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Abstract

Safety and robustness are crucial factors in developing
trustworthy autonomous vehicles. One essential aspect of
addressing these factors is to equip vehicles with the ca-
pability to predict future trajectories for all moving ob-
jects in the surroundings and quantify prediction uncer-
tainties. In this paper, we propose the Sequential Neu-
ral Variational Agent (SeNeVA), a generative model that
describes the distribution of future trajectories for a sin-
gle moving object. Our approach can distinguish Out-of-
Distribution data while quantifying uncertainty and achiev-
ing competitive performance compared to state-of-the-art
methods on the Argoverse 2 and INTERACTION datasets.
Specifically, a 0.446 meters minimum Final Displacement
Error, a 0.203 meters minimum Average Displacement Er-
ror, and a 5.35% Miss Rate are achieved on the INTERAC-
TION test set. Extensive qualitative and quantitative analy-
sis is also provided to evaluate the proposed model. Our
open-source code is available at https://github.
com/PurdueDigitalTwin/seneva.

1. Introduction

Motion prediction is crucial for the safety and robustness of
autonomous vehicles (AVs). The objective is to anticipate
the potential future movements of the surrounding objects
accurately. For the past few years, motion prediction has re-
ceived emerging interests [19, 27, 28, 30, 31], and we have
seen significant progress in prediction accuracy on several
benchmarks [4, 40, 44, 45]. However, it remains a challeng-
ing task because the behaviors of traffic participants contain
inherent multi-modal intentions and uncertainty. Therefore,
instead of solely focusing on the prediction accuracy, it is
also vital to identify modality and quantify the uncertainty
about each predicted trajectory.

Existing methods account for the multi-modality primar-
ily through generating multiple possible trajectories in par-
allel. Considering the procedure for generating the predic-
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tions, these methods mainly fall into two categories: se-
quential models and goal-based models. During inference,
a sequential model directly forecasts a collection of possible
future trajectories [9, 27]. Despite the prediction accuracy,
most models fail to identify intentions and quantify uncer-
tainty about predicted trajectories.

On the contrary, goal-based models generate a set of tra-
jectory endpoint candidates, namely goals, and then com-
plete the intermediate route connecting the object’s current
location to them [10, 12, 32]. They share a common as-
sumption that these sampled goals are multi-modal and ac-
count for most uncertainty. Although one can empirically
extrapolate the intention behind each predicted goal, these
models often rely on an expressive latent variable space that
arbitrarily represents the mixture of all modalities without
a specific architecture design that accounts for individual
modality. Meanwhile, most also ignore quantifying predic-
tion uncertainties or require recursive sampling to approxi-
mate uncertainty in trajectories [1], sharing a limitation sim-
ilar to the direct-regression models.

This paper addresses these limitations by explicitly mod-
eling the multi-modal trajectory distributions. Specifically,
we propose a novel Bayesian mixture model, Sequential
Neural Variational Agent (SeNeVA), that treats each ob-
served trajectory in the dataset as being drawn from one
of the generating processes. Each process has its own neu-
ral network parameterizing the distribution, and all the pro-
cesses share a common upstream feature encoder. To im-
prove the expressiveness of each process, we introduce a set
of latent variables and analytically approximate their poste-
riors using variational inference. Distribution parameters
directly quantify the prediction uncertainties, while the in-
dex of the generating process helps identify intention cate-
gories. In addition, we train a separate assignment network
as a proxy to estimate the posterior distribution of mixture
coefficients conditioned solely on the traffic condition. It
helps promote generalization ability across different traffic
scenarios. At inference time, we select one of the mixture
components based on the probability determined by the as-
signment network and then sample trajectories specific to
that particular mode in the scenario. Our experiment re-
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Figure 1. Illustration of multi-modal trajectory distribution.
There are four surrounding vehicles (blue) and one target vehicle
(red) in the scene. The target vehicle can either turn left within the
roundabout (green) or turn right into the nearest exit (orange).

sults show that the proposed model achieves competitive
prediction accuracy against state-of-the-art methods with
extensive information on intention and uncertainty associ-
ated with the predictions. The main contributions presented
in this paper are:
• We address the limited uncertainty quantification in ex-

isting motion prediction models and propose a novel
Bayesian mixture method to model the multi-modal dis-
tribution of future trajectories conditioned on historical
traffic conditions.

