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Abstract— Autonomous driving is a challenging problem
because the autonomous vehicle must understand complex and
dynamic environment. This understanding consists of predicting
future behavior of nearby vehicles and recognizing predefined
rules. It is observed that not all rules have equivalent values,
and the priority of the rules may change depending on the
situation or the driver’s driving style. In this work, we jointly
reason both a future trajectories of vehicles and degree of
satisfaction of each rule in the deep learning framework. Joint
reasoning allows modeling interactions between vehicles, and
leads to better prediction results. A rule is represented as a
signal temporal logic (STL) formula, and a robustness slackness,
a margin to the satisfaction of the rule, is predicted for the both
autonomous and other vehicle, in addition to future trajectories.
Learned robustness slackness decides which rule should be
prioritized for the given situation for the autonomous vehicle,
and filter out non-valid predicted trajectories for surrounding
vehicles. The predicted information from the deep learning
framework is used in model predictive control (MPC), which
allows the autonomous vehicle navigate efficiently and safely.
We test the feasibility of our approach in publicly available
NGSIM datasets. Proposed method shows a driving style similar
to the human one and considers the safety related to the rules
through the future prediction of the surrounding vehicles.

I. INTRODUCTION

Research on autonomous vehicles has been grown ex-
ponentially in the past few years. Recently, Waymo’s au-
tonomous cars have successfully driven 8 million miles on
public roads. Still, one of the greatest challenges to build
fully autonomous cars is the understanding dynamic driving
scene. Especially, the prediction of surrounding vehicles
is difficult to achieve, since drivers have different driving
patterns and are dependent on surrounding vehicles’ move-
ment. In addition, the decision on how to drive based on
the understanding of the surrounding environment remains
a problem; Autonomous vehicles must be controlled taking
into account the movements of surrounding vehicles and
safety problems, such as traffic regulations.

Unlike other robot applications, rule information acts as a
critical role in autonomous driving problem. It is important
to observe that rules do not have the same importance and
that there are rules that, depending on the situation, should
be prioritized or, in some cases, ignored. For example, in
autonomous driving, there may be a situation in which some
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rules must be disobeyed, such as changing lanes behind
a slowly moving vehicle, passing a speed limit to avoid
collisions. Such dilemma makes it difficult to determine how
autonomous vehicles should comply with rules to a certain
extent, and it is difficult to find control inputs for autonomous
vehicles in view of these restrictions.

In this paper, we propose a deep predictive control ap-
proach for the autonomous driving problem. We combine the
benefits of deep learning and a traditional control method,
which is model predictive control (MPC), so that the pro-
posed controller can reason about the future behavior of
nearby vehicles and behave closely to human experts by
learning to obey each rule to some extent depending on
the situation. Both the future trajectory and margin to the
satisfaction of each rule are predicted through the deep
learning framework, and a valid control is computed through
the model predictive control procedure. The key traits of our
prediction on future trajectories are the following:

• Multimodal: In a given situation, the movement of
the vehicles is not fixed in one way. There can be
diverse plausible futures for the current driving situa-
tion. To take this into account, we use a conditional
variational autoencoder (CVAE) [1] combined with a
recurrent neural network (RNN) so that it can generate
various prediction candidates to reflect a distribution on
plausible futures.

• Interaction: Each vehicle in the driving environment is
dependent on the surrounding vehicles. The interaction
between these vehicles must be considered in the pro-
cess of making predictions. Our work jointly predicts
the future trajectories of several vehicles to capture these
interactions between agents.

• Selection: Not all prediction candidates are valid, and
invalid predictions must be eliminated for safe au-
tonomous driving. We use the predicted degree of
satisfaction of each rule to select a valid prediction can-
didates. For example, if you know the vehicle will not
speed up, the range of predictions becomes narrower.

