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An Efficient Game-Theoretic Planner for Automated Lane Merging
with Multi-Modal Behavior Understanding

Luyao Zhang1,†, Shaohang Han2,† and Sergio Grammatico1

Abstract— In this paper, we propose a novel behavior plan-
ner that combines game theory with search-based planning
for automated lane merging. Specifically, inspired by human
drivers, we model the interaction between vehicles as a gap
selection process. To overcome the challenge of multi-modal
behavior exhibited by the surrounding vehicles, we formulate
the trajectory selection as a matrix game and compute an equi-
librium. Next, we validate our proposed planner in the high-
fidelity simulator CARLA and demonstrate its effectiveness in
handling interactions in dense traffic scenarios.

I. INTRODUCTION

Automated vehicles are facing a significant challenge
when navigating in highly interactive environments, such as
the lane-merging scenario shown in Figure 1. Traditional
methods typically adopt a hierarchical structure where mo-
tion prediction and planning are decoupled. Consequently,
these methods might be overly conservative since they often
overlook the mutual interaction between the ego vehicle and
the surrounding ones. Although newly developed learning-
based approaches [1], [2] consider such interaction, they
typically require large amounts of data and might lack
interpretability. Another popular interaction-aware method is
the Partially Observable Markov Decision Process (POMDP)
[3], which provides a rigorous mathematical framework
for handling incomplete information, such as the unknown
intentions of the surrounding vehicles. However, solving a
large-scale POMDP is computationally intractable.

As an approximation of the POMDP framework, the mul-
tiple policy decision-making (MPDM) [4] and its extension
EPSILON [5] have demonstrated promising results in gen-
erating practically reasonable trajectories while remaining
computationally efficient. The approach involves conducting
multi-vehicle forward simulations based on semantic-level
policies, followed by a trajectory evaluation step to select
the best trajectory using handcrafted criteria. However, the
rule-based trajectory evaluation in EPSILON might be overly
aggressive or conservative when the surrounding vehicles
have multiple behavior modes. Additionally, although the
open-loop planning strategy is computationally efficient, it
sacrifices the advantages of active information gathering in
the original POMDP approach.

To systematically evaluate the trajectories, we use game
theory, which is a powerful mathematical framework that
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Fig. 1: Lane-merging scenario in the CARLA simulator. The ego
vehicle (blue) is merging onto a lane in dense traffic.

captures the mutual influence between multiple agents. Pre-
vious research has explored equilibrium solutions extensively
for automated lane merging. Some studies have focused
on jointly planning trajectories for all vehicles by seeking
a Nash equilibrium [6], [7]. However, these methods can
only find a local equilibrium, and the quality of the solution
might heavily depend on the initial guess. In contrast, other
approaches use semantic-level actions as strategies. Among
them, some studies propose a Stackelberg game with a
leader-follower structure [8], [9]. However, determining the
relative role of the leader or follower might be difficult [8].
In contrast to the leader-follower structure in a Stackelberg
game, a Nash game treats all agents equally. A representative
method based on a Nash game is proposed in [10], but it
lacks validation in a high-fidelity simulator.

Contribution: In this paper, we propose a novel approach
that combines game theory with interactive trajectory gen-
eration. To make the algorithm practical and efficient, we
leverage the semantic-level actions and model the interaction
between vehicles as a gap selection process (Section IV-
A). Additionally, to tackle the issue of multi-modality, we
represent the behavior of the surrounding vehicles as actions
in a matrix game, and then select the Nash equilibrium with
the lowest social cost [11] (Section IV-C). We also investigate
the existence of Nash equilibria and the relationship between
Nash and Stackelberg equilibria through both theoretical
analysis and numerous numerical simulations (Section V
and VI-A). Moreover, we validate the effectiveness of the
proposed planner in the high-fidelity CARLA simulator [12]
(Section VI-B).

