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Abstract— Trajectory prediction plays a significant role in
autonomous driving, with current challenges primarily focused
on capturing complex interactions in traffic scenes. Previous
methods usually directly encode non-interactive and interactive
information together, and then decode them for trajectory pre-
diction. However, given the complexity inherent property in the
trajectory generation process (e.g., the generation of trajectory
points are influenced by the interactions among multiple moving
agents, as well as the interactions between agents and the static
environment), previous approaches fail to precisely capture
separate variations of the trajectory generation process. In
this paper, we propose a general and plug-and-play feature
decoupling framework for trajectory prediction called FDNet,
which can learn the interactive and non-interactive factors in
the latent space to capture separate variations of the trajectory
generation process. At its core, FDNet is comprised of a
Non-interactive Feature Extraction Module to extract non-
interactive features, and an Interactive Feature Decoupling
Module to decouple interactive features. Extensive experiments
conducted on Argoverse and nuScenes demonstrate that FDNet
significantly improves the performance of existing methods.

Index Terms— Trajectory prediction, Feature decoupling,
Information bottleneck, Generative Adversarial Network

[. INTRODUCTION

Trajectory prediction is essential in autonomous driving,
as it forecasts the future behaviors of agents on the road to
prevent collisions and enhance safety in dynamic driving sce-
narios. Given that trajectory prediction tasks are inherently
complex, with the goals or intents of traffic agents often
remaining unknown and their behavior being influenced by
complex interactions in multiagent traffic scenarios, it is both
crucial and challenging to model, analyze, and effectively
utilize the non-interactive and interactive features of these
agents. With the advancement of deep learning, efficiently
modeling interactive information within scenes has become
a focal point for many trajectory prediction models.

Previous methods [1], [2], [3], [4] apply CNNs to directly
model bird’s eye view images rasterized from scenes for
future trajectory prediction. However, these approaches entail
high computational costs and have limited receptive fields.
Vector-based methods such as VectorNet [5] and TNT [6]
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employ a series of vectors to represent the observed agent
trajectories and map features, treating each vector as a node
in a graph and utilizing graph neural networks to model
interactive information. Recent approaches based on Trans-
former [7], exemplified by HiVT [8], have demonstrated out-
standing performance in trajectory prediction. HiVT divides
the prediction task into two key phases: local context extrac-
tion and global interaction modeling, utilizing Transformer to
model temporal information and interactions among agents.

Although the quality of the learnt representations gradually
improves, the above-mentioned approaches do not place
sufficient emphasis on learning disentangled representations.
They encode non-interactive and interactive information into
mixed features that contain all the information. The task of
trajectory prediction is inherently complex, requiring consid-
eration of the interactions among multiple moving agents, as
well as the interactions between these agents and the static
environment. Consequently, the aforementioned approaches,
which merge various feature subspaces together, lead to
a degradation in performance. This is primarily because
the interactive features among agents are not adequately
highlighted and remain underutilized [9], [10]. Therefore, it
becomes necessary to acquire disentangled latent variables
and capture separate variations of the trajectory generation
process. This could encompass semantic meanings, provide
an opportunity to eliminate unwanted variations for a lower
sample complexity of motion planning for autonomous driv-
ing, and facilitate more controllable generations.

To this end, we propose FDNet, a plug-and-play, general
and principled feature decoupling framework to extract and
separate the interactive and non-interactive factors in the
latent space. In our approach, the ground truth trajectories
of agents in non-interactive scenarios are obtained through
nonlinear fitting methods, which are inaccurate in certain
scenarios. Therefore, to extract more accurate non-interactive
features, we design a customized Non-interactive Feature
Extraction Module based on Generative Adversarial Net-
work [11] to more effectively learn the distribution of non-
interactive features. In addition, to decouple the interactive
features while retaining as much information as possible, we
develop an Interactive Feature Decoupling Module tailored
for the trajectory prediction domain, which is based on the
Information Bottleneck network [12]. Specifically, we let
interactive features preserve maximum information about
mixed features while maintaining minimal information about
non-interactive features. After decoupling mixed features
into non-interactive and interactive features, we design two
dedicated decoders to decode them as non-interactive trajec-
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tories and their corresponding offsets caused by interactions,
respectively. The final trajectories are obtained by adding
the decoded offsets to the decoded trajectories. In this study,
we employ Vectornet, TNT, and HiVT as the backbone
architectures and validate our FDNet on two datasets. The
experimental results show that our method significantly en-
hances the performance of the backbone models.

