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Interaction-Aware Motion Planning for Autonomous Vehicles via
Estimated HMMs of Road User Decisions

Carl-Johan Heiker!, Yingshuai Quan'! and Paolo Falcone'

Abstract—In this paper, we propose an interaction-aware
predictive motion planning framework for an autonomous vehicle
(AV) that must avoid collisions with stochastic and interactive
human-driven vehicles (HDVs). We first model the input decision
formation in a network of HDV agents as a hidden Markov
model (HMM), in which the joint agent input is approximated
as a multivariate Gaussian. The distribution parameters are
determined by the hidden Markov chain state representing the
agent decision configuration in the network. The interaction-
aware model predictive controller then determines an optimal AV
control input by constrained optimization over the most probable
future scenarios, resulting from input ranges specified by the
Gaussian parameters of state sequences predicted by a scenario
tree. By constraining the AV according to the input bounds of one
agent, the controller helps maintain the accuracy of the HMM’s
joint input predictions. The framework is evaluated in a case
study of a traffic intersection that explores how learning different
interactive HDV behaviors affects an AV’s decision to pass
or yield. The proposed interaction-aware controller produced
feasible solutions in 93% of simulations, whereas the feasibility of
comparative baseline controllers, which do not take interaction
into account, was 77 %.

Index Terms—Model predictive control, Interaction, Hidden
Markov chains, Motion planning, Obstacle avoidance

I. INTRODUCTION

N the transition to fully autonomous transportation systems,

new problems arise as autonomous vehicles (AVs) are
introduced in traffic scenes that predominantly involve human-
driven vehicles (HDVs) [1]. In AV motion planning, predicting
HDV trajectories is challenging as human drivers exhibit
diverse behaviors and adapt their decisions in response to
surrounding vehicles. Bidirectional interaction between the
HDVs and the AV has a significant effect on the outcome in
traffic scenarios [2], [3]. Therefore, there is a need to predict
the HDVs’ behaviors conditioned on the AV’s actions instead
of treating the prediction as an independent process. In this
paper, we investigate how a model of interactive decision
formation in a traffic scene can be estimated and used to
improve predictions in the motion planning strategy of an AV
that must avoid collisions with surrounding interactive HDVs.

To achieve this, we require a model of human behavior
and interaction. Neural network based methods have been
used with reinforcement learning for driver behavior modeling
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[4], [5], although they are often criticized for their lack of
transparency. Alternatively, human road users can be described
by explicit models of complex behaviors, such as interaction
and decision-making, added on top of basic motion models
[6], [7]. In [8], a Markovian model of interactive decision
formation among stochastic HDVs was proposed and tested in
a traffic intersection example. Based on the model presented
in [9] and [10], which was used to describe social networks
in [11] and political elections in [12], decision-making agents
are modeled as continuous-time Markov chains that interact
through transition rate modulation. However, decisions and
other abstract signals can not usually be measured directly.
Therefore, hidden Markov models (HMMs) that describe
underlying but unobservable stochastic processes that have
to be inferred from emitted observations are frequently used
in traffic applications. HMMs have been used to model, for
instance, driver intentions [13], [14], interaction [15] and
changes in driver strategies [16], and can be estimated from
observations using the Baum-Welch algorithm [17], [18].
Motivated by the flexibility and readability of the HMM-
based methods, we model road users as agents with decision
configurations represented by the hidden state of an HMM.
Each state holds a set of parameters that specify a mode in a
multivariate Gaussian distribution of agent inputs. From agent
input observations, we then estimate the parameters of the
HMM using a Baum-Welch-based algorithm. The estimated
HMM describes how agents interactively choose their inputs,
and input mode sequence realizations can be predicted using
a scenario tree.

Once made available, models of interactive decision forma-
tion can be used to improve predictions in the motion planning
strategies of AVs, as these are often based on model predictive
control (MPC) which determines control input by constrained
optimization over a prediction horizon. However, when pre-
dictions of surrounding HDVs are uncertain, it is necessary to
specify the probability with which specific collision avoidance
constraints will be activated. In stochastic MPC, such satis-
faction guarantees can be achieved using chance constraints
designed to bound the risk of unsafe events [19], [20], [21],
[22]. Assumptions on the distribution of the uncertainties, for
instance it being multi-modal or Gaussian, has implications for
the explicit form of the collision avoidance constraints [23],
[24], and on the existence of recursive feasibility guarantees
[25]. Alternative to stochastic MPC, the scenario MPC ap-
proach instead evaluates a finite set of scenarios representative
of the uncertainty distribution [26], [27], [28]. Similarly, [29]
generates enough scenarios to guarantee satisfaction of chance
constraints by a confidence bound determined by the scenario
sample size. While fixed uncertainty distributions can be used
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by an AV to predict the decisions of surrounding HDVs that
make decisions independently from the actions of the AV
itself, such distributions may become invalid if the HDVs also
react to the decisions of the AV. In this paper, we introduce
an interaction-aware MPC that captures and plans for this
bi-directional dependency. The controller uses an estimated
HMM of the joint agent input decision process to derive a
set of scenarios, formulated as hidden state sequences that
specify how the modes in the joint Gaussian input distribution
will evolve over a prediction horizon. Using the associated
state sequence probabilities, the scenario set can be designed
to meet probabilistic safety guarantees. The controller then
determines a single control input for the controlled agent by
constrained optimization over all scenarios simultaneously. In
each prediction stage, scenario specific constraints for both
input limitation and collision avoidance are derived from the
predicted joint input distribution mode so that the final optimal
control input follows the interactive behavior predicted by the
HMM.

Our main contributions are i) the estimation of an HMM
describing the joint input decision process in a network of
agents, and ii) an interaction-aware MPC that uses the HMM
to plan the behavior of a controlled agent according to the
expected bi-directional interaction with uncontrolled agents.

We formulate our control problem in Section II and describe
the HMM in Section III. Section IV treats HMM estimation,
while Section V describes our MPC. In Section VI, we prepare
the case study that is conducted in Section VII. Finally, we
draw conclusions in Section VIII.

II. PROBLEM FORMULATION
A. Controlled agent

In a multi-agent system, we consider a controlled agent with
discrete-time dynamics described by

T(tey1) = f(2(tr), ulty)), ¢))

where z(t;) € R™ and u(t;) € R™ are the state and input
vectors at time ¢.

B. Uncontrolled agents

An uncontrolled agent has dynamics described by

o(trs1) = g(o(tr), w(ts)) (2)

where the state and input vectors o(t;) € R"= and w(ty) €
R™ at time ¢; have the same domains as = and wu.