In the control procedure, we use our previous work [2].
The predefined rules are defined as signal temporal logic
(STL) [3], [4], Due to the advantage of STL, which is able
to measure the degree of satisfaction, the MPC method [2]
can manage rule constraints with respect to their importance;
From the predicted margin to satisfaction of each rule, the
controller can figure out which rules to follow, rather than
maintaining strict compliance with all rules. The predicted
trajectories of the surrounding vehicles are also considered in
the control procedure so that the autonomous driving vehicle
can be operated safely.



II. RELATED WORK

Path prediction. Due to advance in deep learning method,
research on trajectory prediction has been extensively stud-
ied. Exploiting the power of RNNs for sequence-to-sequence
modeling, there are many studies that predict future tra-
jectories from history trajectories. A RNN encoder-decoder
framework with conditional variational autoencoder (CVAE)
has been applied for trajectory prediction in [5], [6]. They
are structurally similar to our method, but we additionally
considered interaction between multiple vehicles. The in-
teraction between humans has been considered in [7]–[9];
They focused on how to efficiently capture dependencies
between multiple pedestrians. Although we consider that the
interaction is similar to the study, we focus on capturing
the dependencies between vehicles in autonomous driving
scenarios and, based on this, we ensure that the correct
control can be generated.
Control under temporal logic specifications. Computing
optimal control under temporal logic specifications has been
considered in the context of linear temporal logic (LTL) and
signal temporal logic (STL). Mixed-integer linear program-
ming was proposed to generate trajectories for continuous
systems with finite-horizon LTL specifications in [10]–[12].
Also sampling-based motion planning methods have been
successfully find an optimal trajectory meeting a given LTL
specification [13], [14]. The MPC scheme has been applied
to signal temporal logic (STL) [15], [16]. MPC with STL
specifications is formulated as mixed integer linear program-
ming in [15], and authors in [16] use probabilistic predicates
to reason about safety under uncertainty.

III. PRELIMINARIES

A. Vehicle Model
We let the state of the system at time t be xt =

[xt, yt, θt, vt]
T , where xt, yt denote the position of the

vehicle, θt is the heading, and vt is the linear velocity.
Further, the control inputs of the system is ut = [wt, at]

T ,
where wt is the angular velocity, and at is the acceleration.
The dynamic of the vehicle is defined as follows:

ẋt = vtcos(θt), ẏt = vtsin(θt), θ̇t = vtκ1wt, v̇t = κ2at,

where κ1, κ2 are constants.
For a fixed horizon H , let x(xn,u

H,n) be a generated
trajectory starting from xn with control inputs uH,n =
un, ...,un+H−1. A signal is a sequence of states and controls,
which is defined as:

ξ(xn,uH,n) = (xn,un), . . . , (xn+H−1,un+H−1). (1)

With a slight abuse of notation, ξ(n) is a signal starting from
time step n.

B. Signal Temporal Logic
Signal temporal logic (STL) is a logical formalism which

is able to specify the properties of real-value, dense-time
signals [3], [4]. A STL formula is a composition of boolean
and temporal operations on the defined predicates. The
notation (ξ, t) � ϕ denotes that a signal ξ satisfies the STL
formula ϕ at time t. For example, (ξ, t) � G[a,b]ϕ means that
ϕ holds for the signal ξ between t+ a and t+ b. One great

advantage of STL is that it is provided with a metric called
robustness degree that measures how well a given signal ξ
satisfies a STL formula ϕ. The robustness degree can be
defined as a real-valued function of signal ξ and t.

We apply a notation (ξ, t) � (ϕ, r) representing that the
signal ξ satisfies the STL formula ϕ at time t with robustness
slackness r, which can be defined as follows [2]:

(ξ, t) � (ϕ, r) ≡ ρϕ(ξ, t) > r. (2)

Eqn (2) states that the signal ξ satisfies ϕ at least with the
minimum robustness degree r. The robustness slackness r
acts as a margin to satisfaction of STL formula ρϕ. As r
increases, strong constraints for the signal ξ to satisfy ϕ at
time t are given, while relaxed constraints are granted for
small r. Especially, when r < 0, it allows violation of ϕ.

