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Abstract: In this paper, we investigate the motion planning problem for multi-agent systems
under temporal logic constraints. Unlike most existing works, which assume agents are either
cooperative or adversarial, we consider a new scenario called influential planning. Specifically, we
assume there are two agents: a leader and a follower, each with their own objectives characterized
by temporal logic formulas. Our objective is to design a plan for the leader such that, when
the follower pursues its own objectives, the leader’s objectives are also satisfied. In other words,
although the leader cannot directly control the follower’s behavior, it can influence the follower’s
actions by strategically synthesizing its own plan. We provide an efficient algorithm for solving
this type of influential planning problem, where specifications are expressed using co-safe linear
temporal logic (scLTL) formulae. Case studies are presented to illustrate the effectiveness of our
framework, demonstrating how the leader’s strategic planning can indirectly guide the follower’s

behavior to achieve desired outcomes.
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1. INTRODUCTION

Motion and task planning is one of the central problems
in autonomous systems, such as mobile robots and manip-
ulators. In recent years, there has been growing interest in
using formal languages for planning with high-level speci-
fications, driven by the need for automated synthesis and
rigorous correctness guarantees in complex safety-critical
systems, e.g. Smith et al. (2011); Kress-Gazit et al. (2018);
Mahulea et al. (2020); Yin et al. (2024). Among these
formal languages, temporal logic, such as Linear Temporal
Logic (LTL) or Signal Temporal Logic (STL), has emerged
as one of the most widely used frameworks for specifying
complex behaviors. By extending standard Boolean logic
with temporal operators, temporal logic enables the spec-
ification of tasks that involve intricate spatial-temporal
constraints on the trajectory of the system, Baier and
Katoen (2008). Temporal logic planning has been exten-
sively applied to various autonomous systems, including
underwater vehicles in McMahon and Plaku (2016), aerial
vehicles in Silano et al. (2021), ground vehicles in Huang
et al. (2023); Kantaros et al. (2022) and collaborative
robots in Yu et al. (2024).

In the multi-agent setting, temporal logic planning prob-
lems researched in Schillinger et al. (2018); Chen and
Kan (2024); Cardona and Vasile (2024) require the co-
ordination of a set of agents. Tasks can be specified either
globally for the entire team or locally for individual agents.
Depending on the roles of the agents in the team, most
existing works on multi-agent temporal logic planning
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can be categorized into the collaborative setting and the
adversarial setting. In the collaborative setting, it is as-
sumed that the behavior of all agents is controllable, and
their goal is to achieve a global objective. Such planning
problems can be solved in a monolithic manner by consid-
ering all robots as a single system, Guo and Dimarogonas
(2015); Kantaros and Zavlanos (2020), or more efficiently
in a distributed manner through task decomposition and
coordination researched in Kloetzer and Belta (2009); Luo
and Zavlanos (2022); Chen et al. (2024). In the adversarial
setting, it is further assumed that some agents are un-
controllable or even adversarial. The objective is to plan
for the controllable agents in such a way that the task
can be achieved robustly, regardless of the behavior of the
uncontrollable or adversarial agents. This problem can, in
principle, be solved using zero-sum game techniques, where
the controllable agents aim to maximize the utility of task
satisfaction while the adversarial agents aim to minimize
it, Wolff et al. (2012); Ding et al. (2014); Fu and Topcu
(2015); Pacheck and Kress-Gazit (2023).

In many cases, it may be too restrictive to strictly divide
the roles of agents into purely collaborative or adver-
sarial. For simplicity, this paper focuses on a two-agent
setting, where one agent’s behavior is controllable, while
the other is not. Specifically, the uncontrollable agent is
not necessarily fully adversarial to the controllable agent’s
objectives but may instead pursue its own independent
goals. In such cases, although we cannot directly control
the uncontrollable agent’s actions, we can influence its be-
havior by considering its pursuit of independent objectives.
Consequently, when planning for the controllable agent,
we can anticipate the actions of the uncontrollable agent,
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Fig. 1. A motivating example of influential planning.

enabling us to formulate less conservative plans than those
designed for worst-case scenarios. We term this planning
approach influential planning, where the controllable agent
strategically interacts with the uncontrollable agent to
achieve its goals while accounting for the uncontrollable
agent’s independent objectives.