II. RELATED WORK

POMDP for lane merging. Prior research has explored
POMDP for addressing the issue of unknown intentions in
lane-merging scenarios. Online solvers, such as POMCPOW
[13] and DESOPT [14], estimate the action-value function
through sampling. Other POMDP approximations, such as
QMDP [15] and heuristics [16], have been proposed as well.
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Fig. 2: Structure of the proposed behavior and motion planner. The
focus of this paper is on the game-theoretic behavior planner.

Game-theoretic planning for lane merging. In methods
that use Stackelberg games, vehicle strategies are represented
by semantic-level actions such as motion primitives [8]
or waiting time before merging [9]. While most of these
methods assume the ego vehicle to be the leader, the rationale
behind this is not always clear. Another approach utilizes
level-k reasoning to model human drivers’ behavior [17].
However, the computational burden of this framework is
substantial due to the necessity of modeling the depth of
human thinking [18].

III. PROBLEM FORMULATION

In this paper, we consider a mixed-traffic scenario where
an automated ego vehicle interacts with the surrounding
vehicles, as shown in Figure 1. Specifically, the ego vehicle
aims at driving efficiently but a low-speed vehicle (SV0)
travels in front of it. To avoid being blocked, the decision-
making system of the ego vehicle needs to consider the
diverse driving behaviors of the surrounding vehicles, select a
suitable merging gap, and determine if/when to change lane.
For example, in Figure 1, the ego vehicle can merge ahead
of or after the pink vehicle (SV2). In fact, if SV2 yields,
then the gap enlarges and the ego vehicle merges ahead of
SV2. Otherwise, if the gap is not sufficiently wide, then the
ego vehicle might slow down and then merge after SV2.

A. Structure of the Planner

We propose a game-theoretic planner as illustrated in
Figure 2. Unlike other conventional behavior planners that
require a motion predictor as an upstream module, in our
approach, we combine motion prediction and behavior plan-
ning. Our proposed game-theoretic behavior planner consists
of three modules: semantic-level action generation, forward
simulation, and trajectory evaluation. First, we enumerate
the possible semantic-level decision sequences of the traffic
participants over the decision horizon. For the ego vehicle,
a semantic-level decision can be making a lane change,
accelerating or decelerating. Then, we form the action tuples
by combining the decision sequences of the ego vehicle
and surrounding vehicles. For each action tuple, the forward
simulator generates the trajectories of the relevant vehicles.
Subsequently, the trajectory evaluator determines the costs
of the trajectories for each action tuple. Next, we construct a
matrix game and seek an equilibrium. Finally, the trajectory

evaluator selects the action tuple associated with the equilib-
rium, and outputs the multi-vehicle trajectories.

Although we apply the kinematic bicycle model to simu-
late the motion of the ego vehicle, the trajectory generated
by the behavior planner might not be sufficiently smooth
due to the coarse discretization step. Therefore, we employ
an additional local motion planner [19] to produce a kine-
matically feasible trajectory. To ensure safety, the simulated
trajectories of the surrounding vehicles are used to impose
dynamic collision avoidance constraints.

B. Matrix Game
We model the decision-making process as a matrix game

with two players. In the game, each player selects an action
from its finite action set to optimize its individual cost. A
two-player matrix game is defined by a tuple (N ,Π, J),
where N is the set of two players, Π = ×i∈NΠi is the joint
action space, and J = ×i∈NJi is the joint cost function.
Next, we introduce the three ingredients of the matrix game:
players, actions and cost functions.

1) Players: We consider the ego vehicle (EV) and the
group of the surrounding vehicles (SV) as two players, N :=
{EV,SV}.

2) Actions: Human drivers typically make semantic-level
decisions to make lane changes safely and efficiently. In-
spired by human drivers, we represent the action of player
i ∈ N by a semantic-level decision sequence, denoted as
πi = {πi,0, . . . , πi,k, . . . , πi,H−1}, where H is the decision
horizon. We provide more design details on the decision
sets and the method for enumerating all possible decision
sequences later in Section IV-A.