• A separate assignment network and an NMS sampling
method are introduced to allow for generating a small set
of representative trajectories.

• An end-to-end training procedure is developed using vari-
ational inference, where the efficiency and robustness of
our model are demonstrated through extensive ablations.

2. Related Work

2.1. Generative Motion Prediction Model

Early works using deep neural networks for motion predic-
tion commonly adopted recurrent networks [2, 34, 41] for
time-series prediction. However, deterministic predictors
have limited capability to capture multi-modal intentions.
Recent advancements in generative models [11, 21, 39]
have demonstrated their promising power in producing di-
verse and realistic predictions, enabling a shift from learn-
ing a deterministic prediction model to fitting the distri-
bution of all possible future trajectories. Some existing
works apply Generative Adversarial Networks (GANs) [11]
to fit a pair of generator-discriminator for trajectory pre-
diction [13, 23, 36, 47]. Despite their promising perfor-
mance, GANs can be unstable during training [22] and lack
interpretability of their generating processes. and lack in-
terpretability in their generating processes. Other works
adopt Gaussian Mixture Models (GMMs), leveraging the
multi-modal property of mixture models [3, 17, 18, 26].

Meanwhile, existing works explore using variational au-
toencoders (VAEs) for motion prediction [18, 37, 38]. How-
ever, these works often directly use distribution means as
predictions and neglect quantifying uncertainties in the pre-
dictions. Our approach addresses these limitations with a
variational Bayes mixture model and investigates the pre-
diction uncertainty quantified by its parameters.

2.2. Uncertainty Quantification

Uncertainty quantification has emerged as an area of inter-
est since learning-based methods can be unreliable when
data are out of the distribution of training samples. In au-
tonomous driving, existing works have explored applying
uncertainty quantification in object detection [6, 8, 14] to
improve perception robustness. Meanwhile, a few works in-
vestigate uncertainty quantification in trajectory prediction
tasks. Djuric et al. [7] account for the inherent uncertainty
of motions in traffic and use CNN in short-term motion pre-
diction. Gaussian Process regression is also an alternative
method in motion prediction tasks [42] as it can quantify un-
certainty. Wang et al. [43] apply a Bayesian-entropy method
considering uncertainty for predicting accurate trajectories
and accidents. A comprehensive review of existing works
can be found in [1]. Nevertheless, uncertainty quantification
in motion prediction remains underexplored.

3. Problem Statement

This paper aims to address the problem of predicting
the future trajectories of a single traffic participant in
the scene and quantifying prediction uncertainties. The
model derives predictions conditioned on the observa-
tion history. Suppose the observation horizon is H , and
the prediction horizon is T . Given the history motion
states s

(i)
h =

[
s
(i)
1 , s

(i)
2 , . . . , s

(i)
H

]
of a single agent i,

the objective is to predict its future motion states s
(i)
f =[

s
(i)
H+1, s

(i)
H+2, . . . , s

(i)
H+T

]
, conditioned on the observation

history of its surroundings mh = [m1,m2, . . . ,mH ].
To enable uncertainty quantification, instead of learn-
ing a model that outputs deterministic predictions, we
build our model to estimate the conditional probability
p(s

(i)
f |mh, s

(i)
h ).

However, the conditional distribution in real-world cases
can be multi-modal. The modes can be spatially disjoint
in some circumstances since they reflect mutually exclusive
intentions. The example in Figure 1 illustrates such a sit-
uation where a vehicle in the roundabout can either keep
cruising within the roundabout or head towards the nearest
exit. Existing models that generate predictions and uncer-
tainties using features from a unified latent space can derive
inaccurate trajectory predictions between any pair of spa-
tially disjoint modes. Therefore, we decompose the condi-
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Figure 2. Architecture of the proposed SeNeVA model. The track and map encoders encode HD map and agent history trajectories.
A global encoder module with a cascade of multi-head attention layers passes messages between map and agents to compute the context
feature x from the perspective of the target agent. A variational Bayes Model of K components estimates the distribution p(sf |x)
of trajectories conditioned on the context feature x. Additionally, we have an assignment network to estimate the distribution of mixture
coefficients p(z|x) conditioned on the context feature. The estimated distributions quantify the uncertainty of all possible future trajectories
and enable the sampling of representative ones.

tional distribution as a mixture of K disjoint components to
promote accurate quantification of the uncertainties:

p(s
(i)
f |mh, s

(i)
h ) =

K∑
k=1

p(s
(i)
f |mh, s

(i)
h , z = k)p(z = k),

(1)
where z is an indicator variable for possible futures. We will
drop the superscripts i in the following sections to simplify
our notation. Following this formulation, we further make
the below assumptions:
• The ground-truth trajectory in each training data is a sam-

ple from one of the mixture components reflecting its as-
sociated intention.