To better motivate our study of influential-planning, let us
consider a simple motivating example illustrated in Figure
1. We assume there are two agents moving in a grid map.
The primary objective of Agent 1 is to reach Region A; or
Ay, while the primary objective of Agent 2 is to reach
Region B; or Bs. Additionally, Agent 1 can broadcast
information to its adjacent regions, and Agent 2 needs to
follow Agent 1 closely to receive the signal throughout the
entire operation. Furthermore, we assume that Agent 1
has a preference for Agent 2 to arrive at Bj rather than
B>. Although Agent 1 cannot directly control Agent 2, it
can utilize Agent 2’s signal pursuit behavior to influence
its actions. Specifically, if Agent 1 chooses to go to Region
A; (as shown in the top figure), Agent 2’s best choice to
receive the signal and reach targeted Region is to go to By,
which aligns with Agent 1’s preference. However, if Agent
1 chooses to go to Region A, (as shown in the bottom
figure), Agent 2 is free to go to either By or Bs, with the
latter case being undesirable for Agent 1. This example
highlights how Agent 1 can strategically influence Agent
2’s behavior to achieve its own objectives without direct
control.

In this paper, we formulate and solve the influential-
planning problem for a two-agent system under temporal
logic specifications. We assume that there are two agents: a
controllable agent, referred to as the leader, and an uncon-
trollable agent, referred to as the follower. Each agent has
its own task specified as a co-safe LTL formula. The leader,
which is the agent we need to plan for, cannot directly
control the behavior of the follower but has knowledge
of the follower’s task formula. The design objective is to
synthesize a plan for the leader such that, for any plan the
follower executes that satisfies its own task, the leader’s
task is also satisfied. In other words, the leader’s plan
must ensure that its task is achieved regardless of how
the follower behaves, as long as the follower’s behavior is
consistent with its own task specification. This problem
essentially falls into the broader category of Stackelberg
games or leader-follower games within the context of game
theory. Solving such problems typically involves bilevel op-
timization, which is generally computationally challenging,
e.g. Bard (2013); Marden and Shamma (2018). To address

this, we propose an efficient automata-theoretical algo-
rithm. While we ensure the soundness of the algorithm, we
prioritize practicality by sacrificing completeness to mit-
igate computational complexity. Finally, case studies are
provided to demonstrate the effectiveness of our approach.

Our work is related to several studies in the literature.
For example, optimal leader-follower control for dynamic
systems has a long research history in the field of systems
and control, where the objective of Basar and Selbuz
(1979); Moon and Basar (2018); Ratliff et al. (2019) is
to optimize the payoff of one player in the presence of
another player pursuing its own utility. However, these
works primarily focus on numerical payoff functions and
do not consider temporal logic tasks. Recently, in Cui
et al. (2025), the Stackelberg game for dynamic systems
under STL specifications has been studied. The problem
setting is conceptually similar to ours, as it involves a
leader influencing a follower to achieve its objectives.
However, the system model in Cui et al. (2025) is based
on continuous nonlinear dynamic systems, whereas our
work considers transition systems. As a result, the solution
procedures and techniques differ significantly. There are
also works in temporal logic planning where one agent
must consider its implicit influence on other agents. For
instance, Wang et al. (2020) studies the HyperLTL plan-
ning problem, where the correctness of a plan depends on
the behavior of other agents. Similarly, Yu et al. (2022);
Shi et al. (2023) investigates security-preserving temporal
logic planning, where the goal is to prevent the leakage of
sensitive information to other agents through information
flow. However, these works assume a cooperative setting,
where all agents are controllable, unlike our setting, which
involves an uncontrollable follower.