3) Cost functions: Before computing the costs, the for-
ward simulator (Section IV-B) generates multi-vehicle tra-
jectories. The cost function Ji of vehicle i evaluates the
corresponding trajectory based on user-defined metrics, such
as safety, efficiency, comfort and navigation. We consider
the surrounding vehicles as a whole by calculating the total
cost as JSV :=

∑N
i=2 Ji, where N is the number of vehicles.

Technical details are provided in Section IV-C.
A matrix game is depicted in Table I, where each entry

represents a cost tuple (J ij
SV, J

ij
EV) received by the group (SV)

and the ego vehicle (EV) after performing their respective
actions, πi

SV and πj
EV. Next, we look for an equilibrium

TABLE I: Game in normal form.
π1

EV · · · π
MEV
EV

π1
SV (J1,1

SV , J1,1
EV ) · · · (J

1,MEV
SV , J

1,MEV
EV )

...
...

. . .
...

π
MSV
SV (J

MSV,1
SV , J

MSV,1
EV ) · · · (J

MSV,MEV
SV , J

MSV,MEV
EV )

of the matrix game. As previously mentioned in Section I,
there are two recognized types of equilibria in the context of
autonomous driving.

Definition 1. (Pure-strategy Nash equilibrium). A pure-
strategy Nash equilibrium is a set of players’ actions,
{π∗

i }i∈N such that, for each player i, it holds that

Ji(π
∗
i , π

∗
−i) ≤ min

si∈Πi

Ji(si, π
∗
−i),
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where π−i represents the set of actions taken by all players
except player i.

The definition above indicates that no player can reduce its
cost by unilaterally changing its strategy [20].

In a Stackelberg game, the idea is that the leader can take
the action first, and then the follower plays the best response
action [20]. The technical definition is provided as follows.

Definition 2. (Stackelberg equilibrium). A Stackelberg equi-
librium is a pair {π∗

L , π
∗
F(·)} such that

π∗
L = arg min

πL∈ΠL
JL(πL, π

∗
F(πL)),

π∗
F(πL) = arg min

πF∈ΠF
JF(πL, πF),

where the subscripts, L and F, represent the leader and the
follower, respectively.

The leader and follower roles are not always fixed on the
road. In other words, the ego vehicle can switch between
being the leader and the follower. Thus, we consider two
Stackelberg equilibria: one with the ego vehicle as the leader
and the other with the ego vehicle as the follower.

IV. GAME-THEORETIC BEHAVIOR PLANNER

A. Semantic-Level Action Generation

1) Actions of Ego Vehicle: In the lane-merging problem,
the semantic-level decision involves selecting a gap and
determining the desired lateral position. As shown in Figure
3, the ego vehicle in blue has three potential gaps to choose
from. To reach the target gap, the ego vehicle needs to
perform a sequence of lateral decisions. The common lateral
decisions are lane changing and lane keeping. Furthermore,
we introduce one additional intermediate lane, represented
by the dashed blue line in Figure 3, to enable a probing
decision. This allows the ego vehicle to gather information
and negotiate with the surrounding vehicles. Overall, the
complete lateral decision set can be defined as:

Dlat := {LaneKeep,LeftChange,LeftProbe}.

The semantic-level decision at decision step k is denoted
by an action tuple πEV,k := (gk, d

lat
k ), where gk ∈

{Gap0, Gap1, Gap2} and dlat
k ∈ Dlat(gk). We note that the

lateral decision set is conditioned on the gap selection, which
reduces the number of action tuples. For example, if the ego
vehicle chooses Gap0, then the only available lateral action
is to keep the current lane. Next, we construct a decision
tree to enumerate all the possible decision sequences. Each
node in the tree represents a decision tuple. The decision
tree is rooted in the decision selected in the last planning
cycle and branches out at each decision step. Due to the
exponential growth of the number of decision sequences with
the depth of the tree, it is necessary to prune the decision tree
to limit computational complexity. By using semantic-level
decisions that can be easily understood by humans, we can
design some rules to prune the tree. For instance, we can
restrict the number of decision changes over the planning
horizon because human drivers tend to maintain their current

