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Multimodal Trajectory Predictions for Urban Environments Using
Geometric Relationships between a Vehicle and Lanes
Atsushi Kawasaki and Akihito Seki
Abstract— Implementation of safe and efficient autonomous
driving systems requires accurate prediction of the long-term
trajectories of surrounding vehicles. High uncertainty in traffic
behavior makes it difficult to predict trajectories in urban
environments, which have various road geometries. To overcome this problem, we propose a method called lane-based
multimodal prediction network (LAMP-Net), which can handle
arbitrary shapes and numbers of traffic lanes and predict both
the future trajectory along each lane and the probability of
each lane being selected. A vector map is used to define the lane
geometry and a novel lane feature is introduced to represent
the generalized geometric relationships between the vehicle state
and lanes. Our network takes this feature as the input and is
trained to be versatile for arbitrarily shaped lanes. Moreover,
we introduce a vehicle motion model constraint to our network.
Our prediction method combined with the constraint significantly enhances prediction accuracy. We evaluate the prediction
performance on two datasets which contain a wide variety of
real-world traffic scenarios. Experimental results show that our
proposed LAMP-Net outperforms state-of-the-art methods.
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Fig. 1.
A result of multimodal trajectory predictions (3 seconds into
the future); observed and ground-truth (GT) trajectories are drawn in
red and blue, respectively; dashed lines indicate the vector maps of the
centerlines, and predicted trajectories are plotted in colors corresponding to
the centerlines, with the associated probabilities also shown.