The rest of the paper is organized as follows. In Section 2,
we introduce the system model and review the necessary
preliminaries. Section 3 presents several abstract auxiliary
problems together with their solution operators, which
will be used in the subsequent development. In Section 4,
we formally formulate the influential planning problem
addressed in this work. Section 5 then describes our
solution algorithm. A case study is reported in Section 6
to illustrate the applicability of the proposed approach.
Finally, Section 7 concludes the paper.

2. PRELIMINARIES
2.1 System Model

We consider a team of two agents, referred to as the leader
and the follower. The mobility of each agent ¢ € {L, F'} is
modeled by a weighted transition system (WTS)

7; = (qu Zo,i, Ai7 APZJ Eia wi)7
where

e X, is a finite set of states, representing different
regions of the workspace;

e 0 ; is the initial state representing the starting region
of agent 1;

e A, C X, x X; is the transition relation such that
(z,2') € A; means that agent 7 can move directly to
2’ from x;

e AP, is aset of atomic propositions, representing some
basic properties of interest;



ol X; = 247 is a labeling function that assigns
each state with a set of atomic propositions;

e w; : A; — Rxp is a cost function such that w;(x, ")
represents the cost incurred when agent ¢ moves from
z to x’.

We assume that the two agents are running synchronously,
which can be enforced by a global clock. Then the mobility
of the entire multi-agent system is modeled by the global
transition system (GTS), denoted by 7, which is the
synchronous product of 7, and Tp.

Definition 1. (GTS). Given two weighted transition sys-
tems 7; = (X,‘, 0,i, Ai, .A’P,',Ei, wi),i S {L, F}, the global
transition system 7 = 7; ® Tr is a 6-tuple

T =(X,20,A, AP, L, w),

where

e X = X x X is the set of global states;

o z9 = (0,1, %o,r) is the global initial state;

e A C X x X is the transition relation defined by:
for any = = (xp,zp),2’ = (2),2%) € X, we have
(x,2") € Aiff (zp,2]) € Ap and (zp,2’) € Ap;

e AP = AP, U APp is the global set of atomic
propositions;

o L : AP — 247 is the labeling function defined by:
for any state = (zp,zr) € X, we have L(z) =
Ly(zr)U Lp(zr);

o w: A — Ry is the cost function defined by: for any
z = (zp,zp), 2 = (2),2F) € X, if (x,2') € A, we
have w(z,z') = wr(zp, 2}) + wp(zp, 2F).

A finite path 7 = 7(0)=(1)---
sequence of states such that 7(0) = z¢ and (7 (j),7(j +
1)) € A for any j = 0,1,--- ,m — 1. Note that each state
in X is an 2-tuple and we denote by 7, the path of leader
and 7p the path of follower in global path 7. We denote by
Path™(7) the set of all finite paths in 7. Furthermore, we

w(m) € X* is a finite

define the cost of a finite path 7 = 7(0)7 (1) ---7(m) € X*
as .
J(m) = ) w(x(f), =5+ 1)), (1)
§=0

which captures the total cost incurred by all agents during
the execution of 7. For each path 7 = 7(0)m(1)---7(m) €
X*, we define its trace ¢(m) as

o(r) = £(x(0))e(n(1)) - --

2.2 Task Specification

L(m(m)).

We describe the objective of each agent by a linear
temporal logic (LTL) formulae. Formally, the syntax of
LTL is given as follows

p:=TlalprNp2|[ ¢ | O | p1U¢o,

where T stands for the “true” predicate; a € AP is an
atomic proposition; — and A are Boolean operators “nega-
tion” and “conjunction”, respectively; () and U denote
temporal operators “next” and “until”, respectively. One
can also derive other temporal operators such as “even-
tually” by O0¢p = TU¢, “always” by Op = —-O—¢ and
“implication” by (bl — ¢2 = _|¢1 vV ¢2.

LTL formulae are evaluated over infinite words; the readers
are referred to Baier and Katoen (2008) for the semantics

of LTL. Specifically, an infinite word p € (247)¥ is an
infinite sequence over alphabet 247, We write p = ¢ if p

satisfies LTL formula ¢.