• The residuals concerning the trajectory predictions follow
a Multivariate normal distribution in space.

• The displacements in space between consecutive time
steps form a temporally correlated time series.
Our proposed model reflects the formulation and the as-

sumptions with three key designs. First, we model each
component trajectory distribution as a Multivariate Gaus-
sian; that is, we quantify the uncertainty of each prediction

as the residual. Then, the ground-truth trajectory follows
a Bayes Mixture of individual Gaussian distributions with
only one of the components activated for each observation.
Finally, we introduce an extra latent variable to capture the
temporal correlations of the time series.

Compared to other existing methods, our method di-
rectly models the entire distribution of all possible futures,
providing rich information for downstream tasks such as
risk and safety analysis. We incorporate variational in-
ference to train our model. During model inference, the
trained probabilistic model supports direct sampling on the
mixture distribution using selection methods such as Non-
Maximum Suppression [15, 35] for applications requiring
only a small set of representative trajectories.

4. Sequential Neural Variational Agent
This section presents the Sequential Neural Variational
Agent (SeNeVA) model for single-agent motion prediction
(see Figure 2). Our model learns to use encoded features
of the traffic environment (Section 4.1) to parameterize a
spatial distribution of plausible trajectories as a mixture of
Multivariate Gaussian distributions (Section 4.2). In addi-
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tion, we implement an assignment network to estimate the
mixture weights (Section 4.3), which aims to avoid repeated
sampling of latent variables and improve the generaliza-
tion performance in unseen cases. Finally, we introduce the
training objective (Section 4.4) and how we sample from
the distribution (Section 4.5).

4.1. Feature Encoding

We represent the history of the surrounding environ-
ment and agent motions using a vectorized representation.
Specifically, the history motion states of agent i are repre-
sented by a vector s(i)h ∈ RH×5 consisting of the locations,
heading, and velocities at each time step. We consider the
surrounding to be a static HD map represented by a collec-
tion of p polylines mh = {l1, . . . , lp}, where each polyline
is a set of vectors lp ∈ RNp×4, each denoted by the coordi-
nates of its head and tail. All coordinates are projected into
a target-centric frame.

We encode the map and agent history using two sepa-
rate VectorNet subgraphs [9], resulting in a polyline fea-
ture pi for each agent and each polyline on the map. To
model high-level interaction, we follow LaneGCN [27]
and model four types of global interactions, includ-
ing agent-to-map-polyline (A2M), map-polyline-to-map-
polyline (M2M), map-polyline-to-agent (M2A), and agent-
to-agent (A2A) interaction. We use four individual multi-
head attention (MHA) layers at each global interaction level
to model each type of interaction individually and use a cas-
cade of L-level MHA layers to encode global interactions.
The implementation of the encoder module is provided in
the supplementary material.

As a result, the output x from the encoder module is a
latent representation of the traffic condition from the per-
spective of the target agent. The consecutive probabilistic
model learns the conditional distribution p(sf|x, z) as the
equivalence for p(sf|mh, sh, z) in equation 1.

4.2. Variational Bayes Mixture

Instead of directly predicting a sequence of future locations,
our model predicts the displacements between consecutive
time steps for stability. We model these displacements as
a time series. To capture the temporal dependencies, we
introduce a latent variable v = [vH+1, vH+2, . . . , vH+T ]
and factorize the conditional distribution as p(sf|x, z) =∫
v,x

p(sf|v,x) · p(v|x, z)dv, where

p(sf|v,x) =
T∏
t=1

p(sH+t|vH+t,x), (2)

p(v|x, z) = p(vH+1|x, z)
T−1∏
t=1

p(vH+t+1|vH+t,x). (3)

sfx

vz

π φ

N

K

(a) Generative Model

sfx

vz

ψ

N

(b) Variational Model

Figure 3. The graphical representation of the (a) generative model
and the (b) variational family. Shaded and unshaded nodes are
the observed and latent random variables. Diamond nodes are the
model parameters.