5 different rules are defined with the corresponding STL
formulas ϕ =

[
ϕ1, ..., ϕ5

]
, which have some meaning in

autonomous driving situations.

1) Lane keeping (left): ϕ1 = yt ≤ yl,max
2) Lane keeping (right): ϕ2 = yt ≥ yl,min
3) Collision avoidance (Front vehicle):

ϕ3 = (xt ≤ xc,min)∨ (xt ≥ xc,max)∨ (yt ≤ yc,min)∨
(yt ≥ yc,max)

4) Speed limit: ϕ4 = vt ≤ vmax
5) Slow down before the front vehicle:

ϕ5 = (vt ≤ vth)U[ta,tb](xt ≤ xc,min)

Also we let ϕc be the collision between vehicles beside the
front vehicle. We denote robustness slackness of the STL
rules ϕ as r.

IV. PROBLEM DEFINITION

Our objective is to find a control sequence of some finite
time horizon under the pre-defined rules ϕ in an autonomous
driving environment. In order to compute control sequence of
the autonomous vehicle, our approach requires two following
terms: (a) future trajectories of other vehicles, (b) robustness
slackness of each rule in ϕ. The first term directly related to
the safety of autonomous vehicle, and the second term helps
the controller to imitate the behavior of human experts by
knowing the lower bound of degrees of satisfaction for each
rule.

We assume that six nearby vehicles that are in adjacent
lanes affect the control of the ego vehicle (Figure 1). Notation
for vehicles on track and input feature are shown in Figure 1.
We mark the vehicle to be controlled as Vego. The nearby ve-
hicles are denoted as Vnear = {Vlf , Vlr, Vcf , Vcr, Vrf , Vrr}.
From the rest of paper, we use the subscript ego for the
ego vehicle, and {lf, lr, cf, cr, rf, rr} are used for the sur-
rounding vehicles. A feature representation fego consists of
distances to nearby vehicles Vnear and lane deviate distance
fego = (dlf , dlr, dcf , dcr, drf , drr, ddev).

Let X = {st−HX
, ..., st} and Y = {st+1, ..., st+HY

}
be previous and future trajectory , where st ∈ R3 is the
position xt, yt, heading θt at time t and HX , HY are time
horizons. rego and rnear = {rlr, rlf , ..., rrf} refer robustness
slackness of the STL formulas ϕ for the ego vehicle and the
surrounding vehicles.



Fig. 1. Vehicle and feature descriptions in the track driving scenarios with
respect to the ego vehicle (blue). Up to six nearby vehicles are considered;
The front and rear vehicles are considered, which are in the left, middle
and right lanes with respect to the ego vehicle Vego.

V. PROPOSED METHOD

The proposed method consists of four modules (Figure 2);
encoder module, interaction module, prediction module and
control module. Through the deep neural networks including
encoder module, interaction module and prediction module,
we jointly reason about the future trajectories and robustness
slackness of STL formulas ϕ for both the ego vehicle
Vego and near vehicles Vnear. Since our model makes joint
predictions for vehicles Vego, Vnear, it has the capacity to
model interactions between vehicles. From predicted robust-
ness slackness and trajectories, the ego vehicle is controlled
through MPC procedure under the rule constraints ϕ. Instead
of the strict satisfaction of rule restrictions, the designed
controller is able to decide which rules should be prioritized
and how satisfied they should be depending on the situation.
We choose to use long short-term memory units (LSTMs)
[17] as the RNN in both encoder and decoder module. Next
we will detail these four modules sequentially.