I. INTRODUCTION
Predicting the future trajectories of other traffic participants is a crucial task for autonomous vehicles. An autonomous vehicle needs to drive safely under all traffic
situations by taking into account the future trajectories of
other traffic in order to avoid collisions.
Trajectory predictions for surrounding vehicles involve
high uncertainty because we do not know and cannot
uniquely determine which direction they will move in a
given scenario, such as when arriving at an intersection
and changing lanes. Therefore, the prediction results cannot
be expressed as a unimodal distribution. The autonomous
vehicle needs to take into account the inherent multimodality
of the future motion of surrounding vehicles.
Multimodal prediction in urban environments is much
more challenging than prediction in limited situations. Urban
traffic environments vary in the number and shape of lanes.
Previous works have shown the effectiveness of multimodal
prediction in limited situations such as intersections [1-5] and
lane changing scenarios [6-8]. However, these divide-andconquer approaches might not scale to cover prohibitively
large variations in real-world traffic scenarios. Autonomous
driving in the real-world needs to be able to predict trajectories in arbitrary scenarios, but it is unrealistic to collect and
train all possible road geometries.
To overcome this problem, we propose a framework for
multimodal trajectory predictions in urban environments that
can handle arbitrary numbers and shapes of lanes. Most
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drivers do not drive freely on the road, but select one
of multiple lanes and follow that lane. We focus on the
prediction for each lane and train a versatile long shortterm memory (LSTM) for arbitrary shapes of lanes. The
lane geometry is defined as a vector map, and a novel lane
feature (LF) is introduced which expresses the generalized
geometric relationships between the vehicle state and lanes.
Our network takes this feature as the input and is trained to
be versatile for arbitrarily shaped lanes. When our network
is assigned to each lane, we obatin both future trajectory
along each lane and the probability of each lane being
selected, as shown in Fig. 1. We call our framework lanebased multimodal prediction network (LAMP-Net).
Additionally, we introduce a model-based approach to our
network in order to enhance prediction performance. Most
learning-based methods predict future trajectory without considering any motion models (e.g., constant acceleration or
velocity models). However, most vehicles are constrained
by these models. We take into account this constraint in
LAMP-Net by tailoring Kalman filter (KF) approach [9]. In
[9], LSTM-KF was proposed, which uses LSTM to estimate
the parameters for a KF. We propose a tailored LSTM-KF
(Tailored-KF) for accurate prediction.
Our method is evaluated on our dataset and a public
dataset, which contain a large variety of real-world traffic
scenarios. Experiments show that the prediction performance
of our model with Tailored-KF is better than that of the
model with LSTM-KF. Furthermore, we demonstrate that our
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method outperforms other state-of-the-art methods.
The contributions of this paper are as follows. 1) We
propose a framework for multimodal trajectory predictions
in urban environments, which can handle any numbers and
shapes of lanes. 2) Inspired by the idea of KF and LSTM,
we introduce a vehicle motion model constraint into our
neural network, in order to enhance prediction performance.
3) Experiments on both our dataset and a public dataset show
that our method outperforms other state-of-the-art methods.
II. RELATED WORKS
Model-based and Learning-based Approaches: The
problem of predicting the trajectories of traffic participants
has been actively studied in the field of robotics [10].
The related works can be classified into two approaches:
model-based and learning-based. In model-based approaches,
many researchers have used the constant velocity model,
the intelligent driver model, and KF. KF, in particular, has
been widely used to predict trajectories with uncertainties.
In [11-13], the future velocity and yaw rate required for
lane changing and curving were modeled and incorporated
into a KF. However, this approach has the disadvantage that
parameter tuning is required for each situation.
Machine learning techniques overcome this problem. Classical learning-based methods have been used, such as the
Gaussian process model [14], hidden Markov model [15],
and Bayesian network [16]. In recent work, recurrent neural
networks (RNN), LSTM, and convolutional neural networks
(CNNs) have been proposed. In [17], Kim et al. fed sequential vehicle coordinates into an LSTM and produced
probabilistic information about the future location. In [8,
18, 19], LSTM-based trajectory prediction methods were
proposed that take into account social interactions between
different targets. It is well known that deep-learning-based
methods perform better than model-based methods.
In other fields, hybrid methods of learning and modelbased approaches have also been proposed. In [20], the
model parameters of heat diffusion were estimated using a
neural network. LSTM-KF [9] can estimate the parameters
of KF for human pose estimation. Hybrid methods have
widely shown more stable and accurate results. Following
the above works, we aim to enhance prediction performance
by combining learning- and model-based approaches.
Using Map Information: Map information is expected
to facilitate confident prediction of future trajectories in
complicated scenarios. We can classify the related prediction
algorithms using maps into two approaches: image mapbased and vector map-based. In the first approach, road
environments are embedded in bird’s-eye-view images. In [1,
21], the input images consisted of road surface, lane center
lines, and bounding boxes of traffic participants. In [22, 23],
a dynamic occupancy grid map was used as the input for a
CNN or Convolutional-LSTM [24]. DESIRE [3] and SceneLSTM [25] utilize real scene images with semantic labels
captured by drones or surveillance cameras. However, these
image-map based methods have the disadvantage that the
prediction accuracy depends on image resolution.