As illustrated by Figure 3, we parameterize the gener-
ative process as a conditional variational model given by:

pθ,φ(sf,v, z|x) = pθ(sf|v,x) · pφ(v|x, z) · p(z), (4)

where we consider the latent variables to follow the below
processes:

z ∼ Categorical(π), (5a)

vH+1|x, z ∼
K∏
k=1

N
(
µ(x;φ0,k), diag(σ2(x;φ0,k))

)zk
,

(5b)

vt+1|vt,x, z ∼
K∏
k=1

N
(
µ(x;φr,k), diag(σ2(x;φr,k))

)zk
,

(5c)

st|vt,x ∼ N (µ ([vt,x] ; θ) ,Σ ([vt,x] ; θ)) . (5d)

The µ(·; θ),Σ(·; θ),µ(·;φ∗), and Σ(·;φ∗) above are outputs
from neural networks with parameters θ and φ∗. The [·, ·]
denotes concatenation operation. The diag [·] is the opera-
tion to create a diagonal matrix with the given values. In
practice, θ and φ0,k are parameters of a Multi-layer Percep-
tron (MLP), and φr,k are parameters of a Long Short-Term
Memory (LSTM) [33]. We use a non-informative, uniform
prior πk = 1/K, k = 1, . . . ,K for the random variable z
since we assume the dataset covers all possible intentions
equally. One of the key advantages of our formulation is
that the use of LSTM cells and the MLP in equation 5d
promotes parameter efficiency and enables the handling of
variable-length trajectory predictions
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However, fitting the generative model by directly max-
imizing the log-likelihood log p(sh|x) is intractable. We
approach this problem using variational inference. Specif-
ically, we use the mean-field variational family to approxi-
mate the true posterior, given as:

q(v, z|sf,x) = qψ(v|sf,x) · qφ(z|v,x), (6)

Similar to the generative model, we factorize the sequential
dependency of qψ(v|x, sf) and parameterize it using a com-
bination of MLP and LSTM. The factorization structure of
qψ(v|x, sf) resembles the one in equation 3, given as:

qψ(v|x, sf ) = q(vH+1|x, sf)

T−1∏
t=1

q(vH+t+1|vH+t,x, sf)

(7)
Meanwhile, we reparameterize the posterior for the ran-

dom variable z by:

qφ(z = j|v,x) = p(z = j)pφ(v|x, z = j)
K∑
k=1

p(z = k)pφ(v|x, z = k)

(8)

This avoids an additional q(z) network while allowing gra-
dients to backpropagate onto the parameter set φ. The
derivation is in the supplementary. Nevertheless, the trade-
off is that we need further Monte-Carlo sampling during
inference to estimate the z-posterior. The following section
introduces our solution to this issue with a proxy network
to directly output p(z|x).

4.3. Assignment Network

Sampling from the latent space to estimate the posterior as-
signment q(z|v(i),x) can be computationally intensive. We
introduce an assignment network that approximates p(z|x)
conditioned solely on the input feature x to address this.
The network is parameterized as an MLP that outputs the
log-likelihood of mixture components:

log π̂ = MLP(x). (9)

The estimated π̂ can be used as the mixture coefficient
for uncertainty quantification during inference. For evalu-
ations based on a small set of trajectories, the assignment
network can help identify the components most likely to be
sampled instead of uniformly sampling from all the mixture
components. This approach can significantly reduce com-
putational complexity while maintaining the quality of the
generated trajectories.

