,...,6, which correspond to the actions:
taking a sample tube in Area 1 or Area 2, dispensing the
sample in Area 3, placing the test tube in Area 1 or Area 2,
picking up the stirring rod in Area 4, using the stirring rod
to stir in Area 3, and placing the stirring rod back in Area 4,
respectively. Initially, Alg. 1 is used to generate the offline
task planning:

5
Qg = G( (/\(@Pi — Xapiﬂ)) A(ape — Fap1))/\Fap1

i=1
The local (temporary) tasks are specified via co-safe LTL as
o, =

N\ (Slapig)Ulapi A —apiy1)) A Fapio,
i=7,8,9

where apy and apg represent the task of placing pill A or
B in Area 3, and apg and ap;o represent picking up pill A
from Area 6 and pill B from Area 5, respectively. During the
process of chemical experimentation, ® 1, can be triggered by
the operator anytime based on the experiment’s progress.

Fig. 3: The experimental setup, where each region corre-
sponds to a different operation task.

In the experiment, we utilize a Franka Panda with NVIDIA
RTX-3060. RealSense D455 and D435 RGB-D cameras
are in an eye-to-hand setup to track the operator’s hand
point cloud [30] and monitor the spatial distribution of

environmental objects [31]. Spacemouse is used as a trig-
ger for local tasks. LTL2BA [32] is used to convert LTL
formulas into Biichi automata. To perform ®s, by Alg.
1, e = apoap: and Ilgy = apaapsapiapsapsap:
are generated offline within 0.14s. The local task ®p
is then triggered by the operator in Fig. 4. For all p,,
i € {1,...,j}, each term Crg(po,p;) is updated by
Curobo [28] within 1.8s. By Alg. 2, the task plan is up-
dated to Htemere = apioapyapgaprap4 and Hsuf =
apsapgaprapsapsaps within 0.27s based on its current task
state. To avoid task conflicts, Alg. 3 is used to generate the set
HIN = {{apr,aps,apo},{apr,aps}, {apr},{0}} accord-
ing to Il.n, which treats the cuboid region corresponding
to Ly (ap) as a static obstacle when generating the control
sequences. When the label L,,,(m;,0;) in the environment
changes during human-robot interaction, reactive planning
will be performed to regenerate the path sequence p that
meets the task specifications. During the interaction process,
the operator’s safety and the strict execution of the task
specifications are guaranteed.

Fig. 4: The snapshots of local tasks. When the operator
triggers a temporary task for the robot, the robot is able
to record the current state of the global task and execute the
temporary task without violating the global task constraints.

VI. CONCLUSIONS

This work develops a real-time motion planning frame-
work that ensures the safety of human-robot interaction
and enables the robot to follow a globally planned LTL
task while responding to local temporary tasks. Future work
will consider timed temporal logic constraints and integrate
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human intent recognition mechanisms to better predict and
adapt to human actions in real-time.
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