C. Assumptions

For the two agent types, we make the following key
modeling assumptions.

Assumption 1. The input signal w in (2) is a multi-modal
random variable generated by an unknown distribution.

Assumption 2. At any time ty, the most recent input signals
w(ti—1) from uncontrolled agents are measurable, and the
function g in (2) is known.

HDV; @

I HDV,

Fig. 1: Intersection example.

Assumption 3. Each uncontrolled agent tends to avoid enter-
ing a perceived collision zone Z, = {0 : 0, < 0 < 0p} C R™=,
where o, and oy, are constant vectors, at the same time as other
agents. However, this is a behavioral preference rather than
a hard constraint.

Assumption 4. The controlled and uncontrolled agents influ-
ence each other’s input decisions bi-directionally, such that
u(ty) and w(ty) may be correlated.

D. Motion planning with collision avoidance

Under the assumptions given in Section II-C, the goal is
to design an optimal predictive controller that provides an
input wu(t;) for a controlled agent such that it reaches a
reference state 7, in finite time while avoiding collisions with
uncontrolled agents in its perceived risk zone Z, = {x : 2, <
x < xp} C R™, where z, and x; are constant vectors. It is
possible that Z, # Z,. The following example illustrates a
traffic scenario in which such a controller is necessary.

Example 1. In the traffic intersection example depicted in
Fig. 1, a controller that determines the acceleration of the AV
must predict the future states of itself and the two uncontrolled
HDVs in order to prevent collisions between the AV and
the HDVs in Z,. This is challenging for two reasons. First,
there is only enough information to predict the actions of the
HDVs in probabilities. Second, the AV and the HDVs mutually
influence each other’s input decisions, which means that a
prediction model that treats them as independent will become
less accurate in certain parts of the joint input domain.

To construct an interaction-aware controller that can plan
for the effect described in Example 1, we begin by modeling
an underlying decision process that will determine how agents
select their inputs.

III. HIDDEN MARKOV MODEL OF AGENT INPUT DECISIONS
A. Single agent

As in [8], the decision process of a single agent is modeled
as a time-homogeneous and ergodic continuous time Markov
chain (CTMC) over a set of decision states according to
Definition 1.

Definition 1 (Time-homogeneous and ergodic CTMC). A
time-homogeneous CTMC C(S,Q,11(ty)) describes a state
variable S(t) that can transition instantaneously between
states in the set S = {si1,82,...,8m} at any point t in
continuous time. The probability to transition from s; to s;
after a period T is given by an element P(i,j) = Pr[S(to +
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T) = 5j|S(to) = si] in the T-dependent transition probability
matrix P(1) € RM*XM \here Zjvil P(i,j) = 1,Yi,7 and
P(i,4) > 0,Yi, j. Time-homogeneity implies that P(T) = €97,
where Q € RM*M s q constant matrix of transition rates such
that

qij = 0

- ZJM:1 Qij

The vector 11(t) € RM*1 describes the probability that the
CTMC is in each state at t = ty + T and is given by
solving L11(t) = QTII(t) from the initial condition I1(ty). By
definition, Zf\il IL;(t) = 1 and T1;(t) > 0 Vi, t. An ergodic
CTMC has a nonzero probability to visit all states in finite
time, such that lim;_,, 11(t) = II where TI; > 0, Vi.

ifi#7j,

Q(M)—{ il

To capture the decision influence between several agents,
described by Assumption 4, the simultaneous evolution of all
agent states can be described in a network model.

B. Agent network

For a set A of N CTMC agents according to Definition 1,
a network state is a tuple Sx () = (S1(t), S2(t), ..., Sn (%))
that describes the state variables of all N agents. Hence, it
can assume MY values in the cartesian product Sy € S; x
Sa,+ - X Sn.

1) Network CTMC: By definition, the probability that a
single CTMC transitions from state s; to s; at a singular point
in continuous time is zero, which means that the probability
that two or more CTMC agents transition at exactly the same
time is also zero. Due to this property, the network of CTMC
agents can itself be described as a CTMC defined by the
network state set Sx, an initial network state probability
IIx (o) and a transition rate matrix

N
Qx =Y Tyt @ Q@ Iypv—n, 3)
n=1

constructed from the rate matrices @, of the individual agents
[9], [8]. In this derivation of @ x, it is assumed that S,, is the
same for all n, and ® denotes the Kronecker product.

2) Uniformization into discrete-time Markov chain formula-
tion: The control application and estimation procedure consid-
ered in this paper are described in discrete time, which means
that a discrete-time Markov chain (DTMC) network formula-
tion would be sufficiently accurate and less computationally
expensive compared to a CTMC.

Definition 2 (Time homogeneous and ergodic DTMC). A
DTMC D(S, P,11(ty)) has a state variable S(ti) that can
transition instantaneously between states in the finite set
S ={s1,82,...50m} at equidistant points ty, in discrete time,
where k € N. In a time-homogeneous DTMC, the probability
to transition from s; to s; after ky time steps is given by
an element P* (i,j) = Pr(S(ti+r,) = 8;1S(tx) = si] in
the k:g’ power of the constant one-step transition probability
matrix P € RM>*M ywhere Zj\il P(i,j)=1and P(i,j) >0
Vi, j. The vector T(t;) € RM*L represents the probability
that the DTMC is in each state at tp, and is given by
the relationship T(tyyr,) = (P*)TT(tx). By definition,

I;(ty) > 0 and S, T(ty) = 1, Vi, k. An ergodic DTMC
has a nonzero probability to visit all states in finite time, and
limg s o0 II(¢g) = II where 11; > 0, Vi.

Generally, a CTMC can be uniformized into a DTMC by
transforming its transition rate matrix () into a transition
probability matrix P according to

. 45 if i # j,
3 =

where A > max; —Q(4,4) is the uniformization rate. The
DTMC has state probabilities I1(¢) that are identical to those
of the original CTMC at t;, [30].

3) Simultaneous agent transitions: The transition rate ma-
trix (3) constructed for the CTMC network definition in
Section III-B1 does not allow simultaneous transitions in its
topology. Because the transition topology is preserved in the
uniformization process (4), a DTMC network produced by
direct uniformization of the CTMC network transition rate
matrix does not allow for simultaneous agent transitions either.
However, this is too restrictive for a network model, as stated
in the following theorem.

Theorem 1. A DTMC agent network formulation must permit
any number of agents to transition simultaneously.