In the second approach, a vector map is used directly. This
approach does not suffer from discretization errors. In [4],
Hu et al. proposed a multimodal prediction method using
dynamic time warping (DTW) distances [26]. They used
the DTW distances between observed trajectories and vector
maps for lane selection in roundabouts and predicted the
trajectories along the lane. In [27], vehicle positions in a
Cartesian coordinate system were transformed to the distance
along and offset from the centerline. Their method could
predict the trajectory along the centerline, but the curvature
of the lane could not be considered because the motion of
the target vehicle, such as going straight or turning, cannot
be discriminated in the transformed coordinate system.
In the present study, we also directly use vector maps
which represent the lane centerline. To predict trajectories
along a lane without ignoring its geometry, we propose a
novel LF that represents the geometric relationships between
the vehicle state and the lanes.
Multi-modal Prediction: Several papers addressing the
problem of modeling multimodality have been published.
The mixture density network (MDN) [28] solves multimodal
regression tasks by learning the parameters of a Gaussian
mixture model. Zyner et al. [2] proposed a method for predicting multimodal trajectories at roundabouts by combining
MDN with RNN. However, MDN is difficult to be trained
due to numerical instability when operating in high dimensional spaces. In [3, 4, 27], multimodal predictions were
generated by random sampling from multivariate normal
distributions using a variational auto encoder (VAE) [29]
or conditional variational auto encoder (CVAE) [30]. These
methods require unnecessary repeated forward passes to obtain sufficient prediction candidates due to the use of random
sampling. In [7, 8], a single network was proposed which
produces different outputs for each maneuver. However, these
networks can only predict a set of fixed maneuvers (e.g., keep
lane, left and right lane changes, and braking).
To solve these problems, we train a versatile LSTM that
can predict the trajectory along an arbitrarily shaped lane
and the probability of this lane being selected by the target
vehicle. By assigning this network to each lane, we get
multiple trajectories and associated probabilities.
III. PROPOSED METHOD
In this section, we first introduce the problem setting and
notation. The details of LAMP-Net including the multimodal
prediction and combination of learning- and model-based
approaches are then discussed.
A. Problem Setting
We assume access to a perception module that maps sensor
data (LiDAR, radar, or camera) to 3D tracked vehicles. At
each timestep t, we have the measured vehicle states xt ,
represented as follows:
]T
[
,
xt = xt yt θt vt γt at γ˙t
where x, y, θ are the 2D position and angle in a Cartesian
coordinate system, v is the total velocity, γ is the yaw rate,
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Fig. 2. Example of lane feature (LF) for lanes 1, 2, and 3 at a certain
timestep. Black points show the vector maps of the centerlines. Each LF
m
consists of an error vector (em
x,t , ey,t ) and the angles of the direction vector
of the vector maps (φtm , φ̇tm , φ̈tm )

passes through ϕ2 (·) and is converted to a one-dimensional
vector in order to remove the order dependency of the lanes.
These one-dimensional vectors are concatenated and then fed
through the softmax function to produce the lane selection
probabilities {p0 , ..., pM }.
Each decoder module consists of an LSTM, embedding
functions, and a Tailored-KF module. We also assign a
weight-shared decoder module to each lane. Each hidden
state of LSTM2 in Fig. 3 is updated from the hidden state
of the LSTM1 corresponding to the lane. The outputs of the
decoder at each timestep and for each lane are the predicted
m and the covariance matrix Pm , produced through
state xt+1
t+1
m
m .
is calculated by using xt+1
the Tailored-KF module. LFt+1
m
m
LFt+1 and xt+1 are concatenated and taken as the input to
the decoder, recurrently.
D. Tailored-KF

a is the total acceleration, and γ̇ is the yaw acceleration.
The inputs to our model are sequential data for the above
states at timesteps t = {1, ..., Tobs }. The outputs are also
sequential states at t = {Tobs+1 , ..., Tpred }. The time gap
between consecutive time steps is constant (0.1 s). The
coordinate origin is set at (xTobs , yTobs ), where Tobs is the
last observed timestep. Our perception module also gives the
state-estimation uncertainty as a covariance matrix. We use
this covariance matrix at t = Tobs for the initial input to the
Tailored-KF module and represent it as PTobs . Additionally,
we use the vector map of the lane centerlines. The interval
between nodes in the vector map is equal to 1 meter.
B. Lane Feature
To handle arbitrary lane shapes, we introduce a novel
LF which represents the generalized geometric relationships
between the prediction target and lanes. LF is calculated for
m
each
] t. LF is defined as LFt =
[ m lanem m atm eachm timestep
m
ex,t ey,t φt φ̇t φ̈t . Fig. 2 shows an example of
m
LF. In the definition, em
x,t and ey,t are the elements of the
error vector between the vehicle position and the lane. We
define the nodes in the target lane as {p0 , ..., pN } and define
the closest node to the vehicle as pn . φtm is the angle of the
direction vector from pn to pn+1 ; φ̇tm is from pn+2 to pn+3 ,
and φ̈tm is from pn+4 to pn+5 .
Our method can consider the lane geometries ahead of
a vehicle position from φ̇tm and φ̈tm . For example, vehicles
usually slow down before turning. Our method can learn this
characteristic by adding these elements.