A. Encoder Module
The encoder module is designed to model pattern of

vehicles, including different history path and direction. The
history of trajectories for each selected vehicles are encoded
through LSTM networks. As input to the encoder network,
difference values are used for each points of the trajectory.
For each input trajectory, single layer multi-layer perceptron
(MLP) to get fixed length vector φ. These embeddings are
used as input to the LSTM cell of the encoder at time t
introducing the following recurrence:

et = φ(∆xt,∆yt, θt;Wemb)

ht = LSTM(ht−1, et;Wenc)

where φ(·) is an embedding function with tanh nonlinearity,
Wemb is the embedding weight. The parameters of LSTM
are shared between both the ego vehicle and near vehicles.
Notice that future trajectories are also encoded during the
training procedure, and the encoded future trajectories are
used in the interaction module. The encoder module returns
LSTM state ht for each vehicle, and We will notate the
output of the encoder module for each vehicle as follows:
hx for history trajectories and hy for future trajectories.

B. Interaction Module
Based on the outputs of the encoder module, the inter-

action module measures joint information between vehicles.
We focused on two terms; The first is to consider the diversity
that can occur in the current situation (multimodality), and
second, to exclude scenarios that can not occur (robustness

slackness). As we approach from these two perspectives, we
predict futures multimodally in a given situation and exclude
invalid predictions among the various predictions based on
robustness slackness. The interaction module composed of
two components which will be described in the following
sections.

1) Diverse sample generation: Since future prediction is
inherently ambiguous, there are various interpretations of the
present driving situation. In order to capture the ambiguity
and multiple plausible scenarios, we use CVAE structure
which is able to explain uncertainties and generate plausible
scenarios, which is to learn a distribution of p(Y |X, fego).
The CVAE framework introduces a latent variable z so
that p(Y |X, fego) =

∫
z
p(Y |X, z)p(z|X, fego)dz. The latent

variable z models inherent structure in the interaction of
multiple vehicles, and it also helps to describe underlying
ambiguity of future behaviors of other vehicles.

The CVAE structure composed of the three neural net-
works, which are generation network pνg (Y |X, z), recogni-
tion network qνr (z|Y,X, fego) and (conditional) prior net-
work pνp(z|X, fego), where νg, νr, νp are network parame-
ters. qνr (z|Y,X, fego) is trained to give higher probability
to z that is likely to produce of prediction Ŷ close to the
ground truth Y . While at test time, z is sampled randomly
from the prior distribution pνp(z|X, fego) and transferred to
the prediction module for generating a prediction candidate.
Such a structure enables probabilistic inference which serves
to handle multi-modalities in trajectory prediction.

In this work, the distribution of the latent variable z is
modeled as Gaussian distribution:

z ∼ qνr (z|Y,X, fego) = N (µz, σz),

where µz, σz are outputs of fully-connected layers. Since
back-propagation is not feasible through random sampling,
reparameterization trick [18] is used to train the CVAE struc-
ture. The KL divergence loss is considered for regularization:

lKLD = DKL(qνr (z|Y,X, fego)|pνp(z|X, fego)).

2) Concatenating layer: Apart from diver sample gener-
ation, we have additionally examined how well each vehicle
conforms to the rules ϕ. For this purpose, we have bundled
the encoded information of adjacent vehicles for each ve-
hicle. Concatenating layer plays the role described above,
which is implemented in several MLPs, and returns con-
catenated states c̃ = [cego, clf , clr, ccf , ccr, crf , crr] (Figure
2). cego use all encoded states of near vehicles Vnear, and
other terms in c beside cego only use three spatially adjacent
encoded states. Notice that we do not apply interaction
models presented in [7]–[9] because we only consider up
to 6 near vehicles and the previous works are suitable for
predicting pedestrians in crowded scenes.