4.4. Model Training

We train our variational Bayes model to maximize the Evi-
dence Lower Bound (ELBO). Using the factorizations given

by equation 4 and equation 6, the ELBO objective can be
written as:

LELBO = Eqψ(v|sf,x) log pθ(sf|v,x)
− Eqφ(z|v,x)DKL (qψ(v|sf,x)∥pφ(v|x, z))
− Eqψ(v|sf,x)DKL (qφ(z|v,x)∥p(z)) ,

(10)

where DKL(·∥·) denotes the Kullback-Leibler diver-
gence [24]. We apply Monte-Carlo sampling to estimate
the expectations in the ELBO. Since we reparameterize the
z-posterior in equation 8, we can directly compute the sec-
ond term in the ELBO using the Monte-Carlo samples. For
each sample j, we define wjk = qφ(z = k|v(j),x) and
djk = DKL

(
qψ(v

(j)|sf,x)∥pφ(v(j)|x, z = k)
)
, then

Eq(z|v,x)DKL (q(v|sf,x)∥p(v|x, z)) ≈
1

Nmc

Nmc∑
j=1

K∑
k=1

wjk·djk,

(11)
where Nmc is the number of Monte-Carlo samples. A de-
tailed derivation of the ELBO is provided in the supplemen-
tary material.

To train the assignment network, we first marginalize
the ground-truth assignment weights of the mixture com-
ponents given the motion states sf by:

p(sf|x, z) =
∫
v∼q(v|sf ,x)

p(sf |v,x)p(v|x, z)dv. (12)

We approximate the marginalization by applying Monte-
Carlo sampling on the posterior distribution q(v|sf ,x).
Since we are using a non-informative uniform prior distri-
bution for z, we can obtain the target assignment weights
by applying Bayes’ rule:

p(z = j|x) = p(sf |x, z = j)p(z = j)

p(sf|x)
=

p(sf|x, z = j)
K∑
k=1

p(sf|x, z = k)

.

(13)
We train the assignment network to minimize the focal

loss [29] given by:

Lπ̂ = −
K∑
k=1

(1− π̂k)
γ · p(z = k|x) log π̂k, (14)

where γ is a tunable focusing hyperparameter balancing
well-classified and misclassified components. Overall, we
train the SeNeVA model to minimize the weighted sum of
two losses:

L = −LELBO + αLπ̂. (15)
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Algorithm 1 Destination Sampling

Require: List of candidates {yH+T }, Candidate buffer
radius r, Intersection-over-Union (IoU) Threshold γ,
Number of trajectories to sample M

1: Evaluate probabilities p(yH+T |v≤T ,x, z)
2: Sort candidates by probabilities in a descending order
3: Initialize an empty list Q
4: while size(Q) < M do
5: Take the most probable candidate y∗H+T

6: Add y∗H+T to Q
7: Create circle c centered at y∗T of radius r
8: for each other candidate y′H+T do
9: Create circle c′ centered at y′H+T of radius r

10: if IoU(c, c′) > γ then
11: Remove y′H+T from the list of candidates
12: end if
13: end for
14: Remove y∗H+T from the list of candidates
15: end while
16: return Q

4.5. Trajectory Sampling

The output from the SeNeVA model is the distribution of all
possible trajectories in the future. However, many existing
motion prediction challenges and applications require only
a small set of the most probable predictions for evaluation.
To promote the leverage of the distribution information, we
propose a method to sample from the generative model with

Non-Maximum Suppression (NMS). Denote yt =
t∑

t′=1

st

as the location of the target agent at time t. Since st are
Gaussian random variables, the sum of them also follows a
Gaussian distribution:

yt|v≤t,x, z ∼ N

(
t∑

t′=1

µ([vt,x]; θ),

t∑
t′=1

Σ([vt,x]; θ)

)
.

(16)
During sampling, we obtain the mixture weights approx-

imation π̂ from the assignment network to help determine
which component we should sample from. Since the fi-
nal location yH+T holds the most uncertainty, quantified
by its covariance matrix as a summation of displacement
covariance over all previous time steps, we propose first
sampling yH+T using NMS, as described in Algorithm 1.
For each sampled yH+T , we generate the intermediate path
from the target agent’s current location yH to the sampled fi-
nal destination yH+T by assuming uniform uncertainty over
time. This assumption helps guarantee the smoothness of
the sampled trajectories. Details are provided in the supple-
mentary.

5. Experiments
5.1. Experiment Setup

Datasets The evaluation is conducted on two benchmark
datasets: the INTERACTION [45] and the Argoverse 2 [44]
dataset. The INTERACTION dataset consists of data col-
lected from 18 different locations globally. The goal is to
predict the 3-second future conditioned on a 1-second his-
tory observation. There are about 35% Out-of-Distribution
(OOD) data in the test dataset (i.e., with unseen map and
traffic conditions). This is an interesting feature we lever-
age to analyze the uncertainty quantification performance
of our proposed SeNeVA model. The Argoverse 2 dataset
contains 250, 000 scenarios collected from 6 different cities.
The task is to predict a future 6-second trajectory based on
a 5-second history observation.