Proof. Assume that two CTMCs that follow Definition 1
are observed over the time interval [t,¢ 4+ 7] where 7 > 0
and ¢ is some point in continuous time. Each CTMC has
transition probabilities determined by a 7-dependent matrix
of the form P(7) = e®". Assume that at some point in time
t <ty <t+ 7, we require that both CTMCs transition. We
can approximate P(t,) by shrinking the interval, but this gives
P(t,) = lim,_P(r) = I which only allows self loops.
Conversely, as long as 7 > 0, P(7) # I which means that any
number of transitions other than self loops remain possible for
either CTMC on the interval [¢, ¢+ 7]. A time-discrete DTMC
approximation of the CTMC network that only describes state
observations in the interval limits must therefore allow that any
number of agents have transitioned between observations. [

4) Network DTMC: To construct a network DTMC
X(Sx, Px,Ix(ty)) for the agents in A that agrees with both
Definition 2 and Theorem 1, we set

N
PX:®PH:((P1®P2)®P3...)®PN, (5)

n=1

where the transition probability matrix P, of each agent
a, is derived through uniformization of its transition rate
matrix @, according to (4) using a common uniformization
rate A > max;, —Qn(4,7), corresponding to the highest
sum of transition rates out of a state among all agents in
the network. With this definition, any number of agents can
transition simultaneously with a joint transition probability
that is the product of their individual transition probabilities.
Additionally, (5) does not require that all agents share the same
state set.
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S5

V(tr) ~ N (13, Z3)

Fig. 2: Network HMM representation of a; and as.

C. Hidden agent network model

While it may be possible to crudely estimate or guess the
parameters of a nominal DTMC describing the isolated deci-
sion process of a single agent, the effects of decision influence
between several agents are difficult to model. Additionally,
decisions in traffic can rarely be measured directly and must be
inferred from measurable signals. Therefore, we now assume
that the network DTMC X (Sx, Px,IIx(t)) forms the basis
of a hidden Markov model of input decision formation in an
agent network.

Definition 3 (Hidden Markov model of input decision forma-
tion in an agent network). A hidden Markov model (HMM)
H(X,0) of input decision formation in an agent network
consists of a network DTMC X (Sx, Px,11x(0)) that follows
Definition 2. However, the value of the network decision state
Sx (tx) cannot be directly observed. Instead, we observe the
measurement vector V (ty) = [v1(tx) va(tx) .. .UN(tk)]T,
where vy, (ty) represents the input to agent a,, which can be
controlled or uncontrolled. By Assumption 1, V (ti,) is approx-
imated as a multivariate and multimodal Gaussian random
variable N (p;, ;) where the parameter pair (p;,%;) € 6
is determined by the hidden network state Sx(tp) = s;.
i € RN™XL s the mean of the network input, while
Y, € RNuxNnw o the covariance. For each unobservable
state sequence Si.x = (SX (ty) = si), the HMM outputs an
observable sequence of observations V1. = (V(tk) = Vk)
where k € [1, K] NN and Vj, denotes a sample from the
distribution of V (t).

Definition 3 describes an HMM with a continuous observa-
tion density [18]. In the following example, we form a network
HMM from two separate agent definitions.

Example 2. Consider two HMMs that describe the isolated
input decision processes of agents ay and as with inputs
v1(tr) € R <Y and va(ty) € R™ ¥, Assume that vy (ty) and
va(tx) are normally distributed with parameters determined
by a state in S1 = {s1,1,81.2,51,3} and Sy = {s21,522}.
For the HMM agent network representation of a1 and as
S T

in Fig. 2, V(ty) = [vl(tk) ’I)Q(tk)] ~ N(ui,%;) where
i = [,ulya ,Ulgyb}T and ¥; = diag(X4 4,32,) is determined
by a network state s; = (s1,4,S2) € Sx = S1 X Sa.

In Example 2, the network HMM simply describes the joint
evolution of two independent agents, and each isolated agent
model can be reconstructed as a marginal distribution in the
network model. In Section IV, we show how the parameters
of this nominal network model can be re-estimated to describe
effects of decision influence observed in data.

Remark 1. In e.g. [8], [31], [32], interaction is modeled
as social forces that modulate each agent’s nominal CTMC
transition rates based on the decisions of other agents. While
the data-driven approach proposed in this paper produces
less general models, the estimated parameters are expected
to better reflect the behavior observed in specific scenarios.

IV. BAUM-WELCH-BASED LEARNING ALGORITHM

The Baum-Welch algorithm [17] iteratively updates the
parameters of an HMM estimate H (X, ) until the log likeli-
hood of the parameters with respect to the observations in V
converges to a local, but not necessarily global, maximum. In
the following, we outline the key steps of our implementation
of the algorithm.

A. Estimation of state transition probabilities

The transition probability matrix Px of the hidden DTMC
X is estimated using the forward/backward procedure [33].
The forward variables f(i,k) (not to be confused with state
dynamics in (1)) describe the probability

fli, k) = Pr[Vig|Sx (tr) = si, HPr[Sx (t).) = s;|H]

of seeing the observations V., up to ¢; and being in state s;
at t;,. This variable is defined recursively as

f(iv 1) = HX,i(l)(I)(iv l)a
M

f(l’k):(I)(Z’k)z.f(jvk_1>PX<]a@)7 (6)

J

where ITx ;(1) is an arbitrary initialization of the state proba-
bility and ®(i, k) is an approximation of the probability given
by integrating the probability density function of the Gaussian
N (i, ;) over a small region around the observation at ¢y,
normalized over all 7 to obtain a probability measure of the
case that state s; generated the observation.

The backward variables describe the probability to make the
observations after ty, given Sx (tx) = s;, as

b(i7 ]ﬂ) = Pr[Vk+1:K|Sx(tk) = S, H}

Assuming that Sx (t;) = s;, b(¢, K — 1) describes every event
that can lead to observing V (tx) given Sx(tx—1) = s;. The
backward variables can thus be found recursively as

b(i, K) =1,
M

b(i,k) = > b(j,k+1)Px (i, )®(j, k+1). (7
j=1

Based on Bayes rule [18], the probability that Sx (t;) = s;
given the observation sequence V;.x can be expressed using
the forward- and backward variables as

Pr[Sx (tx = i), Vi.ic|H]

V(i k) = Pr[V 1. | H] -

S0, k)i k)
SN FG, k)b(i, k)
(8)
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Now, we derive the probability to transition from s; to s;
given Vi.x and H by extending (8) to include the transition
from ¢y to tx41. This yields

Pr[Sx (tr) = i, Sx (tet1) = 85, Vi | H]
Pr[Vy. | H]
_ £, k) Px (i, §)®(j, k + 1)b(j, k + 1)
S SN Flin, k)P (i, i2)® iz, k + 1)b(ia, ki + 1)
)
Note that the denominator of this expression is equal to
the denominator of (8). When the previous parameters are

computed for D sequences Vg 1.5 € V, we can update the
DTMC transition probability matrix estimate as

S S i g k)
ZHZM“'lwm

E(i7j7 k) =

Px(i,j) =

(10)

B. Estimation of Gaussian parameters

The Gaussian parameters in 6 can be updated separately by
an expectation maximizing step as a weighted sample mean
and covariance [18]. In this case, the weight is given by (¢, k),
which is the probability of being in state s; and using the
associated parameter pair at time ¢;, given the sequence V..