C. Prediction Module

Prediction module predict both future trajectories Ŷ and
robustness slackness r̂ for each vehicle by incorporating
output of encoder module and interaction module. For given
history trajectory X and the sampled latent variable z,
the LSTM decoder generates future trajectory with respect
to the distribution p(Y |X, z) =

∏HY

i=1p(st+i|X, z, s1:i−1),



Fig. 2. Overall procedure for the proposed deep predictive control framework. (a, b) Past trajectories and future trajectories of vehicles are encoded in
encoder module. Encoded information are feed into the interaction module, which captures the current situation. Interaction module produces stochastic
latent variable z and concatenated states c̃ for each variables. The latent variable z helps to jointly predict plausible trajectories of vehicles, and concatenated
states c̃ are for predicting rule information of each vehicle, which is the robustness slackness of STL formulas. (c) Combined with encoded states and
sampled latent variable z, joint prediction on future trajectories are conducted. With predicted robustness slackness of STL formula, we can filter out
invalid prediction candidates. (d) Control module finds out the valid control from the predictions through optimization process.

where Y = {st+1, ..., st+HY
}. Notice that we model outputs

of both trajectory and rule prediction parts as a Gaussian
mixture model (GMM) to better represent the distribution of
real data, and the input of the next LSTM cell is sampled
from the GMM.

During the test phase, Kp prediction candidates are gen-
erated from the prior distribution z(k) ∼ pνp(z|X, fego),
i.e., Ŷ (1), ..., Ŷ (Kp). We measure the robustness degree of
each prediction candidates and filter out invalid ones which
have lower value than the predicted robustness slackness
r̂. This process helps us achieve more accurate results and
allows the controller to increase the safety of the control.

D. Control Module

In the control procedure, model predictive control (MPC)
under signal temporal logic [2] is conducted. The cost func-
tion J is designed as quadratic so that the above optimization
is now mixed integer quadratic programming.:

J(x(xt,u
H,t),uH,t) =

1

2
(xt+H − xg)

ᵀ
Qx(xt+H − xg) + uH,t

ᵀ
Quu

H,t.

The goal point xg is selected as the last state of the predicted
trajectory Ŷego and modified to the middle point of the lane.
Since the rule ϕ5 is hard to be computed, we neglect the
constraints related to ϕ5 during the optimization process
when the predicted robustness slackness r̂ego(5)) is below
the certain threshold.

E. Implementation Details

We select an arbitrary vehicle as Vego and set its surround-
ing vehicles as Vnear. Three modules including encoder mod-
ule, interaction module and prediction module are trained

with the following loss function:

ltrain = lKLD +
1

K

K∑
k=1

∑
i∈{Vego,Vnear}

lk,iY + lk,ir ,

where K is a sample number of latent variable z, lk,iY and
lk,ir refer negative log-likelihoods of GMM in both trajectory
and robustness slackness prediction. During training phase in
the LSTM decoder in prediction module with a rate of 10%
the predicted value as the input into the next cell, otherwise
the ground truth value from the training data.

VI. EXPERIMENTAL RESULTS

We conducted a realistic simulation on the public Next-
Generation Simulation (NGSIM) dataset [19]. The data in
[19] contains the vehicle trajectory data on the US Highway
101 and the Interstate 80. We divided the NGSIM dataset
into train and test parts.

The learning part of the proposed method except control
module is implemented with tensorflow, and mini-batch
based stochastic gradient descent is used to optimize the
objective functions. We train our network with the following
hyper parameters setting: minimum batch size (128), learning
rate (0.001) and number of epochs (100).

Both MPC horizon H and future time horizon HY are set
as 16, and history time horizon HX as 8. Control module is
implemented with Gurobi [20] as an optimization engine.

We have conducted simulation experiments on the test
dataset (Fig. 3). In Fig. 3, 4 scenarios are shown in rows.
The first four columns present the movement of the ego
vehicle over time as snapshots, and the predicted robustness
slackness of the ego vehicle is shown for one of the first four
selected columns, which is marked as a yellow box. The ego
vehicle Vego is marked as blue and near vehicles Vnear as