Metrics For uncertainty quantification, we evaluate the
OOD identification capability of SeNeVA by comparing
the predicted distribution entropy under in-distribution and
OOD cases. For predicting a small set of representative
trajectories, we use standard evaluation metrics, including
minimum Average Displacement Error (minADEk), mini-
mum Final Displacement Error (minFDEk), and Miss Rate
(MRk). We present further details about the metrics in the
supplementary material.

5.2. Uncertainty Quantification

5.2.1 Quantitative Analysis

The output trajectories from the SeNeVA model follow a
bivariate Gaussian distribution, allowing the total uncer-
tainty about the prediction to be directly measured by its
entropy (calculation details in supplementary). We expect
the SeNeVA model to have lower entropy for in-distribution
cases and higher entropy for out-of-distribution (OOD)
ones.

We compute the distribution entropy for the 22, 498
cases of the INTERACTION test dataset, where 7, 898 data
cases are from unseen locations. Figure 4 shows that the
predicted total uncertainty in OOD cases is generally higher
than in in-distribution data, with a 1.5% increase in high-
way merging cases and 0.6% increase in roundabout cases.
This demonstrates SeNeVA’s ability to distinguish OOD
data during prediction and assign higher uncertainty to these
cases. However, the OOD entropy in intersection cases is
0.5% lower than in-distribution cases, possibly due to the
more complex traffic conditions in intersections, including
cyclists and pedestrians.

We further compare our model with the Deep Ensembles
method [25] for uncertainty quantification, using VectorNet
as the base ensembled model for fair comparison. Table 2
shows that SeNeVA can better distinguish OOD data, with
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Table 1. Comparison of the proposed SeNeVA with various state-of-the-art methods on the two datasets. The top-performing method for
each setting is highlighted in bold. The second-top-performing method is highlighted with an underscore ( ).

Dataset Split Method # Param. minFDE6 (↓) minADE6 (↓) MR (↓)

INTERACTION test

DenseTNT [12] - 0.795 0.424 0.060
Multi-Branch SS-ASP [19] - 0.539 0.178 0.115

MultiModalTransformer [16] 6.3M 0.551 0.213 0.051
HDGT [20] 15.3M 0.478 0.168 0.056

SeNeVA (ours) 1.3M 0.446 0.203 0.053

INTERACTION val

DESIRE [26] - 0.880 0.320 -
MultiPath [3] - 0.990 0.300 -

TNT [46] - 0.670 0.210 -
SeNeVA (ours) 1.3M 0.431 0.197 0.079

Argoverse 2 val
DenseTNT [12] - 1.620 0.960 0.233

Forecast-MAE [5] 1.9M 1.409 0.901 0.178
SeNeVA (ours) 1.3M 1.319 0.713 0.175

Figure 4. Predicted uncertainty in different road geometry and
data distributions. The predicted uncertainty in OOD cases is
generally higher than in in-distribution cases.

Table 2. Predictive uncertainty measured by total entropy in in-
distribution (ID) and out-of-distribution (OOD) cases.

Model Geometry Entropy
ID OOD

VectorNet
Ensembles

Merging 90.98 (5.26) 87.69 (8.97)
Roundabout 95.59 (7.63) 104.62 (8.39)
Intersection 92.73 (6.81) 76.37 (5.35)

SeNeVA
(Ours)

Merging 422.64 (2.64) 429.28 (4.32)
Roundabout 428.12 (4.63) 431.17 (4.47)
Intersection 429.60 (5.63) 427.13 (4.33)

an average inference time of 51ms compared to 1, 590ms
for the Deep Ensembles model, indicating better efficiency.

5.2.2 Qualitative Analysis

In Figure 5, we visualize the quantified uncertainty in an
in-distribution and an OOD case side-by-side. The results
show that the SeNeVA model can predict a distribution
that conforms well to the road geometry even in both in-
distribution and OOD cases. The likelihood of a location
being visited in the future gradually decreases with respect
to the distance, indicating an increased uncertainty in pre-
diction.