However, a single sequence may lack diversity. In this case,
only a subset of parameters may give a nonzero value of
®, causing X; to become ill-conditioned for states s; that
are not represented in the data. While sample diversity can
be increased by concatenating observation sequences, this
also introduces fictitious transitions in the edges of the data
sets, corrupting the estimation of Px. Hence, we estimate
Px separately for each sequence, but concatenate all v, and
sequences Vg 1.x before updating the Gaussian parameters
according to

S TG k) (Ve — )
Sk, T(i, k)
S T, k) (Vi — ) (Vi
Sy T, k)

where V and T' are the concatenations of all sequences
Va1:x €V and corresponding 4.

(1)

—_\T
¥, = Mz)

) 12)

C. State pruning

While a large initial state set increases the chances of finding
a better local optimum, redundant states do not increase the
model likelihood enough to justify the consequent increase in
model complexity. This issue can be addressed by removing
states s; from Sy if ZLW I(i, k) < e, where €, is a user-
defined positive, constant scalar. This can be done as long as
|Sx| > Muin, Where My, is the desired minimum number
of states. In practice, state pruning is done by removing the
Gaussian parameters associated with s; from 6, deleting the
corresponding row and column in Px and re-normalizing the
affected rows.

Algorithm 1 Learning agent network HMMs

procedure NETWORK HMM INITIALIZATION FROM A
SX:81 XSQ Xoee XSN.
Px = @X_, P, where P, = unif(Q,,, \) through (4).
for network states s; = (S1,4, 52,5, ---SN,c) € Sx do
Hi = [:u’:lr,a H{b : N’%,C]T
¥, = blkdiag(¥1,4, X2, - -, XN,c)-
end for
end procedure
procedure ESTIMATE NETWORK HMM PARAMETERS
while |Lyey — L| > € and || Px prev — Px||oc > €p do
for sequence V4 € V do
Update fy by (6), scale by (13).
Update by by (7), scale by (13).
Update 4 vars. by (8).
Update &, vars. by (9).
'« |T ’}/d}
V< |V Vd]
La + 335" log(ta(k)
end for
Compute avg. likelihood L = ‘71| Z‘WV‘ Ly,.
procedure PRUNE UNUSED STATES
it I T(i,k) < e, and My, < M then
SX — SX \ S;
end if
end procedure
procedure UPDATE PARAMETER ESTIMATES
Update Px by (10).
for states s; € Sx do
Update p; by (11).
Update ¥; by (12).
end for
end procedure
end while
end procedure

D. Probability scaling and convergence criterion

To mitigate the numerical underflow resulting from multi-
plying chains of probabilities in the estimation of Py, [33]
suggests normalizing the forward and backward variables by
a scaling factor

13)

where f(i, k) is the forward variable given by (6). The log
likelihood of one sequence Vg 1.x € V is then given by
Lq = Y17 log(£4(k)). We let Lye, and L denote the
average log likelihood of several sequences at the previous
and current iteration and use |Eprev — E| > €y, where ¢y is
a tunable scalar tolerance, as a first convergence criterion for
the learning algorithm. The second convergence criterion is
| Px prev — Px|loo > €p, Where Px prey is the estimate from
the previous iteration and €p is a tunable scalar limit. The
steps of the Baum-Welch-based algorithm for estimating an
agent network HMM from data are given in Algorithm 1.
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Fig. 3: Interaction-aware MPC procedure.

E. Scenario tree

In scenario-based approaches to MPC, realizations of the
uncertainty are derived by sampling its distribution. We use a
scenario tree to predict sequences of hidden states from the
estimated HMM H (X, ) over a prediction horizon from ¢, 4
to tk+ H-

Definition 4 (Scenario tree). A scenario tree T constructed
for an HMM estimate H (X, 0) that follows Definition 3 is
a complete M-ary tree with N, = % nodes, where
M = |Sx| is the number of network states in X and H is the
number of steps in the prediction horizon. Traversal from the
root at ty, to one of the Ny = M™ leaves at tx+ g produces a
unique state sequence Si.y. The associated sequence of state

sequence probabilities P1.p; is found through the recursion

Ix j(tk+n) = Oxi(tetn—1)Px (4, 7), (14)

where i and j refers to two consecutive states Sx (tg+n—1) =
s; and Sx (ti4p) = 8; in S1.q. A branch of the scenario tree
is defined as the pair (S1 pg,P1,1).

Since the probabilities IIx ;(t51) are products of previous
probabilities using a constant Px and an initial state prob-
ability ITx (¢x), they can be re-computed for a new initial
state probability IIx (¢;) by substitution in the first step of
the recursion.

FE. Validation

To asses the prediction quality of a branch (S;.p,P1.5)
generated by T at ty, we define the quality measure

c(i,h) = x i (h)®(i, k + h)), (15)

for the predicted state Sx(tx+n) = si. ®(i,k + h)) is
computed using the parameters in state S; with respect to a
true observation V5 in the validation sequence Vi 1.k1 5.
A high score is obtained when the probability ITx ;(h) is
high, the Gaussian mode specified by s; has a concentrated
covariance Y;, and the true observation is close to the mean

M-

V. INTERACTION-AWARE MPC

The idea behind the interaction-aware MPC, outlined in Fig.
3, is to use a scenario tree 1’ based on a trained HMM to
derive a set B of unique branches that predict how the network
of agents will decide their inputs over a finite horizon. All
branches will be evaluated simultaneously in the controller,
which selects a final input u(t) to a controlled agent in the
network. For simplicity, we assume that only one agent is
controlled.

P(’{," WY (Sx(trsr,) =51
wes ooy
2, PrOLY (Sx(teir) =5

701,21

Fig. 4: Scenario tree with reduced prediction resolution.