red, and we mark vehicles that are considered to affect the
control of the ego vehicle as ’A’ and ’F’. The ego vehicle is
controlled in consideration of the STL rules, and its resulting
trajectory is shown in the green solid line. We can see how
the ego vehicle behaves with predicted robustness slackness
of rules and predicted trajectories of surrounding vehicles
(blue lines). In the first row (a), the ego vehicle decides to
change to the left lane after the fast moving adjacent vehicle
A is passed, due to the slowly moving front vehicle F. This
is well represented in the predicted robustness slackness; the
negative robustness slackness values of ϕ1, ϕ5 allow the ego
vehicle to move to the right lane with above a certain speed.
In the second row (b), it is similar to the first situation (a).
But the ego vehicle changes the lane before the adjacent
vehicle A passes because the vehicle A is slow, and this is
shown in negative robustness slackness of ϕ2 at the second
time. The robustness slackness in the row (c) all robustness
slackness values are positive, which leads the ego vehicle to
keep the current lane with a moderate speed.

The effect of predicted robustness slackness on trajectory
prediction of near vehicles is shown in Fig. 4. Trajectory
prediction candidates, which are outputs of LSTM-decoder in
prediction module, are shown in blue lines. Invalid trajectory
candidates are shown in yellow line. In case of the vehicle
marked as green box, all predicted robustness slackness
values are positive, and this leads to exclude the lane-
changing prediction which disobeys ϕ1.

We evaluated our method in two perspectives; prediction
accuracy and safety (collision avoidance).

A. Comparison: Prediction
In case of prediction, we have compared the proposed

method with the following three methods: S-LSTM, S-
CVAE, and M-GAN. S-LSTM refers naive LSTM encoder-
decoder framework, and S-CVAE means LSTM encoder-
decoder combined with CVAE [1]. Both S-LSTM and S-
CVAE do not consider the interaction between vehicles;
Surrounding vehicle information is not considered during
training. M-GAN is a modified version of Social-GAN [8] in
our problem; Unlike [8], m-GAN only consider surrounding
vehicles Vnear and Vego.

The comparison result is shown in Fig. 5. Proposed*
refers to the proposed approach without using the filtering
process with respect to the robustness slackness. We fix
number of prediction samples as 30, and also compare worst-
case result among generated prediction samples. We use
Average Displacement Error (ADE) as metric to measure the
performance. ADE represents average L2 distance between
ground truth and prediction over all predicted time steps.
From the results, we can see that considering the interaction
of the surrounding vehicles can improve the performance of
the prediction. Two results of Proposed and Proposed* show
that robustness slackness significantly improves the accuracy
of the prediction, especially in worst case. It seems that
this is the reason why the proposed approach offers better
prediction results than other methods that include M-GAN.

B. Comparison: Collision Avoidance
We conducted experiments of the proposed approach in

the US highway 101 and the Interstate 80. The following

the methods(LBMPC-STL, IL-Proposed) are compared with
the proposed approach. LBMPC-STL [2] denotes learning-
based MPC with STL constraints. Since LBMPC-STL does
not predict future trajectories of surrounding vehicles, we
use naive LSTM encoder-decoder network to predict future
trajectories. IL-Proposed refers imitation learning approach
that does not conduct MPC optimization in proposed ap-
proach; We directly apply trajectory prediction result of the
ego vehicle. A total of 30 experiments were performed for
each of the different starting positions for each track. Table I
shows the number of collisions for each method. It definitely
shows that the proposed approach is better performance in
terms of safety. This is due to better prediction performance
and MPC optimization process.

TABLE I
COLLISION EXPERIMENT

Proposed LBMPC-STL [2] IL-Proposed
US101 2 5 6

I80 4 8 8

Number of collisions during a total of 30 experi-
ments.

VII. CONCLUSION

In this paper, we have presented a deep predictive control
approach to control for autonomous driving problem. Our
novelty lies in combination of deep learning and model
predictive control approach. Rather than strict compliance
with all rules, the proposed method follows each rule more
efficiently, including disobeying certain rules so that it can
solve dilemma situations when all rules can not be satisfied.
By performing prediction considering interaction between
vehicles, the proposed method can generate more accurate
prediction results, especially on the worst case.
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