In this paper, we focus on a widely used fragment of
LTL formulae called the co-safe LTL (scLTL) formulae.
Specifically, a scLTL formula requires that the negation
operator — can only be applied in front of atomic proposi-
tions. Consequently, one cannot use “always” [ in scLTL.
Although the semantics of LTL are defined over infinite
words, it is well-known that any infinite word satisfying a
co-safe LTL formula has a ﬁm’te good preﬁx Spec1ﬁcally
a good prefix is a finite word p’ = p 2 € (24P)*
such that p'p’ | ¢ for any p” € Py For an finite
word p € (ZAP)* we also write p = d) if 1t is a good prefix
and we denote by Ly.f(¢) the set of all finite good prefixes
of scLTL formula ¢. Also, for an path 7 in 7, we denote
by 7w | ¢ if its trace satisfies ¢.

For any scLTL formula ¢, its good prefixes Lpref(¢) can
be accepted by a deterministic finite automaton (DFA).
Formally, a DFA is a 5-tuple A = (Q, g0, %, f, Qr), where
@ is the finite set of states; qo € @ is the initial state; X
is the alphabet; f : @ x ¥ — @ is a transition function;
and Qr C @ is the set of accepting states. The transition
function can also be extended to f : @ x ¥* — @
recursively. A finite word p € ¥* is said to be accepted by A
if f(qo,p) € Qr; we denote by L(A) the set of all accepted
words. Then for any scLTL formula ¢ defined over AP, we
can always build a DFA over alphabet 3 = 247 denoted

by Ay = (@, q0, 27, f,QF), such that L(Ay) = Lyref(¢).
3. PRE-PROBLEMS AND SOLUTION

The standard LTL planning problem is to find a goal path
satisfying a global task.

Problem 1. (LTL Planning Problem). Given a multi-agent
system modeled by a GTS T, a task described by an LTL
formula ¢, find find a plan 7 € Path*(7") such that

i) m | ¢; and
ii) for any other 7’ € Path™(7), we have J(m) < J(7').

The above planning problem can be solved using an
automata-theoretical approach, which reduces the prob-
lem to a graph search over the product state space, Smith
et al. (2011). We obtain an optimal solution for Problem 1
by adapting the optimal LTL planning algorithm in Ye
et al. (2024): we remove its run-time checking component
and refer to the resulting offline planning procedure as
SolveLTL(T,$). Given a transition system 7 and an
LTL formula ¢, SolveLTL(T, ¢) returns a set of optimal
paths set {7} that satisfy ¢. In a multi-agent setting,
when the trajectory of one agent m; is fixed, we simply
condition the solver on 7; and use it to compute optimal
trajectories for the remaining agents, which we denote by
SolveLTL(T , ¢, ;).

We further define a verification routine Judge(w, ¢), which
checks whether every path in the given set 7 satisfies the
specification ¢ and returns true if all paths do, and false
otherwise.

Problem 2. (Path enumeration with bounded cycle usage).
Consider a directed graph

G=(V.E,w),



where V is the set of vertices, E C V x V is the set of
directed edges, and w : F — R is an edge-weight function.
The graph may contain directed cycles. Let s € V and
e € V be a designated start and end vertex, respectively.

We are interested in all finite directed paths from s to e
under the following cycle constraint:

e A path is allowed to traverse directed cycles, but each
directed cycle may be used at most once along a single
path. Equivalently, along any such path, the same
directed cycle is not traversed multiple times (i.e.,
the path does not repeatedly loop around the same
cycle).

The goal of Problem 2 is to enumerate the set P of all
directed s — e paths in G that satisfy this “at-most-once
per cycle” constraint.

Problem 3. (Vertex pruning based on path). On the same
graph G = (V,E,w) as in Problem 2, let d € V be a
designated vertex. Let P denote the set of all s — e paths
satisfying the cycle constraint in Problem 2.

Define Py C P as the subset of paths that visit the vertex
d at least once. Let

Vy = U {all vertices that appear on path p}
PEPa
be the set of all vertices that lie on some path in Py.