We incorporate a motion model, such as the constant
acceleration model or the decay acceleration model, into
our neural network by using the tailored KF-based approach
(LSTM-KF) [9]. In LSTM-KF [9], the parameters of KF,
such as the state transition model, the Jacobian, and noise,
are estimated by using LSTMs. This method can estimate
all parameters, but the expressive capabilities are weak
because the Jacobian and noise are characterized by diagonal
matrices. The nondiagonal elements are important factors for
accurately expressing the distributions of the uncertainties.
For vehicle trajectory prediction, it is appropriate to use
the motion model for the transition model. The nondiagonal
elements of the Jacobian matrix can be calculated from the
formulated transition model. Additionally, we calculate the
nondiagonal elements of the noise matrix of the transition
model by adding the constraint that all noise originates from
acceleration and yaw acceleration.
Fig. 3 (b) shows the architecture of the Tailored-KF
module. For simplicity of notation, in this subsection, we
omit the subscript m (lane label). The transition model is
defined as follows:
x̄t+1

= f(xt ) + wt
[
f1 f2 f3

=

f4

f5

f6

f7

]

+ wt , (1)

where
f1

= xt + (vt cos θt )∆t + (at cos θt + γt vt sin θt )∆t 2 /2

f2

= yt + (vt sin θt )∆t + (at sin θt + γt vt cos θt )∆t 2 /2
= θt + (γt )∆t + (γ˙t )∆t 2 /2

f3

C. Network Architecture

f4

The detail of LAMP-Net is shown in Fig. 3 (a). We use an
LSTM-based encoder-decoder framework [31]. One encoder
module consists of an LSTM and embedding functions
(LSTM1, ϕ1 , and ϕ2 in Fig. 3 (a)). We assign a weight-shared
encoder module to each lane. The sequential state vector xt
and lane feature LFtm are concatenated and used as the input.
To estimate the probabilities of lane selection, we use
each final encoder LSTM state which can be expected to
encode how the vehicle follows the lane. Each LSTM state

f5

= vt + (at )∆t + (−ka at )∆t 2 /2
= γt + (γ˙p )∆t + (−kγ̇ γ˙p )∆t 2 /2

f7

= at + (−ka at )∆t + (ka2 at )∆t 2 /2
= γ˙t + (−kγ̇ γ˙t )∆t + (kγ̇ 2 γ˙t )∆t 2 /2

wt

∼ N( 0

f6

Qt ).

(2)

The acceleration and yaw acceleration are assumed to decay
to zero at a rate characterized by the time constants ka and kγ̇ .
In our implementation, ka and kγ̇ are set to 0.1. Suppose that
the noise of f(·) has a normal distribution with zero mean
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= LSTM Q(ht , xt )
= exp(ϕ (ht+1 ))
=

a
= (Ft+1 B)diag( σt+1

vt+1
Rt+1
vdes

= H · xt+1 + vt+1
[
0 0 0 0 0 1
=
0 0 0 0 0 0
]
[ des
des T
=
vt+1 γt+1

+1

+1

(b)The detail of Tailored-KF

γ̇
σt+1

]

0
1

m=1

j
Ltra
m,t

)(Ft+1 B) ,

]
xt+1 + vt+1

∼ N( 0

Rt+1 )
[
]
v ) exp(σ̄ γ ) )
= diag( exp(σ̄t+1
t+1
[ v
]
γ
= diag( σt+1
σt+1 ),

Lobs is the loss of the observation model of Tailored-KF. L prob
is defined as the cross-entropy losses of the predicted and GT
lane labels. In the definition of Ltra j and Lobs , we use only the
decoder output on the GT lane label, in contrast with MDN.
To train a versatile decoder which can predict the trajectory
along the target lane, the outputs on incorrect lane labels are
not necessary. This idea is based on the characteristic that
most vehicles follow the centerline. Ltra j is defined as:
)
Tpred
M (
tra j
tra j
∗
L
= ∑ Im=m ∑ Lm,t

T

where ϕ (·) is an embedding function, and ht is the hidden
state and the output of LSTM Q(·). The variance of the
γ̇
acceleration σta and that of the yaw acceleration σt are
estimated by using LSTM and exponential function. Other
elements of Qt are estimated from the Jacobian matrix Ft .
The observation model of Tailored-KF is similar to KFbased models in related works [11, 12]. The model consists
of the future desired velocity and desired yaw rate, which
act as virtual measurements as follows:
zt+1

Covariance

Overview of the developed network architecture, LAMP-Net.