Fig. 3: Semantic-level decisions. Three gaps are available for
the ego vehicle to choose from: Gap0, Gap1 and Gap2. The
dashed red lines represent the centerlines of the lanes, and the
dashed blue line represents the probing line. EV stands for the
ego vehicle, while SV0, SV1, and SV2 represent the surrounding
vehicles. |xl − xf | and |yl − yf | represent the longitudinal and
lateral distances between the lane-changing vehicle (leader) and the
interactive vehicle (follower), respectively.

driving decisions for relatively long periods of time. In
addition, we can rule out certain transitions that would not be
considered by normal human drivers, such as the transition
from (Gap1,LeftChange) to (Gap2,LeftChange).

2) Actions of the Surrounding Vehicles: We make the
following assumptions on the surrounding vehicles: (i) The
surrounding vehicles maintain their lanes and have only
longitudinal motion - a common assumption in prior work
[8]–[10], [17], [21]; therefore, we define their longitudinal
decision set as {Assert,Yield}. (ii) The surrounding
vehicles maintain their decisions throughout each forward
simulation. This assumption is reasonable in practice since
the planner runs in a receding horizon fashion. (iii) The
ego vehicle only directly interacts with at most one sur-
rounding vehicle throughout each forward simulation. For
instance, as shown in Figure 3, if the ego vehicle selects
Gap2, its motion affects SV2, but not the vehicles ahead
(SV0 and SV1). Therefore, we can treat all surrounding
vehicles as a group, and the action set of the group is
ΠSV := {Assert,Yield}.

B. Multi-vehicle Forward Simulation

1) Vehicle Dynamics: Next, we intend to generate the
trajectories by simulating the motion of the vehicles from
the initial states. We represent the dynamics of vehicle i as
a kinematic bicycle:

ẋi = vi cos (θi), ẏi = vi sin (θi), θ̇i =
vi
l
tan(δi), v̇i = ai,

where (xi, yi), θi and vi are the position, the heading angle,
and the speed, respectively; ai and δi are the acceleration
and the steering angle; l represents the inter-axle distance.
The configuration vector is denoted as qi := [xi, yi, θi]

⊤.
Since we assume that the surrounding vehicles do not make
lane changes, their heading and steering angles are equal to
zero during the forward simulation (θi = 0, δi = 0). We
discretize the dynamics via the Runge-Kutta 3 method.

2) Motion of the Ego Vehicle: We use two separate
controllers to generate the longitudinal and lateral motion
for the ego vehicle. For the longitudinal motion, we track the
target longitudinal position and the desired speed via a PD
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controller. One example of the target longitudinal position
within the desired gap is illustrated in Figure 3. The desired
gap, Gap2, is defined based on the positions of the front
and rear vehicles, denoted as xfront and xrear, respectively.
Similar to [5], we determine the target longitudinal position
and speed using a rule-based method.

As for the lateral motion, we adopt a pure pursuit con-
troller that requires the current vehicle speed and the target
line as inputs. The steering angle is computed by δctrl

i =

tan−1
(

2L sin(γi)
Kppvi

)
, where γi represents the angle between

the heading direction and lookahead direction, Kpp is the
feedback gain, and Kppvi is the lookahead distance.

3) Motion of the Surrounding Vehicles: To model the
behavior of the surrounding vehicles, we propose a modified
intelligent driver model (IDM). Unlike the original IDM
[22], which focuses solely on car following and disregards
vehicles on adjacent lanes, our modified model considers
lane-changing vehicles by projecting them onto their target
lanes, resulting in virtual vehicles as shown in Figure 3
Subsequently, we calculate the distance between the virtual
leader and the follower using the following approach:

didm = |xl − xf |eκ|yl−yf |, κ = 2 log(β)/wlane,

where wlane is the lane width, and β is a parameter charac-
terizing the level of willingness to yield. In fact, by adjusting
the value of β, we can model different actions performed by
the group of surrounding vehicles. Specifically, a large value
of β indicates that the vehicle on the target lane is less likely
to yield to the lane-changing vehicle because it perceives that
the projection is far away. When the lateral distance between
two vehicles vanishes