The task in Problem 3 is:

e to remove from G all vertices in V' \ Vy together with
their incident edges, and

e to obtain the subgraph induced by Vj, which we
denote by Gy.

Equivalently, from a path-based viewpoint, the resulting
graph G4 contains exactly the vertices and edges that
belong to contiguous subpaths of s — e paths in P that
pass through d.

The solutions to Problems 2 and 3 can be obtained
by adapting classical path-enumeration and shortest-path
techniques from the literature Cherkassky et al. (1996);
Bernstein (2010). In what follows, we denote the solver
for Problem 2 by EnumPaths(G, s, e), and for Problem 3
by PruneByVertex(G,{r},d), where {r} is the output of
EnumPaths(G, s, e).

4. INFLUENTIAL PLANNING PROBLEM

In this work, we investigate a scenario consisting of two
agents indexed as Z = {L, F'}. The agent with index L is
referred to as the leader, whose trajectory we plan while
considering all possible behaviors of the follower, denoted
by index F. The leader’s planning must account for the
follower’s actions, ensuring that the leader’s objectives are
achieved even as the follower pursues its own goals.
Definition 2. (Collision-Free Paths). Let 7, and 7z be
two finite paths of the leader and the follower, respectively,
both with horizon H. We say 7y, and wg are collision-free
if, for any t = 0,1,..., H, we have 7.(t) # wp(t). We
denote by (7w, mr) Enc ¢ if (n,7r) |E ¢ and they are
collision-free.

Once the leader chooses a path 7, the follower must select
a path 7w such that a task formula ¢ can be achieved from

its perspective. Additionally, we assume that the follower
alms to minimize its effort, as defined by a cost function,
to accomplish the task. We refer to such a plan as the
optimal response of the follower, defined as follows.

Definition 3. (Optimal Response). Let 7y, be a finite path
of the leader and ¢ be a scLTL formula. We say 7, which
is a finite path of the follower, is an optimal response of
the follower with respect to 7z and ¢ if

(i) (7z,7r) Enc ¢; and
(i) for any 7% such that (7p,7%) Enc ¢, we have

J(mp) < J(nlp).

We denote by ORp (7, ¢) the set of all optimal responses
of the follower with respect to 77, and ¢.

In the influential planning setting, the leader first issues
its own path, and then the follower responds. More specif-
ically, we consider the following scenarios:

e Both the leader and the follower have their own
specifications described by two scLTL formulae, ¢
and ¢o, respectively.

e The planning process follows a leader-follower struc-
ture: the leader first chooses a path 7y, and then the
follower chooses a path 7.

e The follower is rational, meaning it only selects a plan
7r € ORp (7L, ¢) from the optimal response set.

e The leader must ensure that it does not block the
possibility of the follower achieving ¢o, while simul-
taneously enforcing its own objective ¢; strategically,
regardless of the follower’s rational reaction.

This framework captures the essence of influential-planning,
where the leader indirectly influences the follower’s behav-
ior to achieve its own goals while respecting the follower’s
objectives. Now we formally formulate the problem that
we solve in this paper.

Problem 4. (Influential LTL Planning Problem). Given a
leader-follower system modeled by two weighted transition
systems T;, and Tg, along with their scLTL formulae ¢;
and ¢, the goal is to find an influential path 7y for the
leader such that:

(i) ORp (7L, ¢2) # 0; and
(ii) For any 7 € ORp(7p, ¢2), we have (wp,7r) E ¢1.

Remark 1. We make some remarks regarding our problem
formulation. First, we require that the leader should not
block the possibility of the follower achieving ¢5. Beyond
its practical meaning in collaborative settings, this require-
ment is also necessary for technical reasons. Without it,
we would need to specify the compromised behavior of the
follower if it cannot achieve its goal. Additionally, if the
leader aims to ensure that ORp(7r, ¢2) = (), this reduces
to solving a safety game against the follower. Second, for
simplicity, we do not consider the optimization problem for
the leader in this formulation. That is, any path satisfying
conditions (i) and (ii) is considered a feasible solution.
Optimality here is solely used to model the rationality of
the follower, ensuring that the follower chooses its path to
minimize effort while achieving its goals.