A. Controller design

1) Branch set derivation: First, a scenario tree T that fol-
lows Definition 4 predicts a set B of the most probable unique
branches over the controller’s prediction horizon. To reduce
computational complexity, we utilize a technique similar to the
ones used in e.g. [22], [34] in which sequence probabilities
are evaluated at every kltyh step of the horizon by replacing Px
with P in (14), such that TTx j(t;1x,) = Ix.i(tx) P** (i, 5).
The result is a state sequence with a lower resolution than
the prediction horizon, which requires us to approximate the
value of the state and probability chain between steps. For
processes with slowly varying state transitions, it is sufficient
to use zero-order hold to extend the sequences in these periods.
The scenario tree with this approximation enabled is shown in
Fig. 4.

Remark 2. The number of branches to evaluate can either
be selected by thresholding their cumulative probability to
be no less than a user-defined probability ¢ € (0,1], or
constant. While the former alternative can be used to assert
that safety constraints are satisfied with a certain probability,
much like chance constraints, the latter approach is used in
the simulations conducted in this paper for simplicity.

2) Decision variables: At each prediction stage h of each
branch (Sy1.1,Ps1.:#) € B, the controller determines con-
tinuous decision variables u,j; € R™ and x5, € R"
representing the input and state of (1) at ty,,. Note that
up1 represents the input applied at t; while xp,; is the
resulting state at ¢y4;. The slack variables p;;; € R™
and pp ., € R"™ are used to relax the upper and lower
input bounds if necessary to maintain feasibility. The single
input that the controller will apply at ¢j is described as the
continuous decision variable u; € R™,

Subsets of branches B, C B that share the same initial state
but diverge later must be included or excluded simultaneously.
If the single initial input uj obeys the constraint of that state,
all branches in B, may be realized, whereas none of them
will be realized if u; does not follow the constraints. The
binary decision variable z., € {0,1} encodes this choice,
where z. , = 1 indicates that all branches in B, are included
in the optimization. Finally, another binary decision variable
Zobmm € {0,1} activates the m*® collision avoidance con-
straint for the n'" uncontrolled agent in the branch with index
b.
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He,a %f N (i, i)

Hn,d

Fig. 5: The controlled agent a.’s input decision variable is
constrained to lie on the interval [y o —0, fic,o+0] based on the
predicted skewed agent network input distribution A (p;, 3;).

3) Objective function: The objective function that will be
minimized by the interaction-aware MPC is

1B,
J=> zmgz Z — Py p)dpn Cdiy,.  (16)
B,CB b=1

The vector dy, = [To,n — Ton Ubh Pl + Pb,u,h]T con-
tains the state variable’s divergence from the reference 7y,
the input, and the sum of slack variables, while C' =
blkdiag(q, r, ¢) holds the corresponding cost matrices ¢, r and
¢ so that dbthde’h forms the quadratic cost of scenario b at
stage h. The probability discount cq — Py, where cq > 1
and Py, is the probability of branch b at stage h, reduces
the cost of prioritizing a branch with high probability. The
branch subset choice variable z., determines whether or not
the branch subset B, should be realized and thereby contribute
to the objective function. The cost is scaled by 1/|B,| to
compare subsets of different sizes equally.

4) State constraints: For all b and h, the state variable is
bounded according to

Tmin < Tb,h < Zmax 17)
and follows the state dynamics (1) by
o ht1 = f(@pn, Unp)- (18)

5) Input constraints: A branch with index b predicts
that the agent network’s joint input vector V (txin) =
[1]1 (tk+h) ’L}Q(tk+h) 'UN(tk—i-h)] will be normally
distributed with the parameters p; and %; of state S(txyn) =
s; at stage h. The predicted input v.(tx+p) of a controlled
agent a. € A is represented by a subset of the elements in
V (tk+n). Therefore, its input decision variable u;j should
lie within a confidence interval specified by the conditional
distribution v¢(tx+p)|Unsc(tktn), where n # ¢ denotes the
indices of the remaining agents in the network. Assume that
the network is predicted to be in s; € Sx where the controlled
agent is in s, , € S.. If there is no interaction, agent inputs are
mutually independent and v.(tg+n) ~ N (le,as Be.a), Where
te,q and X, are the individual mean and covariance of the
controlled agent. To constrain the agent input decision variable
up,p, to lie within one standard deviation of N (He,ar Ze,a)s
we may set ficq — Oc1 < Uph < fea + Oc1, Where o¢ 1
denotes one standard deviation. However, agent interaction
will introduce cross terms in Y; and increase the skewness
of M(u;, %), as illustrated in Fig. 5. To account for the
skewed covariance, we instead set ficq — 0 < upp < fhe,q + 0,
where ¢ is the projection of the oy level curve of N (u;, %)

onto the axis of v.. If agents are independent, this method
is equivalent to the previously mentioned way of setting the
constraint according to the individual agent distribution.

In total, we set the input constraint

tea — 0 — poih < Uph < Pouh + Hea+6,  (19)

which includes the slack variables py, ; , and py, 4,5, Which may
relax the lower and upper HMM-based input bounds, respec-
tively, to maintain feasibility. The slack variables themselves
are upper bounded according to

(20a)
(20b)

(NC,a - 5)|
(NC,a =+ 5)‘

so that u; 5, is bounded by the same constant for all values of
Ie,q and 0.

6) Branch subset constraints: For all b such that
(Spa:m,Po1:0) € By, Sp,1 = s; for exactly one s; € Sx.
Hence, the initial input in these branches should be the same,
which is achieved by enforcing the constraint

Pb..h < |Umin —

Pb,uh S ‘umax -

—(1 = 2z¢g) M < up —upy < (1 —204)M 21

When z. , = 1, the initial input of all branches in B, will be
forced to equal the single input choice variable uj, meaning
that they will be equal to each other. When 2., = 0, the
bounds in (21) are relaxed by a sufficiently large constant
scalar M following the Big-M method in [35]. Since the
initial input cannot satisfy the constraints of several subsets
B, simultaneously, we impose

G

Z Ze,g = 1,

g=1

(22)

where G is the number of branch subsets.

7) Collision avoidance constraints: For each branch in B,
we can define the controlled agent’s reachable set of states at
tktht1 as Xy p4q1 through

Xoht1 = {f(@pn, upn)|Ton € Xon,upn €Upnt, (23)

where X ; and U, are the sets of reachable states and
allowed inputs at tx.;. Analogously, (23) yields the rela-
tionship between the reachable sets O 41 and Oy, for an
uncontrolled agent by substituting the dynamics for (2) and
Uy, 1, for the uncontrolled agent’s set of allowed inputs W, .

Definition 5. Ar prediction stage h, a reachable controlled
agent subset Xbmf C Xy, is labeled safe with respect to the

uncontrolled agent a,, iff Xl‘:’“f:@ N Opn.p = 0.