(
|yl − yf | = 0

)
, the virtual distance

between them is equivalent to the true distance.
C. Trajectory Evaluation

After generating multi-vehicle trajectories for each action
tuple, we proceed to select a specific action tuple by solving
a matrix game. For constructing the cost matrix, we first
introduce the cost function Ji of vehicle i, which is typically
a combination of several user-defined metrics, including
safety, efficiency, comfort and navigation cost: Ji = J saf

i +
J eff
i +J com

i +Jnav
i . The value of the cost function Ji depends

on the trajectories generated by the forward simulator, which
are influenced by the semantic-level decision sequences of
the ego vehicle (πEV) and the surrounding vehicles (πSV).

We calculate the safety cost by examining vehicle col-
lisions. Here, the footprint of vehicle i is modeled as a
rectangle Ri(qi). If the distance between two rectangles is
less than a small value d, indicating a potential collision, we
assign a very large penalty to the corresponding trajectory.
With this in mind, we compute the safety cost as follows:
J saf
i (πEV, πSV) :=

∑T
t=0

∑N
j=1, j ̸=i P (qi(t), qj(t)), where T

is the planning horizon and N is the number of vehicles. We
design P as follows:

P (qi(t), qj(t)) :=


wsaf

1 if 0 ≤ dij(t) < d

wsaf
2 if d ≤ dij(t) ≤ d̄

0 else

where dij(t) represents the distance between Ri(qi(t)) and
Rj(qj(t)), and wsaf

1 is large than wsaf
2 . By giving a relatively

small penalty wsaf
2 when dij(t) falls within the range of [d, d̄],

we encourage the vehicle to keep a suitable distance from
the surrounding vehicles. Next, we measure the efficiency
of the trajectory by computing the sum of the squares of
the differences between the vehicle speed and its desired
speed: J eff

i (πEV, πSV) := weff ∑T
t=0(vi(t) − vdes

i )2. For the
comfort cost, we consider the change in acceleration, which
is known as jerk. We use the finite difference to approximate
the jerk, and subsequently define the comfort cost as follows:
J com
i (πEV, πSV) := wcom ∑T

t=1(ai(t) − ai(t − 1))2/∆t2.
Next, we penalize the differences between the vehicle lateral
position and its desired lateral position to encourage the lane-
changing maneuver: Jnav

i (πEV, πSV) := wnav ∑T
t=0(yi(t) −

ydes
i )2. Additionally, we introduce an information gain metric

in the cost function, inspired by [23], to motivate the ego ve-
hicle to actively identify the surrounding vehicles’ intentions.

In practice, the ego vehicle needs to estimate the cost
functions of other vehicles by observing their trajectories
since it cannot directly access these costs. Similar to POMDP,
we account for the uncertainty in the aggregate cost of
the surrounding vehicles by integrating the beliefs into the
cost function. The modified aggregate cost is computed as
follows: J̄ ij

SV := (1 − b(πi
SV))J

ij
SV,

∑MSV
i=1 b(πi

SV) = 1,
where b represents the belief associated with the action of
the surrounding vehicles. This design can be understood
as incorporating prior knowledge about the behavior of the
group of surrounding vehicles into the aggregate cost. For
example, if we have prior knowledge suggesting that the
group is likely to yield, then we can set the corresponding
belief close to 1, which reduces the modified aggregate cost.
We use a Bayesian estimation algorithm [24] to recursively
estimate the beliefs at the beginning of each planning cycle.

After constructing the cost matrix, we compute a Nash
equilibrium for the matrix game by enumerating all possible
combinations of semantic-level actions. If multiple Nash
equilibria exist, we select the equilibrium with the lowest
social cost. If a Nash equilibrium does not exist, we choose
the Stackelberg equilibrium with the ego vehicle as the
follower as a backup solution.