5. PLANNING ALGORITHM

In this section, we propose an efficient algorithm to solve
the influential-planning LTL problem. Firstly, to obtain a
global path satisfying the LTL task formula ¢, we need to
encode the automaton A, accepting ¢ into the solution
space of the transition system 7. This encoding process is
detailed as follows.

Definition 4. (Product Systems). Given a global transi-
tion system T = (X, zg, A, AP, L, w) and an LTL formula
¢ with the corresponding DFA Ay = (Q, g0, 2%, f,QF),
the product system is a new transition system

P = (57 80767371073)7
where:

e S C X x (@ is the finite set of states;

e sg = (x0,qo) is the initial state;

e 6p C S x S is the transition relation defined as
follows: for any s = (z,q),s" = (2/,¢') € S, we have
(s,5') € dp if (2,2') € A and ¢ = f(g, L(2'));

o wp : 6p — R>( is the cost function defined by: for
any s = (z,q),s = (2/,¢') € S, we have wp(s,s’) =
w(x, x’) whenever (x,z') € A.

The product system ensures that the agent’s motion
respects the mobility constraints of T while simultaneously
tracking the progress of the LTL formula ¢. We define the
accepting state set of P as
Goal(P) ={(z,q) € S: q € Qr}.

By construction, any plan that reaches Goal(P) corre-
sponds to a run of 7 that satisfies the scLTL task ¢. For
a given initial product state w(0) € S, we further denote
by R(m(0)) the set of all states reachable from 7 (0) in P,
which captures all feasible evolutions that are consistent

with both the mobility constraints and the progression of
scLTL ¢.

We next construct a three-component product system P o
whose specification automaton is the synchronous product
of the automata for ¢ and ¢o, namely

.A¢ = A¢1 X A¢2.

We denote by P; the product system obtained when using
only Ag,. These product constructions form the basis of
the solution algorithm presented below.

Algorithm 1: Feasibility check for leader paths
Input: LTL formulas ¢, ¢2, GTS T, leader path
set {7}

Output: optimal feasible leader path 7,
Initialize feasible set F'Sy, < ()
for each 7y, € {r1} do

{mr} < SolveLTL(T, ¢2,7L)

if Judge(wp,{mr},¢1) then

L FSy <—FSLU{7TL}

if FS;, =0 then
| Return False, _
else

Return True, 77, which satisfies
Vrl € FSy, J(wp) < J(n})

ok W N
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Algorithm 2: Feasible solution for influential
problem

Input: LTL formula ¢, ¢o, GTS T
Output: optimal leader’s path 7y,

1 Set leader’s feasible path set F'Sy, = 0)

2 Convert ¢; to the corresponding DFA
Ag, = (Qi, 90,6, 2277, i, Qra), i € {1,2}

3 Construct the product system using 7 and
Agy s Agy Pra = (S, 50,0p, 5, wp, ,), and
construct P; with 7 and Ay, for i € {1,2}

4 Construct the Goal(P1 2), Goal(P1), Goal(P2)

and get 7(0) from Py o

if R(7(0)) N Goal(P1,2) = 0 then

| Return “no feasible plan”;

else

Set path set {7} =0

for sp, € Goal(P2) do

10 | {7} = EnumPaths(P,7(0),sp,) U{r}

11 Set new path set {7’} =0
12 for sp, € Goal(P1) do
13

© N o w

{r'} =
L {7’} J PruneByVertex(P,{r}, sp,)
14 FSL:FSLUSOZU€(¢1,¢2,T,{W/})
15 Reset {n} =0
16 for sp, € Goal(P1) do
17 | {7} = EnumPaths(P,7(0),sp,) U{r}

18 for 7 € {r} do
19 if 7 [~ Pro then
20 | Delete m from {7}

21 Reset path set {7’} =0

22 for sp, € Goal(P2) do

23 {n'} =

| {7'}UPruneByVertex(P,{r},sp,)
24 FSp = FSp | Solve(¢1,d2, T, {7'})