To enforce z; ), € lealge with respect to Oy ,, p, we define
M, constraints of the form

Ammb,h S bm + (1 - Zo,b,n,m)Ma (243-)
M,

> Zobnm =1, (24b)
m=1

where (24a) constrains the state of the controlled agent to be in
a half space that does not contain Oy, ,. The binary variable
Zo,b,n,m determines whether the constraint (24a) is activated,
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following the Big-M method, and (24b) imposes that exactly
one of the M, constraints is selected. In the following theorem,
we show how many constraints of the form (24a) are required
to avoid a set of N uncontrolled agents.

Theorem 2. A reachable subset Xg:l,]:e C Xy.p of the domain

D that is safe with respect to the possibly non-convex closed
reachable sets Oy, of uncontrolled agents a, € A is
given by le“,{e = X \ ngl Obn.h- This set, which is
generally non-convex, can be approximated using M, integer
constraints of the form (24a) for each set Oy p. At most
(M,)N constraint candidates have to be evaluated at each
prediction stage h in each branch to find convex subset of
X;ff for the controlled agent.

Proof. At prediction stage h of a branch, we can always
separate the domain D into one half space that contains
Op.n,», and one that is empty, using the integer constraint
(24a). Hence, any specific choice of 2,4 . m Wwill define a
safe half-space H, that is open in a direction that points
away from Ob’n_,h.i For each of the N uncontrolled agents,
we must choose one of M, constraints that ensures that the
controlled agent stays in the half space that is safe with respect
to Op.». However, the intersection of all such half spaces
Hy.np = ﬂi\;l Hifif,h may be empty for certain values of
Zo,m and n, or it does not intersect with the controlled agents’
reachable set A}, ;.. As there are (M,,)"Y ways of combining the
constraints, we must evaluate at most (M, )" safe convex sets
to find if they are both non-empty and intersect the reachable
set Xb,h~ O

Remark 3. Although leaving zop n.m as a decision variable
vields a globally optimal constraint selection, Theorem 2
shows that this requires evaluating up to (M,)N constraint
combinations in each prediction stage of each branch for N
agents. When a reliable heuristic for selecting z, p n m exists,
it can significantly reduce computational costs with little loss
in solution quality.

B. Optimization problem

Given an HMM that follows Definition 3, the proposed
interaction-aware MPC solves the optimization problem

|Bg]
minimize Zeyg g g —Pyp)dp hC’db h
dp,h Uk
B,CB b=1

Zc,g1%0,b,n,m

s.t. (17), (18),(19), (20a), (20b), (21), (22),

(24a) and (24b), Vg,b,n,h,m. (25)

At each step ty, the controller minimizes the objective function
(16) with respect to the vector dp; used to formulate the
stage cost, the final input v, and the binary variables z. 4 and
Zo,b,n,m for choosing input branch and setting collision con-
straints. The minimization in (25) is subject to state constraints
(17) and (18), slack variable constraints (20a) and (20b), and
branch subset choice constraints (21) and (22). Additionally,
input constraints (19) and collision avoidance constraints (24a)
and (24b) are predicted using the HMM description of inter-
active agent network input decision formation, and imposed
to produce an interaction-aware control strategy.

Algorithm 2 Interaction-aware MPC subroutine at

procedure PREDICT BRANCHES
Initial state probs. IIx ;(t;) < (i, k — 1), Vi.
Get branch set B from tree eval. of H(Px,6).
end procedure
procedure CONSTRUCT OPTIMIZATION PROBLEM
Set branch subset constr. (22).
Set subset initial input equality constr. (21).
for b=1,2,...,|B| do
Add branch cost to (16).
Compute controlled agent reachable sets X}, 3.

forn=1,2,...,N do
Compute reachable sets Oy ,, 1, Vh.
end for

for each prediction stage h do
Set system constr. (17), (18).
Set input and slack constr. (19), (20a), (20b).
Set collision avoidance constr. (24a), (24b).
end for
end for
end procedure
Solve integer optimization problem (25) and obtain uy.

HDV2
J -~ |pe—dy
AV
a lpc }Zw
L pere

(a) Learning problem.

(b) Control problem.

Fig. 6: Traffic intersection scenario used in simulations.

VI. SIMULATION SETUP

A. Traffic intersection scene

We now return to the traffic intersection presented in Ex-
ample 1 and consider situations in which exactly two vehicles
approach the intersection in straight lines from west to east,
and north to south, respectively, and address two problems.

1) Learning problem: In Fig. 6a, the scene contains HDV;
and HDV,. Using data from several instances of this process,
we will estimate an agent network HMM H (X, 0) of how the
HDVs choose their inputs interactively.

2) Control problem: In Fig. 6b, we replace HDV; with a
controlled AV that uses the interaction-aware MPC presented
in Section V to reach its state reference while avoiding
collisions with HDV5 in Z,.

Remark 4. For traffic scenarios in which the number of
road users varies over time, a similar agent-based modeling
framework could be used to describe an average road user
behavior.
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B. HDV model

1) Dynamics: The state vector of HDV,,, where n = 1, 2, is
on(ty) = [pn(tk) un(tk)]T which describes its position and
speed along a straight path. We use a linear double integrator
model, discretized with the time step t; = 0.02, to describe
the development of o, (t;) as

On(tk+1) = Aon(tk) + Bwn(tk), (26)
where
1 1.02 10-3
A[O 1}, BQ'LO_Q]. 27

In each simulation, the initial state is chosen according to
on(to) = [10+dpo 5+duo)]”
where dpy() ~ ./\/(07 0].) and dl,,() ~ N(O, 01)
2) Behavior model: Each HDV considers a risk zone
Z, = {pn : |pc — pn| < ds}, shown in 6a, where p. = 20
is the intersection center and ds = 4 is a safety distance.
HDV,, integrates the current speed of itself and other vehicles
to predict if they will be in Z, simultaneously. If so, it will
choose a speed reference 7, ,,(tx) such that

() 1.3r, ifb,(ty) =a
Tvn = .
"0 if by (t) = p

(28)

where b,,(t;) is a behavior state variable that can be a or
p, representing aggressive or passive, and r, is a nominal
speed reference. A simple two-state DTMC with transition
probability matrix

P, = [1 ~ Pap

Ppa (29)

Pap }
1- ppa
describes the evolution of by, (tx). In (29), pep and pp, is the
probability to transition from a to p and vice versa. Each HDV
has an initial behavior state and a fixed matrix P,,.