[

Qt+1

+1 )

+1

+1 ,

∂f
∂ x x=xt
[
]T
0 0 0 0 0 1 0
B =
0 0 0 0 0 0 1

Ft

−1

4

and covariance matrix Qt . We dynamically estimate Qt based
on the constraint that all noise originates from acceleration
and yaw acceleration as follows:
ht+1

+

…

Fig. 3.

γ̇
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(a) Network Architecture
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1

t=Tobs +1

= − log P2 (xt∗ , yt∗ | (xtm , ytm ), [Ptm ]xy ) · P1 (θt∗ | θtm , [Ptm ]θ ),

where ∗ indicates GT and M is the maximum number of
lanes, Im is a binary indicator function that is equal to 1
if lane label m is GT lane label m∗ , and L is the negative
log-likelihood loss [32] for the predicted states (position and
angle). We assume the predicted position meets a bivariate
Gaussian distribution parameterized by N((xtm , ytm ), [Ptm ]xy ),
where [Ptm ]xy is 2 × 2 submatrix of Ptm characterizing the
position and P2 (·) denotes a density function of a bivariate
Gaussian distribution. Similarly, P1 (·) is the density function of a univariate Gaussian distribution parameterized by
N(θtm , [Ptm ]θ ), where [Ptm ]θ is a diagonal elements of Ptm
regarding to θ . In Lobs , the desired velocity and the desired
yaw rate are also optimized as follows:
)
Tpred
M (
Lobs = ∑ Im=m∗ ∑ Lobs
m,t
t=Tobs +1
γ ,m
∗ des,m
= − log P1 (vt | vt
, σtv,m ) · P1 (γt∗ | γtdes,m , σt ).
m=1

Lobs
m,t
(3)

γ des

are the future desired velocity and yaw
where
and
rate, and R is their covariance matrix.
values are calcu[ des These
]
γ
des
v
lated from the output of ϕ4 (·), vt+1
γt+1
σ̄t+1
σ̄t+1 .
The Kalman update is the same as in KF. After calculating
the Kalman gain, the refined state xt+1 and the covariance
Pt+1 are obtained. Fig. 3 (b) shows the detailed calculation.
E. Training
Our loss function consists of three elements: L prob is the
lane selection loss, Ltra j is the predicted trajectory loss, and

This loss has the benefit of stabilizing the training and
enhancing the effect of Tailored-KF.
We train the model using the Adam solver [33] with a
learning rate 0.0005. All LSTMs have 16-dimensional states.
We also use all embedding layers with 16 dimensions, with
tanh activation. The model is implemented using Tensorflow.
IV. EXPERIMENTS
A. Datasets and Metrics
Datasets: We evaluate our method on our dataset and
a public dataset that contains a large variety of real-world
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(a)

(c)

(b)
Lane0: 50%
Lane1: 50% (*)

Lane0: 88% (*)
Lane1: 12%

Lane0: 19%
Lane1: 81% (*)

(e)

Lane0: 1%
Lane1: 2%
Lane2: 24%
Lane3: 24% (*)
Lane4: 49%
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Lane2: 43% (*)
Lane3: 43%
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Lane1: 65% (*)

(g)

(f)

(d)

(h)

Fig. 4. Visualization of the prediction results, as in Fig. 1. The first row shows the results for the validation dataset in Argoverse [27]. The results in the
second row are for our dataset. Ellipses indicate standard deviation based on the output covariance matrix and are drawn for only the top trajectory. An
asterisk (∗) next to a lane selection probability indicates the GT lane label.

