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Abstract— We present an integrated behavioral inference and
decision-making approach that models vehicle behavior for both
our vehicle and nearby vehicles as a discrete set of closed-loop
policies that react to the actions of other agents. Each policy
captures a distinct high-level behavior and intention, such as
driving along a lane or turning left or right at an intersection.
We first employ Bayesian changepoint detection on the history
of observed states of nearby cars to estimate the distribution
over policy assignments for each car. We then sample from
these distributions to obtain high-likelihood actions for each
participating vehicle. Through closed-loop forward simulation
of these samples, we evaluate the outcomes of the interaction
of our vehicle with other participants. Our vehicle executes the
policy that maximizes the expected reward over these samples.
Thus, our system makes decisions incorporating the coupled
interactions between cars in a tractable, online manner. We
evaluate our approach using real-world traffic tracking data
collected on our autonomous vehicle platform, and present
decision-making results in simulation.

I. I NTRODUCTION
Decision-making within autonomous driving is hard due to
uncertainty on the continuous state of participating vehicles
and, especially, over their potential discrete intentions (such
as turning at an intersection or changing lanes).
Previous approaches have employed hand-tuned heuristics [1–3] and numerical optimization [4–6], but these methods fail to capture the coupled dynamic effects of interacting
traffic agents. Partially observable Markov decision process (POMDP) solvers [7–9] offer a theoretically-grounded
framework to capture these interactions, but have difficulty
scaling up to real-world scenarios. In addition, current approaches for anticipating the future intentions of other traffic
participants [10–13] either consider only the current state of
the target vehicle, ignoring the history of its past actions, or
rather require expensive collection of training data.
We present an integrated behavioral anticipation and
decision-making system that models vehicle behavior for
both our vehicle and nearby vehicles as a discrete set of
policies π ∈ Π. Each policy captures a different high-level
behavior, such as following a lane or changing lanes, turning
left or right at an intersection. In addition, we parameterize
each policy π ∈ Π by a parameter vector θ. For example, for
a lane following policy, θ can capture the “driving style” of
the policy by regulating its acceleration profile to be more
or less aggressive.

Fig. 1.
Our multipolicy approach samples from the likely coupled
interactions between vehicles. In this simulation instance we evaluate the
outcomes of the possible intentions of other cars, where the bottom and
right cars proceed through the intersection, while the other two cars yield.
This experiment shows that our multipolicy sampling strategy generates
high-likelihood samples over the coupled interactions of vehicles, and that
is orders of magnitude faster than uninformed sampling strategies used in
other algorithms. Legend: human-driven trajectories (red); rollouts obtained
via our multipolicy sampling strategy (purple); high-likelihood trajectories
obtained by an uninformed sampling strategy (dark blue); samples by the
uninformed strategy before finding a high-likelihood sample (light blue).

We leverage Bayesian changepoint detection to estimate
which policy each vehicle was executing at each point in its
observed history, and infer the probability distribution over
potential intentions of each vehicle. Furthermore, we propose
a statistical test based on changepoint detection to identify
anomalous behavior of other vehicles, such as swerving off
of lanes or driving in prohibited directions.
Using this distribution, we sample over permutations of
other vehicle policies and the policies available for our car,
and use forward-simulation of these sampled intentions to
evaluate their outcomes via a user-defined reward function.
Our vehicle finally selects the policy to execute that maximize the expected reward function of the samples. Thus, our
system makes decisions based on closed-loop interactions
between cars in a principled manner, while providing the
convenience and tractability of a discrete set of engineered
policies that capture likely driving behavior.
We evaluate our behavioral prediction system using data
from a real-world autonomous vehicle, and present decisionmaking results in simulation involving challenging traffic
situations in highway scenarios.
This work extends our previous work in [14], where we
evaluated a only single sample for each policy available to
our vehicle, through the addition of behavior prediction via
changepoint detection, enabling sampling over a broader set
of outcomes.
II. A PPROACH
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Our approach first estimates the probability distribution
over policy assignments of other vehicles given sensor observations. Next, we sample from these distributions to obtain

Fig. 2. Policy changepoint detection on a simulated passing maneuver on a highway. Our vehicle (far right) tracks the behavior of another traffic agent
(far left) as it navigates from right to left. Using the tracked vehicle’s history of past observations (green curve), we are able to infer which policies are
most likely to have generated the maneuvers of the tracked vehicle.