Our principal contributions can be summarized as follows:

« We propose FDNet, a feature decoupling network tai-
lored for trajectory prediction. FDNet can decouple
mixed features containing all information into non-
interactive and interactive features, and capture separate
variations of the trajectory generation process.

o We devise a Non-interactive Feature Extraction Mod-
ule based on Generative Adversarial Network to learn
the distribution of non-interactive features, and design
an Interactive Feature Decoupling Module based on
Information Bottleneck network to extract interactive
features. This can effectively decouple mixed features
into concise and information-dense non-interactive and
interactive features.

« We applied our FDNet to three different models across
two widely used trajectory prediction datasets, demon-
strating its effectiveness and compatibility in trajectory
prediction.

II. RELATED WORK

Trajectory prediction. Early works [13], [14] in tra-
jectory prediction are primarily centered on the historical
trajectories of agents, utilizing basic social pooling methods
to analyze inter-agent interactions. Subsequently, to better
utilize map information, rasterized methods [2], [3], [4], [15],
[16] were introduced. These methods render high-definition
(HD) maps and agent states as color-coded attributes and
encode them with Convolutional Neural Networks. How-
ever, due to their limited receptive fields, high costs, and
suboptimal results, the focus has increasingly shifted to-
wards vectorized methods. Vectorized methods represent
agent dynamics and map elements in vectorized form, then
utilize Graph Neural Networks [17], [6], [18], [19], [20]
and attention mechanisms [21], [22], [23], [24] to extract
interactive information within the scene. Moreover, drawing
upon the widespread achievements of Transformer models
across various fields [25], [26], [27], many approaches [28],
[8], [29], [30], [31], [32] adopt Transformer as their encoders
to encode the entire scene information, showing excellent
performance. However, the aforementioned methods merge
various feature subspaces together, often overlooking the
interactive features among agents, leading to diminished
performance. Therefore, our research focuses on how to
decouple mixed features into interactive and non-interactive
features during the decoding phase, to more comprehensively
model interactive information.

Feature decoupling. In deep learning, many approaches to
feature decoupling tend to leverage representation learning.
To capture domain-specific information, [33] introduced a
decorrelation regularization based on covariance distance. To

eliminate the appearance shift component in domain transfer,
[34] implemented supervised adversarial training for learning
decoupled representations. To align deep features without
the requirement for additional annotations, [35] proposed
an Unstructured Feature Decoupling Network, comprising
a transformer-based feature decomposing head and a novel
cluster-based decoupling constraint. To extract and separate
the static and dynamic factors in the latent space, [36]
employs a contrastive learning approach to maximize the
mutual information between latent factors and input data,
while simultaneously minimizing the information between
the static and dynamic factors. However, these methods are
not readily applicable to the domain of trajectory predic-
tion. Therefore, we presents a novel and efficient feature
decoupling framework specifically tailored for trajectory
prediction, utilizing generative adversarial networks and the
information bottleneck model.

I11. METHOD
A. Problem Definition

In this work, we denote Xp = {z_7/11,2_1/42,...,20}
as the historical trajectory of the target agent, where T"
represents the observed time steps, and z; € R? denotes
the agent’s i-th location. Our goal is to forecast its future
states Xp = {x1,x2,...,27} up to a fixed time step 7.
Considering that vehicles interact with static HD maps M
and other agents during transit, we initially encode the input
to obtain features V' that contain all the information. Then,
the overall probabilistic distribution we want to capture
can be described as p(Xp|V)p(V|M, Xp, X9), where X9
represents the observed trajectories of these other agents.
In this paper, we aim to decouple mixed features V' into
non-interactive features Y and interactive features Z to
more effectively capture separate variations of the trajectory
generation process and enhance the utilization of interactive
information. Therefore, the distribution of our method can
be decomposed as p(Xr|Y, Z)p(Y, Z|V)p(V|M, Xp, X9).