3) Reference tracking: Each HDV follows its piecewise
constant reference 7, ,,(t;) using a PID controller. The input

to (26) is, for notational clarity, described in Z-domain as
W (2) = G(2) (F(z) (Fun — vn(2) — du(2)) + dw(z)> where
G(z) = 3= produces a moving average of the three most

. 2_ .
recent inputs, F'(z) = 1%:63= Ligjfgzgm is a PID controller

and d,(z) ~ N(0,1073) and d,(z) ~ N(0,1) are the
measurement and input disturbances.

C. AV model

The controlled AV follows the same discretized double
integrator as the HDVs, such that its position and speed
z(tx) = [p(t) I/(tk)]T develops according to

z(tg1) = Az (ty) + Bu(ty)

where A and B are described in (27). The initial state of the
AV in all simulations is generated in the same way as the initial
condition for the HDVs (28). For simplicity, the AV considers
a slightly widened stopping line Z, = {p : p. —e. < p <
pe + €.} where € = 0.2 as the collision risk zone. This zone
is depicted in Fig. 6b.

(30)

9
Algorithm 3 Intersection scenario simulation
procedure SIMULATE VEHICLES
while ¢t < T do
for each vehicle with index n do
if Vehicle is HDV,, then
Predict own pos. py, (tgtn)-
Predict others’ pos. P, (tgtn), m # n.
if pn(tk+h)apm(tk+h) € Z, then
Sample by, (tx+1) from p,.
end if
Set r(tx) according to by, (tx).
Derive wy,(ty), update (26).
else
Derive u(t) by Alg. 2, update (30).
end if
end for
Vi < V(tr)
end while
end procedure
| s1 | s2 | s3 | sa | ss5 | s6| st | ss| s
ta | 4| 4| 4| 0 |0 ]| 0| 4 | 4] 4
pop | =4 | 0 | 4 | -4 0| 4| -4|0]4
Ei Is Is Is Is Is Is Is Is Is
TABLE I: Gaussian parameters p; = [,uLa u27b]T and X;

of each state in H 1.

D. Learning and validation

1) Data generation: In each experiment, 700 network input
observation sequences for training and 300 for validation are
generated by simulating the scene in Fig. 6a using Algorithm
3 with HDV models described in Section VI-B.

2) Learning algorithm: To create an initial estimate of
H (X,0), which we denote fIl, we define two agents with
identical state sets S, = {sn1,n,2,8n,3} for n = {1,2}.
After uniformization, we obtain transition probability matrices

0.450 0.250 0.300
0.350 0.250 0.400
0.450 0.500 0.050

P, =

The state sets map to the set of individual means {—4,0,4}
and variances {1, 1,1} for the individual normal distributions
of the scalar v, (tx). The network state set is Sx = S1 X S
and the associated network’s Gaussian parameters are found
in Table I. We estimate a new model using the Baum-
Welch algorithm from Section IV using the derived training
sequences. The maximum number of iterations for Baum-
Welch is 1000, and the pruning limit is e, = 0.2 with a
minimum number of M, = 4 states.

3) Validation: We validate an estimated HMM by repeat-
ing the procedure in Section IV-F 1000 times starting from
randomly chosen time points ¢; to form an average validation
score at each step h and state s;. The final score c(h) is the
average of ¢(i, h) over all states.
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E. Proposed interaction-aware MPC

1) Tuning: For simplicity, we fix the number of predicted
branches to |B| = 5. The branching step is k, = 7 and we
choose the MPC horizon H = 55. The branch cost matrices in
(25) are set to ¢ = diag([1000 1000]), 7 = 1 and ¢, = 1000.
The state reference is 75, = [1500 15]T in all branches
and experiments. The upper and lower bounds for the state
variable in constraint (17) are Zmiy = [—100 O]T and Tpax =

[1000 3O}T in all branches. The state dynamics constraint
(18) is formulated for the linear AV model (30). We construct
input constraints (19) related to the o1 curve of the network
input distribution. The lower slack variable bound (20a) is set
using umin = —7 [m/s?] so that emergency braking is always
possible, but the upper slack variable (20b) is set to zero to
avoid aggressive behavior.

In this example, collisions are only possible at stages h in
which the predicted reachable positions of HDVj, intersect Z,..
Hence, (24a) reduces to

Petec—2mM < ayp <pe—ee+ (1 —2)M, (31)

which describes either stopping before or having passed Z,
by h. Since the zone is narrow, we can reduce computational
complexity further by setting the constraint for the few h in
which collisions are predicted using a single variable z; in
each branch.

2) Version with heuristic collision avoidance: We also
formulate a version of the proposed MPC identical to the
one described in Section VI-E1 but with heuristic rule-based
collision avoidance constraints as suggested in Remark 3. We
evaluate (31) for both values of 2, and always choose the
passing option if it is feasible.

F. Baseline MPC

We formulate three baseline MPCs that each solves a
version of the optimization problem

H

minimize Z(mh —ri)q(@n — )T +rui +cpf,  (32a)

T,u,2,p1 :

h=1

S.t. Tmin < T < Tmax, (32b)

Thyr = f(xn,un), (320)

Ay — pr,h < up < by (324)

PLh < |ua - umin‘ (32e)

Petec—2zM <zp <p.—e.+(1—2)M (32f)

A baseline MPC does not receive predictions from an HMM
and therefore minimizes the total stage cost, formulated as in
(16), of a single trajectory. The state constraints (32b) and
(32c¢) and the collision avoidance constraint (32f) are identical
to those in (25). However, a baseline MPC implements a
rule-based driving style through its input constraint (32d) and
in how it assumes the speed range of surrounding HDVs,
shown in Table II. The baseline B; is passive with a lower
acceleration range and predicts HDV speed (txyn) to be
higher than the current observation. B3 is aggressive and
uses an opposing strategy while By can be either passive or
aggressive. Other parameters in the baseline controllers have
the same values as the proposed controller.

Bounds in (32d)
Ay = —4, by, =4
ay = —4,b, =1

ay =1,by, =4

| Predicted HDV speed range |
By Vn(tk) -1< ﬁn(tk+h) < Vn(tk) +1
By vn(tk) < on(tetn) < vn(ty) +3
Bs vn(tr) — 3 < On(thyn) < vnl(ty)

TABLE II: Baseline MPC predicted HDV input and own input
range.

VII. CASE STUDY

In three different experiments, we first solve the learning
problem described in Section VI-Al by producing two HMM
estimates ﬁg and H. 3 from the same initial estimate H 1
given in Section VI-D2. H, has the same number of states
as Hl, whereas Hg has a reduced number of states as a
result of state pruning, discussed in Section IV-C. All three
models are validated using the measure presented in Section
VI-D3 computed with transient, stationary and uniform state
probability predictions.