25 if 'Sy = () then

26 L Return no feasible solution
27 else
28 Return 7, which satisfies

vl € FSy, J(mp) < J(h)

We first introduce a feasibility-checking routine, summa-
rized in Algorithm 1. Given a set of candidate leader paths
7, the algorithm initializes an empty feasible set F.Sp,
in line 1 and then in line 2-5 iterates over each m; €
{mr}. For each leader path, it calls Solve LTL(T, ¢2,7r)
to compute the set of optimal follower paths {mp} that
satisfy ¢o under the fixed leader trajectory. It then invokes
Judge(rmr, {mr}, ¢1) to verify whether the resulting joint
behavior satisfies the leader’s specification ¢;; any leader
path that passes this check is added to F'Sy. After all
candidates have been examined, the routine returns a
feasibility flag together with the minimum-cost leader path
in S, (if FSL # 0), and false otherwise. We denote
this procedure by Solve(¢1, ¢2, T,mr) and employ it as
a subroutine in our final algorithm.

We are now ready to present the final solution to Prob-
lem 4, as summarized in Algorithm 2. Before doing so,
we define the predicate Pro used in line 19: # = Pro



holds if 7 does visit any state in Goal(Pz), or if, after
its last visit to Goal(P7), the follower’s component of
does not change along the remaining suffix of the path.
The main part of the algorithm is contained in lines 8-24.
Conceptually, these constructions ensure that, from the
follower’s perspective, every minimal-cost trajectory that
reaches Goal(Pz) is also forced to visit Goal(P;1). Hence
any follower that optimizes its own objective for Py will
automatically realize the leader’s objective P;, thereby
satisfying the influential planning requirement. The proof
is presented below.

Proof 1. To justify the correctness of Algorithm 2, we
reduce the problem to a three-point reachability task on
a finite directed graph with cycles, where each cycle is
visited at most once. Both the leader L and the follower
F start from a common initial state s. We assume that
their evolution is synchronous, so each node in the graph
can be represented as a joint state (xp,xp), where z,
and xp denote the states of the leader and the follower
at the same time step. The follower is required to reach
a terminal state ep corresponding to satisfaction of ¢,
while the leader aims to steer the joint evolution so that
the system also reaches a terminal state ey, associated with
¢1. We distinguish two complementary cases.

In the first case, we focus on trajectories driven primar-
ily by the follower’s objective. We enumerate all paths
from s to er and, for each such candidate, fix the leader
component and resolve the follower’s problem by call-
ing Solve LTL(T, ¢2, 7). This yields all cost-minimal fol-
lower trajectories consistent with the fixed leader behav-
ior. Lines 8-14 of Algorithm 2 then retain only those
joint trajectories for which every cost-minimal follower
path that reaches Goal(P2) also visits Goal(P;). Equiva-
lently, among all feasible solutions, any trajectory attain-
ing the follower’s goal region Goal(P2) must pass through
Goal(Py), while preserving cost optimality for F.

The second case treats the complementary situation in
which the leader’s target e is emphasized and the fol-
lower’s goal ep is encountered en route. We first enumerate
all paths from s to ey, which is feasible in a finite directed
graph under the restriction that no cycle is visited more
than once. From this collection, we discard all paths that
either never visit ep or visit ep but require a nontrivial
change in the follower component after the last visit to
er. The latter are excluded because, by construction, the
follower is assumed to stop moving (or remain station-
ary in the product system) once ¢, has been satisfied.
For each remaining leader path, we again fix the leader
trajectory, recompute the follower’s optimal response via
Solve LTL(T, ¢2,7r), and apply the predicate Judge to
verify satisfaction of ¢; this corresponds to lines 15-24 of
Algorithm 2.

Taken together, these two cases guarantee that any global
trajectory selected by Algorithm 2 (i) visits both Goal(P2)
and Goal(Py), and (ii) does so in a way that keeps
the follower’s behavior cost-minimal among all feasible
solutions. Therefore, the algorithm computes a solution to
Problem 4 that is jointly feasible with respect to (¢1, ¢2)
and optimal from the follower’s perspective.
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Fig. 3. An incorrect solution.