B. Overall Framework

Figure 1 illustrates the architecture of the model we
propose. Initially, inputs M, Xp, and X§ are fed into a
backbone structure (for example, HiVT), resulting in the
generation of latent features V' that encompass all informa-
tion from the historical scene. Concurrently, the historical
trajectories of target agents, X p, are processed through an
LSTM network to produce its non-interactive features, Y.
To align the feature dislribution of Y, g/\enerated by V, as
closely as possible to Y, both Y and Y are input into a
Non-interactive Feature Extraction Module. Following this,
interactive features Z are generated from V' via an Interactive
Generator, and we employ an Interactive Feature Decoupling
Module to refine Z into features solely containing interactive
information. By employing Y, we obtain non-interactive
trajectories, and with Z, we calculate the trajectory offsets
caused by interactions within the scene. Summing these
components yields the final predicted trajectories Xr.
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Fig. 1.

Overview of FDNet framework. The inputs are the complete information of the scene and the historical trajectory of the target agent. The output

are the predicted trajectories of the target agent. Our model serves as a plug-and-play framework for feature decoupling, capable of separating mixed
features into non-interactive features and interactive features and capturing separate variations of the trajectory generation process.

C. Extraction of Non-interactive Features

In order to learn the distribution of non-interactive fea-
tures, we design a specialized Non-interactive Feature Ex-
traction Module based on Generative Adversarial Network.
This module is specifically designed to facilitate the learning
of more accurate non-interactive feature distributions. First,
we input M, Xp, and X 19 into the backbone @, resulting in
the generation of latent features denoted as V':

where the backbone ® is parameterized by ¢, and can be
an arbitrary trajectory prediction model, e.g., VectorNet [5],
TNT [6] and HiVT [8] used in this paper. After inputting
V into the Non-interactive Generator G, the feature Y is
obtained:

Y = G(V;6,), 2

where G is parameterized by 6,. We aim for the Non-
interactive Generator G to capture the distribution of non-
interactive features, thereby enabling Y to represent these
non-interactive information effectively. Therefore, we also
input the historical trajectories of agents into an LSTM
encoder to obtain their true non-interactive features Y, which
are then processed through a Trajectory Decoder D; to
generate the corresponding non-interactive trajectories X p:

Y = LSTM (X p; Wistm), 3)
)?F =Dy (i}v Wdecoder)a 4
where the parameters of LSTM and D, are Wi, and
Wecoder, respectively. By employing the method of least
squares, we fit the historical trajectories of target agents

into a cubic polynomial. This approach enables us to derive
pseudo labels for their future non-interactive trajectories.

However, while the labels generated using this method
accurately represent the future non-interactive trajectories in
most scenarios, they are not applicable in certain specific
situations. Therefore, to prevent our model from overly
focusing on scenarios with erroneous labels and to better
capture the global data distribution of non-interactivity, we
do not directly replace Y with Y. Instead, we design a
Non-interactive Feature Extraction Module based on the
Generative Adversarial Network to learn Y. The performance
of this module will be validated in the subsequent ablation
studies.