V. ON NASH AND STACKELBERG EQUILIBRIA

In this section, we examine the conditions for the exis-
tence of a pure-strategy Nash equilibrium and explore the
relationship between the Nash and Stackelberg equilibrium.
We consider a specific cost matrix where π1

SV := Assert
and π2

SV := Yield as mentioned in Section IV-A. We call an
action tuple (πSV, πEV) feasible if the corresponding multi-
vehicle trajectories are free from collisions, and we assume
that there always exists at least one feasible action tuple.

Next, we show the existence of a Nash equilibrium for
the matrix game. To obtain the results of this section, we
assume that for the group of the surrounding vehicles (SV),
behaving politely incurs a higher cost, while the ego vehicle
(EV) achieves a lower cost if SV shows polite behavior. This
assumption is required by Propositions 1 and 2.
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Proposition 1. Assume that the inequalities 0 ≤ J1m
SV ≤ J2m

SV
and J1m

EV ≥ J2m
EV ≥ 0 hold for all feasible action tuples

and m ∈ {1, . . . ,MEV}. If b(π1
SV) ≥ 0.5, then there exists

p ∈ {1, . . . ,MEV} such that the action tuple (π1
SV, π

p
EV) is a

pure-strategy Nash equilibrium.

Proof. We select p such that J1p
EV ≤ J1m

EV for all m ∈
{1, , . . . , ,MEV}. Then, πp

EV is the best response to π1
SV.

Using the assumptions in the proposition, we can conclude
that 0 ≤ J1p

SV ≤ J2p
SV. Furthermore, the inequality (1 −

b(π1
SV))J

1p
SV ≤ b(π1

SV)J
2p
SV holds for b(π1

SV) ≥ 0.5. Therefore,
π1

SV is the best response to πp
EV, and (π1

SV, π
p
EV) is a Nash

equilibrium.

In the following, we establish a connection between a Nash
equilibrium and a Stackelberg equilibrium.

Proposition 2. If the action tuple (π2
SV, π

p
EV) is a Nash

equilibrium, then it is also a Stackelberg equilibrium with
EV as the leader.

Proof. As (π2
SV, π

p
EV) is a Nash equilibrium, π2

SV is the best
response to πp

EV, and the inequality J2p
EV ≤ J2m

EV holds for
all m ∈ {1, , . . . , ,MEV}. Based on the inequality J1m

EV ≥
J2m

EV ≥ 0, we can conclude that J2p
EV ≤ J2m

EV ≤ J1m
EV .

Therefore, (π2
SV, π

p
EV) is a Stackelberg equilibrium with EV

as the leader.

VI. NUMERICAL SIMULATIONS

We consider a lane-merging scenario as introduced in
Section III. The red (SV1) and pink (SV2) vehicles are
considered potential interactive vehicles since the ego vehicle
can influence their motion, while the orange vehicle (SV0)
is a non-interactive dynamic obstacle. We set the initial
beliefs on the interactive vehicles’ decisions to bSV1(π

1
SV) =

bSV2(π
1
SV) = 0.5. To simplify the notation, we use b1SV1 and

b1SV2 to represent bSV1(π
1
SV) and bSV2(π

1
SV), respectively. We

use a planning horizon of T = 25, a discretization step
of ∆t = 0.2 s, a decision time period of ∆h = 1 s and a
decision horizon of H = 5.