Next, the control problem is solved by replacing HDV; with
the controlled AV to evaluate how an interaction-aware MPC
I that uses Hs compares to the baseline MPCs in Section VI-F
and to [}, a version of I with the heuristic collision avoidance
constraints discussed in Section VI-E2. In each experiment, we
simulate the intersection scenario 100 times for each controller
using Casadi [36] with the Bonmin solver [37] in Matlab.

A. HDV; aggressive and HDVy passive

In the first case, the behavior state probabilities are set to
Pi,a = 0.9 and p; , = 0.1, where i = {a,p} for HDV; and
Pie = 0.1 and p; , = 0.9 for HDV3,. The effect is shown in
the scatter plots in Figs. 7a - 7c, where HDV often accelerates
while HDV, brakes.

1) Learning results: The large spread in the mode place-
ment of the initial untrained estimate H, seen in Fig. 7a gives
a low validation score in 7g. The trained estimate H, and the
trained, pruned version Hj show significant improvement in
Figures 7b and 7c. Gaussians with higher covariance cover less
populated regions, while areas around V (¢;) = [4 —4} " are
represented by narrower Gaussians. In Fig. 7c, sz is placed
exactly in this value and emerges as the most probable state
in Fig. 7f.

The validation scores of HQ and Hg, shown in Figures
7h and 7i, are initially higher for transient probabilities
due to accurate estimation of the initial state, but quickly
drops to the performance of stationary probabilities. This is
because H, and Hj accurately capture that states around
V(te) = [4 —4]T are more probable over all, whereas the
time at which the sudden HDV behavior changes will occur
is difficult to predict specifically. For a system that stays long
periods in each state without such fluctuations, we would see
a longer transient in the score. Despite this, using estimated
DTMC probabilities is better than guessing between modes
with uniform probabilities. Importantly, the similarity between
the validation scores of H and H; reveal the state redundancy
of ﬁg, and therefore H 3 1s used in the controller /.

2) Controller simulation: All controllers are feasible in
all 100 simulations. Over all, a successful strategy for all
controllers is to choose its maximal allowed input, as HDV,
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Fig. 7: Results, HDV; aggressive

1 [s]

(x) Input, Bs.

and HDV;, passive.

brakes until it no longer predicts that a collision is possible.
The control signals of I and Ij, (shown in green shade in Fig-
ures 71 and 70) fluctuate between states, due to different initial
state probability estimates being from the noisy observed input
of HDVs. For all controllers, the AV gains speed and reaches
the intersection before the HDVs, which is shown in blue in

te [s]

(v) Position, Bs.

ti [s]

(w) Speed, Bs.

1 [s]

(x) Input, Bs.

Fig. 8: Results, HDV; and HDV> uncertain.

the speed graphs of Fig. 7.

B. HDV, and HDVy uncertain

All behavior state transition probabilities are now set to 0.5,

making HDV; and HDV, maximally uncertain.
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1) Learning: In this case, the validation scores in Figures
8h and 8i are low for both ﬁg and H. 3, and using DTMC based
probabilities is no better than guessing uniformly between
modes. The placement of Hy’s and Hs’s Gaussians is what
makes the trained estimates slightly better predictors than H.

2) Controller simulation: By, and Bg are feasible in all
cases. Figures 8r and 8x show that these controllers blindly
maximize the acceleration, a successful albeit unsafe strategy
for outrunning an uncertain driver. B is feasible in 55% of
simulations, and Fig. 8u suggests that By’s modest accelera-
tion and late emergency braking, shown in red, is the cause. 1
and I, perform better, with 85% and 74% feasible simulations,
respectively. This difference is likely due to I’s use of integer
collision avoidance constraints. As seen in Figures 8j and 8m,
all feasible trajectories are from cases in which the AV passes
before HDV5, meaning that this option is always chosen over
the less rewarding stopping option when both are available.
However, these results suggest that the controller should only
be used in situations where some scenarios are significantly
more probable than other.

C. HDV; passive and HDV, aggressive

Behavior state probabilities are now set to p; , = 0.1 and
Dip = 0.9 for HDV; and p; o = 0.9 and p; , = 0.1 for HDV 3,
the opposite setting of the experiment in Section VII-A.

1) Learning: The data in Fig. 9a, 9b and 9c now shows that
HDV5 most often accelerates while HDV; brakes, as the roles
of the HDVs are just reversed compared to the experiment
in Section VII-A. Accordingly, Fig. 9 shows state probability
developments and validation scores that are very close to those
of the first experiment in Fig. 7.

2) Controller simulation: Now, the baselines perform
poorly. By and Bs, feasible in 56% and 65% of simulations,
underestimate the velocity range of HDVy but succeed in
passing it in some cases. By is feasible in only 16% of
simulations and likely overestimates the range and becomes
infeasible due to HDV, behavior fluctuations. In contrast, the
proposed controller I and its heuristic counterpart I;, produce
feasible solutions in all cases. Predicting that the desired
passing option will likely not be feasible, the control action
is restricted to brake as HDV; does in the data. In Figures 9j
and 9m, we observe that the controllers let HDV, pass before
the AV.

VIII. CONCLUSION

Motion planning for AVs becomes increasingly difficult
when control inputs are correlated with the input decisions of
surrounding stochastic and interactive HDVs. To address this,
we proposed an interaction-aware MPC that accounts for this
correlation. We estimated HDV agent decision formation in a
network as an HMM from input observations using a Baum-
Welch-based algorithm, and predicted parameter sequences
for a multivariate Gaussian that approximates the distribution
of joint agent inputs. The interaction-aware MPC determines
the control input by constrained optimization over all future
scenarios resulting from applying the input ranges specified by
the predicted Gaussian parameter sequences to the agents in
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Fig. 9: Results, HDV; passive and HDV, aggressive.

the network. By also formulating input constraints from these
parameters, the interactive behavior specified by the HMM is
followed by the controlled agent.

In a traffic intersection case study, the interaction-aware
MPC mirrored the behavior seen in the data used to estimate
the underlying HMM. In scenarios where the distribution of
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driver decisions was concentrated, the proposed controller
outperformed the baselines. Although performance decreased
in highly uncertain situations in which different decisions were
equally probable, the proposed controllers I and I, produced
feasible solutions in 93% of simulations, while baseline MPCs
By, B> and B3 were feasible in 77% of simulations when
comparing over all three experiments. Future work includes
online HMM estimation, which can be used in an adaptive
interaction-aware MPC strategy.
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