Methods
Constant velocity
Houenou et al. [34] + kawasaki et.al. [12]
Vanilla LSTM
Chang et al. [27]
Hu et al. [4]
LAMP-Net (direct regression)
LAMP-Net (with LSTM-KF [9])
LAMP-Net (with Tailored-KF)

Multimodal
–
✓
–
–
✓
✓
✓
✓

Predicted lane error [m]
Our dataset
Argoverse [27]
ADE
FDE
ADE
FDE
–
–
–
–
2.15
4.71
2.45
5.03
–
–
–
–
–
–
–
–
2.21
4.27
2.02
4.56
2.33
4.37
1.94
4.46
1.97
4.07
1.89
4.26
1.79
3.83
1.82
4.04

Oracle lane error [m]
Our dataset
Argoverse [27]
ADE FDE
ADE
FDE
2.83
6.28
2.97
6.36
2.01
4.39
2.20
4.86
2.24
4.91
2.03
4.57
2.12
3.72
1.91
4.05
1.99
3.52
1.76
3.94
2.05
3.60
1.77
3.89
1.78
3.48
1.74
3.80
1.61
3.28
1.71
3.69

TABLE I
QUANTITATIVE RESULTS OF ALL METHODS ON TWO DATASETS .

traffic scenarios. Our dataset contains vehicle tracking results
and vector maps of the lane centerlines. The states and
variances of the tracked vehicles are obtained from multiple
sensor modules, which can produce top-down projected 2D
bounding boxes.The initial covariance matrix PTobs can be
obtained from these modules. We collected 66 different
intersection scenarios from Tokyo, Japan, and trained and
tested the model using 55 and 11 intersections, respectively.
The number of sequences is 16,896 for training and 3,105
for testing. The length of input sequence is 20 frames (2.0
s), and the prediction time horizon is 40 frames (4.0 s).
Additionally, we used Argoverse [27], which is a public
dataset for the vehicle trajectory prediction task. Argoverse
consists of 208,272 training sequences and 40,127 validation
sequences, with vector maps of the lane centerlines. The
input and prediction length are 20 and 30 frames (2.0 and
3.0 s). In the dataset, the vehicle states have only positions.
We calculate other states, such as angle and velocity from
the time series difference, and set PTobs to a fixed value of
diag(3.2e−1 , 6.4e−2 , 2.7e−3 , 1.4e−1 , 2.5e−4 , 1.8e−1 , 1.3e−5 ).
Metrics: As in related works [18, 25, 27], our method
is evaluated using two metrics: average displacement error

(ADE) and final displacement error (FDE). ADE is the mean
error over all locations of predicted trajectories and GT. FDE
is the distance between the final predicted location and the
final GT location. Moreover, we compare them in terms of
the predicted lane error and the oracle lane error. One is
defined as the error in predicted trajectory for the lane label
with the highest probability of selection. The other is the
error in the predicted trajectory for the GT lane label.
Baselines: We compare the following baselines:
• ConstantVelocity: Using the most recent velocity(vx , vy ).
• Houenou et al.[34] + Kawasaki et al.[12]: Model-based
method. Lane selection probabilities are estimated by
the distances from a vehicle to the road boundaries [34].
Trajectories are predicted by modeling a future velocity
by fitting observed velocities to a cubic equation [12].
• Vanilla LSTM: LSTM encoder-decoder model that directly predicts the position from past trajectories only.
• Chang et al.[27]: Transforms vehicle positions in a
Cartesian coordinate system to distance along the lane
centerline and offset from it, and predicts the trajectory
by using Enc-Dec LSTM. This method relies on the
assumption that the system knows the GT lane label.
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•

•

Methods
Houenou et al.[34]
Chang et al.[4]
Ours
Ours w/o decoder

Hu et al.[4]: Estimates the lane-selection probabilities
by using DTW distances[26], and predicts the trajectory
by a CVAE-based method.
LAMP-Net: The proposed method. We prepare three
models: a direct regression model through ϕ4 , the
LSTM-KF [9] model, and the Tailored-KF model.