A. Monte Carlo simulations

We conduct open-loop Monte Carlo simulations to em-
pirically verify the existence of a Nash equilibrium and
investigate its relationship with the Stackelberg equilibrium.
We first specify collision-free initial multi-vehicle states.
Then, the state of the ego vehicle is perturbed by ±10m
for the initial position, ±5m/s for the initial longitudinal
speed. We run 500 simulations for each belief and compute
three equilibria: Nash (NE), Stackelberg with the ego vehicle
as the leader (SEEV), and Stackelberg with the group of
the surrounding vehicles as the leader (SESV). The results
are presented in Figure 4a. A Nash equilibrium is found in
all simulations despite no theoretical guarantee in general.
As mentioned before, if there are multiple Nash equilibria,
we select the one with the lowest social cost. We observe
that the selected Nash equilibrium coincides with one of the
Stackelberg equilibria.
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Fig. 4: Results of Monte Carlo simulations. (a) illustrates the
relationship between Nash and Stackelberg equilibria. (b) shows the
percentage of yielding decisions made by SV in various equilibria
over 500 simulations. The notations NE, SESV and SEEV represent
the Nash equilibrium, Stackelberg equilibrium with SV as the leader
and Stackelberg equilibrium with EV as the leader, respectively.

Figure 4b illustrates the statistical results on SV’s yield-
ing decisions in different equilibria over 500 simulations.
Specifically, SV is more likely to yield when both players
employ a SEEV. In contrast, SV is less inclined to yield when
both players select a SESV. This implies that SV seems to
behave cooperatively if the ego vehicle is the leader. On the
contrary, if the ego vehicle is the follower, then it tends to
show conservative behavior because the other vehicles are
likely to assert. Overall, we conclude that adopting a Nash
equilibrium exhibits less interactive behavior than adopting
a SEEV, but it is less conservative compared to adopting a
SESV. In other words, it seems that a vehicle can switch
between interactive and conservative behavior automatically
by selecting a Nash equilibrium.

B. CARLA simulations

We conduct closed-loop simulations in the CARLA sim-
ulator to evaluate our proposed approach. The scenario
depicted in Figure 3 requires the ego vehicle to merge onto
the target lane as quickly as possible within a limited lane
length of 100m. To simulate a real-world scenario, we add
an additional surrounding vehicle behind the pink vehicle
(SV2), resulting in three surrounding vehicles on the target
lane. A successful lane merging means the ego vehicle stays
within 0.5m from the center of the target lane, with a
heading parallel to the lane.

We choose to control the behavior of the surrounding
vehicles by the Predictive Intelligent Driver Model [25]. In
this model, surrounding vehicles anticipate the ego vehicle’s
motion using a constant velocity model and respond when
the ego vehicle comes within a certain lateral distance, which
is determined by the behavior mode. The slow-moving trunk
follows polite behavior, while other surrounding vehicles on
the target lane exhibit selfish behavior, simulating a traffic
flow with higher speeds.

We compare the proposed planner with two other baseline
planners: the planner proposed in EPSILON, which selects
a trajectory with the lowest cost; and a planner that selects a
trajectory by seeking a Stackelberg equilibrium with the ego
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vehicle as the leader. We track the trajectories generated by
each planner using a lower-level PID controller.

We conduct experiments on three different planners using
two initial traffic speeds. For each initial condition, we
run 200 simulations to ensure statistical significance. In
Table II, we observe that all the planners performed well
at a low speed. However, as the traffic speed increases, our
proposed game-theoretic method achieves a higher success
rate compared to the baselines while requiring approximately
the same merging time.

TABLE II: Evaluation in closed-loop simulation

Initial Speed Metric Nash Stackelberg EPSILON

Low

(≈ 5m/s)

success rate

collision rate

time to merge (s)

99%

1%

8.75

94%

6%

8.17

98%

2%

8.28

High

(≈ 10m/s)

success rate

collision rate

time to merge (s)

95%

5%

6.92

89%

11%

6.90

70%

30%

6.78

VII. CONCLUSION

This paper focuses on developing a game-theoretic plan-
ning algorithm for automated vehicles to perform lane
changes in interactive environments. Our simulation study in
CARLA demonstrates the superior performance of our pro-
posed method compared to the state-of-the-art approaches.
By comparing different equilibria via numerical simulations,
we observe that selecting a Nash equilibrium allows for
automatically switching between interactive and conservative
driving behavior. Although forward simulations are time-
consuming, they can be easily performed in parallel to reduce
the computation time. In future work, we plan to implement
our method in C++ and validate it on a hardware platform.
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