joint policy assignments for our car and other cars, which we
simulate forward to find the optimal policy for our vehicle to
execute. The process iterates in a receding horizon fashion.
Our behavioral anticipation method segments the history
of observed states of each vehicle, where each segment is
associated with the policy most likely to have generated
the observations in the segment. We obtain this segmentation using Bayesian changepoint detection, which infers the
points in the history of observations where the underlying
policy generating the observations changes. Thereby, we can
compute the likelihood of each available policy for the target
car given the observations in the most recent segment, capturing the distribution p(πtv |xt , z0:t ) over potential policies
for the target car given the current state of all vehicles xt
and a time-series of sensor observations z0:t . Further, full
history segmentation allows us to detect anomalous behavior
that is not explained by the set of policies in our system.
The changepoint detection procedure is illustrated by the
simulation shown in Fig. 2.
We adopt the recently proposed CHAMP algorithm [15] to
segment the target car’s history of observed states. CHAMP
has been previously applied to detection of changes in
articulation models for manipulation tasks. Here, we show
that policies can be used as models to explain the observed
behavior of other agents in a changepoint detection framework. In contrast to prior work [6, 13, 16], this allows us to
leverage past observations for behavior anticipation online.
Given the set of available policies Π and a time series of the observed states of a given vehicle z1:n =
(z1 , z2 , . . . , zn ), we apply CHAMP to infer the maximum
a posteriori (MAP) set of times τ1 , τ2 , . . . , τm , at which
changepoints between policies have occurred, yielding m+1
segments. Thus, the ith segment consists of observations
zτi +1:τi+1 and has an associated policy πi ∈ Π with
parameters θi . Further details on this changepoint detection
method are given in [15].
Considering the (m + 1)th segment (the most recent),
consisting of observations zτm +1:n , the likelihood and parameters of each latent policy π ∈ Π for the target vehicle
given the present segment can be computed by solving the
following maximum likelihood estimation (MLE) problem:
∀π ∈ Π,

L(π) = argmax log p(zτm +1:n |π, θ).

throughout the decision horizon, being able to reason about
the potential actions of other vehicles.
Algorithm 1: Policy selection procedure.
Input:
• Current MAP estimate of the state, x0 .
• Set of available policies Π.
• Prob. distributions over other vehicles’ policies.
1 Get a set of samples S via (1), where each sample
s ∈ S assigns a policy to each nearby vehicle.
2 C ← ∅ // Rewards for each rollout
3 foreach π ∈ Π do // Our car’s policies
4
foreach s ∈ S do // Other cars’ policies
5
Ψ ← S IMULATE F ORWARD(x0 , π, s)
6
C ← C ∪ {(π, C OMPUTE R EWARD(Ψ))}
7

return π ∗ ← S ELECT B EST(C)
III. R ESULTS

Our results, involving 67 dynamic object trajectories
recorded in an urban area using our autonomous vehicle platform, show that our approach identifies other agents’ policies
with over 85% accuracy and precision after only 50% of the
trajectory has been completed. The closed-loop nature of our
policies allows us to maintain safety at all times regardless of
anticipation performance, while correct anticipation provides
smoother driving behavior than without a model of vehicle
interactions. Sampling experiments (Fig. 1) show that our
multipolicy strategy achieves high-likelihood samples orders
of magnitude faster than uninformed strategies, allowing us
to perform decision-making online (Fig. 3).
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The policy likelihoods obtained via (1) capture the probability distribution over the possible policies that the observed
vehicle might be executing. As outlined in Alg. 1, we can
therefore compute the approximated posterior over likely
future vehicle interactions by sampling from this distribution
for each vehicle. We can then simulate forward in time

Fig. 3. (a) Results of a simulated multi-car interaction scenario, where our
car (green) approaches the slower vehicles A and B from behind. Vehicle B
starts by executing a lane change from the center to left lane, which it is just
completing by the time shown, while A remains in the right lane. Cyan lines
show the simulated rollouts for our car; magenta lines show the simulated
rollouts for the other vehicles. (b) Evaluation of the reward functions for
each of the three policies involved over the course of the simulated scenario.
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