Our dataset
0.862
0.821
0.927
0.925

Argoverse [27]
0.751
0.767
0.851
0.854

TABLE II
COMPARISON OF LANE SELECTION ACCURACY

B. Qualitative Results
Fig. 4 shows examples of the prediction results from our
best-performing model. The colors of the centerlines and the
predicted trajectories correspond to each other. We can see
that each predicted trajectory follows each centerline. These
results show that our network is versatile with respect to
lane shape and that our LF and our training method works
well. Moreover, it can be seen that prediction is possible for
scenarios with an arbitrary number of lanes. This is because
the network architecture is adaptive to the number of lanes.
In Fig. 4 (a,b,e,f,h), the lane with the highest probability
corresponds to the GT lane. In Fig. 4 (g), it is not a coincidence that the two probabilities are equal. These probabilities
depend on the input to the encoder. In (g), the vehicle has not
arrive at the lane branch, and each lane has the same LF at
the observed times, so the probabilities are also equal. Fig. 4
(h) is the scene 10 frames after (g). In (h), the vehicle has not
arrived at the lane branch, but the probabilities are different
because the LFs are not equal. As mentioned in section III.B,
our LF includes the lane angles ahead of vehicle position.
Our model can decide which lane a vehicle will select when
the vehicle approaches the branch within a certain distance.
This decision by our model is similar to human judgment.
Fig. 4 (d) is a failure case, in which the lane with the
highest probability does not correspond to the GT lane label.
The judgment in this scenario is hard even for humans. We
need to use the lane with the highest probability along with
the lanes where the probability exceeds a certain threshold.
C. Quantitative Results
The ADE and FDE values were calculated for all methods,
and the results are shown in Table I. LAMP-Net (with
Tailored-KF) outperforms the other methods on all metrics
for all datasets, regardless of whether the GT lane label is
known. The methods in the first 2 rows are model-based
approaches, those in rows 3 to 7 are learning-based methods,
and the final 2 rows are combinations of model- and learningbased approaches. The overall trend shows that the learningbased methods perform better than model-based methods,
and the combination methods perform best of all.
We now focus on the oracle lane error. This metric shows
the pure performance of trajectory generation. When we
compare three learning-based methods, the errors of Chang
et al. [27] are the highest. In that method, vehicle positions
are transformed from a Cartesian coordinate system to a
centerline-based coordinate system. Their method can predict
the vehicle trajectory along the centerline but cannot consider
the lane shape from the transformed coordinates. Our method
and Hu et al.’s method [4] have the advantage of being able
to predict trajectories while keeping the lane shape.

We next focus on the three methods at the bottom of the
table. The performance is slightly improved by adding the
original LSTM-KF to the direct regression model. By adding
Tailored-KF instead, performance is further improved. Our
Tailored-KF fixes the transition function but can estimate
nondiagonal elements of the Jacobian and the noise matrix.
The advantage of being able to estimate nondiagonal elements improves prediction performance.
The metric for the predicted lane error depends on the
lane selection probabilities. Table II shows the accuracy of
lane selection. The maximum numbers of lanes in our dataset
and Argoverse are 3 and 15, respectively. The lane selection
methods in the first 2 rows are model-based approaches. The
accuracies of our learning-based methods are higher than
those of other works.
The last 2 rows in Table II show an ablation study of our
method. We compare the accuracies between a single-task
model (ours without decoder in Table II) for lane selection
and a multi-task model (ours in Table II) for trajectory
prediction and lane selection. There is not much difference
between the accuracies obtained from the two models, which
shows that the two tasks can coexist harmoniously.
V. CONCLUSION
In this paper, we presented a framework for multimodal
trajectory predictions of surrounding vehicles in urban environments. Our framework can handle any number and shape
of lanes. We utilized a vector map for lane information
and introduced a novel LF that represents the generalized
geometric relationships between the vehicle state and the
lanes. This feature makes our network versatile for any
shape of lanes. Our versatile network can predict both the
future trajectory along each lane and the probability of
each lane being selected. Moreover, our trajectory prediction
method introduces a vehicle motion model constraint into our
neural network. We customized LSTM-KF to Tailored-KF by
adding this constraint. Our Tailored-KF overcomes the problem of low expressive capability for estimated parameters.
Experiments on both our dataset and a public dataset show
that our method outperforms other state-of-the-art methods.
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