6. CASE STUDY

In this section, we provide a simple case study on deliv-
ery robots to illustrate the proposed influential-planning
problem.

System model: We consider two delivery robots moving
in a grid-world workspace, as illustrated in Figure 2. At
each time instant, each robot can choose to move in one
of four directions: up, down, left, or right. We assume that
each movement incurs a unit cost. The blue grids represent
water regions that the agents cannot move across directly.
Instead, robots can only traverse the water by using the
bridges, denoted by the black rectangles. The workspace
consists of three regions of interest, denoted as a, b, and c,
each marked with different colors in the figure. The initial
locations of the leader and the follower are indicated by
the green grids in the figure.

Planning Tasks: The objectives of the robots are to
deliver items to different regions. Specifically:

e The leader needs to deliver items to regions a and b,
e The follower needs to deliver items to regions a and
c.

Furthermore, from the leader’s perspective, it prefers the
follower to first deliver to region ¢ and then to region
a. However, the follower has no inherent preference for
the order in which it visits these regions. Therefore, the
leader cannot directly control the follower’s actions but
can influence its behaviors by strategically choosing its
own plan.

Formally, let AP = {a% bl cE af’,bF cf'}, where a®
means that the leader is in Region a, and the same applies
to the other atomic propositions. Then the tasks for the
leader and the follower are specified by the following two
co-safe LTL formulae, respectively:

1 = Oat A ObE A (ﬁaFUcF)
¢2 = Oa’ A Ot



A Correct Influential Plan: We apply Algorithm 2 to
solve Problem 4 for the above setting. The solution is
illustrated in Figure 2, where the red solid line in both
figures denotes the leader’s plan, 7y, with a total cost of
15 units.

To achieve its task ¢, the follower may choose either:

e The dashed blue plan shown in the left figure, which
incurs a cost of 19 units, or

e the solid blue plan shown in the right figure, which
incurs a cost of 17 units.

Since the follower aims to minimize its cost, its best
response plan, 7, is the one on the right figure. In this
case, the leader successfully enforces its preference on the
follower’s visiting order.

The intuition behind this solution is as follows: the leader
strategically chooses a plan that physically occupies the
shortest path available to the follower. As a result, to
avoid collisions and minimize its own cost, the follower is
compelled to first visit region ¢, aligning with the leader’s
desired sequence. This demonstrates how the leader can
influence the follower’s behavior indirectly by leveraging
its own plan to shape the follower’s optimal response.

An Incorrect Solution: In Figure 3, we illustrate an
incorrect solution to this problem. Specifically, we consider
the case where the leader chooses the red solid line as its
plan 7. In this scenario, to achieve its own task ¢1, the
follower may choose either the plan shown in the left figure
or the one in the right figure, both of which have the same
cost of 17 units.

However, the plan on the left figure does not satisfy the
leader’s preference, as the follower first delivers to region
a instead of region c. From the leader’s perspective, the
follower’s choice between these two plans is uncontrollable,
since both options have the same cost. As a result, n, is
not a correct influential plan, as it may fail to enforce the
leader’s desired visiting order and thus fail to achieve ¢;.

7. CONCLUSION

In this paper, we formulated and solved the influential
planning problem for leader-follower systems under tem-
poral logic constraints. We demonstrated that, by strate-
gically designing plans for the leader, it can leverage the
rationality of the follower to help achieve its own task.
Our work makes an initial step toward addressing the
influential planning problem, and there are several im-
portant directions we plan to investigate in the future.
First, the current algorithm is may not the best one.
In future work, we aim to design better algorithms and
explore the complexity class of this problem. Second, in our
current framework, we assume the follower is absolutely
rational in pursuing its optimal response. We plan to relax
this assumption by considering bounded rationality of the
follower, making the model more realistic. Finally, we aim
to investigate the fundamental limits of the influential
planning problem, specifically characterizing the classes
of logical specifications and environment (map) configu-
rations for which no influential plan exists.
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