5.3. Motion Prediction

We comprehensively evaluate our SeNeVA model on the
INTERACTION and Argoverse 2 dataset motion predic-
tion tasks, comparing its performance with several state-of-
the-art motion prediction algorithms. Our results are pre-
sented in Table 1, demonstrating that the SeNeVA model
consistently outperforms other models in the literature. On
the INTERACTION dataset, we report our results on the
online INTERACTION test set. Our SeNeVA model has
demonstrated a remarkable enhancement in minFDE6, out-
performing other baseline models by at least 6.8%. Regard-
ing minADE6, our SeNeVA model closely approaches the
state-of-the-art performance, achieving nearly identical re-
sults. Regarding MR6, SeNeVA ranks as the second-best
performing algorithm, with only a marginal 0.21% differ-
ence from the top-performing result. On the INTERAC-
TION val set, all of the metrics outperform the other base-
lines, with our model achieving a remarkable 35.7% im-
provement over the second-best results in minFDE6 and
a substantial 7.0% lead in minADE6. Similarly, on the
Argoverse 2 validation set, SeNeVA consistently demon-
strates competitive results. It achieves a significant 6.8%
lead in minFDE6 and a remarkable 26.0% improvement in
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(a) In-Distribution Case (DR USA Roundabout SR) (b) Out-of-Distribution Case (DR Roundabout RW)

Figure 5. Example visualization of quantified uncertainty. We visualize the predicted uncertainty in an in-distribution test case (left)
and an OOD test case (right). The heatmap reflects the log-likelihood of a location on the map being visited in the future.

minADE6. Additionally, our model’s consistently superior
performance across various datasets highlights its reliabil-
ity in handling diverse different scenarios, enhancing safety
and efficiency. Our model’s lightweight design with just 1.3
million parameters, shows its efficiency in computational
resources and deployment.

5.4. Ablation Study

We conduct ablation studies to assess the influence of dif-
ferent modules. These experiments are carried out using the
validation split of the INTERACTION dataset.

Number of Mixtures We compare prediction perfor-
mance varying number of mixturesNcomponents in our model.
As shown in Table 3, we discover that the optimal choice
for the number of mixtures is 6. We argue that a lower
Ncomponents can limit the expressiveness for multi-modality,
while a higher value can lead to a risk of excessive com-
plexity that prevents effective learning. In particular, it af-
fects training the assignment network since the similarities
among mixture components increase with increasing mix-
tures, making it hard for the assignment network to distin-
guish different distributions.

Assignment Network and NMS Sampling Method In
Table 4, we analyze the effect of assignment network (AN)
and the sampling method (NMS). The results show that the
sampling guided by the assignment network can improve
the overall performance. Applying NMS sampling can re-
duce the MR at the cost of increasing minADE.

6. Conclusion
This paper introduces SeNeVA, a novel variational Bayes
model for uncertainty quantification in motion predic-
tion. An assignment network and an NMS-based trajec-
tory sampling are introduced to support use cases requiring

Table 3. Ablation study investigating the influence of the number
of mixture components Ncomponents in the SeNeVA model.

Ncomponents minFDE6 minADE6 MR

4 0.5362 0.4418 0.1065
6 0.4306 0.1967 0.0790

16 0.5352 0.2030 0.1280
32 0.5504 0.2115 0.1316

Table 4. The performance of SeNeVA on the validation set with
and without the inclusion of the assignment network (AN) and
NMS sampling method (NMS).

Module minFDE6 minADE6 MR
Means AN NMS

✓ 0.5135 0.2281 0.083
✓ ✓ 0.4306 0.1967 0.079

✓ ✓ 0.4265 0.2186 0.073

only representative trajectories. Experiments demonstrate
SeNeVA’s ability to distinguish in-distribution and OOD
data by quantifying uncertainty while performing compara-
tive motion prediction to state-of-the-art methods.

Limitations. SeNeVA requires target-centric inputs and
only predicts the distribution of future trajectories for a sin-
gle agent at a time. Predictions in large-scale traffic sce-
narios may require parallel inference of multiple models,
which can be computationally expensive. Therefore, pre-
dicting the joint distribution of multiple agents can be an
important future topic to explore.
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