After obtaining Y and )A/, we classify them as ’fake’
and ’real’. Owing to the variability in historical speeds and
travel directions of agents across different non-interactive
scenarios, we have developed a novel Generative Adversarial
Network tailored for trajectory prediction. This approach is
designed to eliminate feature differences caused by varying
agents and to enable the model to learn non-interactive char-
acteristics more swiftly and effectively. We concatenate the
scene-corresponding Y and Y, apply a random flip, and then
feed them into the Discriminator, as illustrated in Figure 1.
This input can be denoted as Y,y = Flip(Concat(Y,Y)).
A one-dimensional vector e, composed of O or 1, is used
to indicate whether the features of the scenario have been
flipped. The Discriminator D and Non-interactive Generator
G play a mini-max game with value function V(D, G):

minmax V(D, G) =Egvp,,.. @ [log (D(y, )[1 — e])]
+ Ey’\/py [lOg (1 - D(y7 37) [d)]a

The loss function employed for training the Non-interactive
Generator is as follows:

Ly = ]Epry [log (1 — D(y,y)le])] (6)
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D. Decoupling of Interactive Features

After obtaining mixed features V' from the backbone and
the non-interactive features Y, we develop an Interactive
Feature Decoupling Module based on Information Bottle-
neck model specifically designed for trajectory prediction
to decouple the interactive feature Z. Unlike traditional
information bottlenecks [12], [37], our model does not rely
on Markov chains. We expect Z to preserve maximum
information about V' while maintaining minimal information
about Y, ultimately retaining all of the interactive infor-
mation. The learning objective of the Interactive Feature
Decoupling Module is:

Rip =maxI(V,Z) - BI(Z,Y), (7)

where I(-,-) signifies the mutual information between fea-
tures. The Lagrange multiplier, denoted as 3, facilitates a
balance between retaining as much information in Z as
possible and minimizing the information from Y.

Given the complexity of directly optimizing Eqn. 7, we
draw inspiration from MINE [38], [39] and CLUB [40],
[41] to establish two mutual information estimators. These
estimators are designed to calculate the lower bound of
I(V,Z) and the upper bound of I(Z,Y), respectively.

In calculating the lower bound I, (V,Z) of I(V,Z), we
treat mutual information as the Kullback-Leibler divergence
between the joint and marginal distributions, transforming it
into its dual representation:

1V, 2) =2 1(V, Z)
= supy By, 2)[Ty] — log (Epvyp(z) [€7])
where Ty, : V x Z — R is parametrized by a deep neural
network with parameters 1. Then, we calculate the upper
bound I,(Z,Y) for I(Z,Y):
1(2,Y) <1.(Z,Y)
=Ep(zv)[log ¢ (y | 2)] 9
— Ep2)Epv) log 4w (y | 2)]

where ¢, (y | z) is a neural network used to approximate
p(y | 2). Therefore, we could derive an lower bound J;p of
R]BZ

®)

Rip > Jip = 1y(V, 2) — Blu(Z,Y) (10)

We can achieve the objective of feature decoupling by max-
imizing the lower bound of R;p. Subsequently, we utilize
the Monte Carlo sampling to approximate the expectations
in Jrp, leading to the derivation of the following objective
function:

_1 oy 1 Ty (vi2)
JIB *N Z lTU (Uuzz) IOg (N| Z €

i€Bg JEBa

(11)
+% > {long (i | 2i) — ﬁ D logg. (v | Z"')}’

i€By JjEBg
where By is the d-th batch of agents and N is the batch size.
v;, ¥; and z; represent the mixed features, non-interactive fea-
tures, and interactive features of the ¢-th agent, respectively.

The loss function, denoted as L;p, is defined as the negative
of Jrp. Detailed derivation is provided in the appendix.
After obtaining Y and Z, we feed them into their re-
spective decoders to predict the future trajectories X,
of agents under non-interactive conditions and the offset
Xoffset caused by interactions in the scene. By summing
these two components, we can derive the final result X .

Xpon = Dnon(Y; Wn(m)

Xoffset = Doffset(Za Xnon; Woffset)
Xr = Xpon + Xoffset

(12)

E. Training

We adopt the winner-takes-all strategy on both the non-
interactive trajectories and the final trajectories of agents,
resulting in a regression loss function denoted as L,.q. A
classification loss L. is also adopted to score each trajec-
tory if the backbone has scoring module and a regression
loss Lgoq1 for goals is adopted if the backbone is goal-based.
Finally, the total loss function is summarized as follows:

L= Ereg + aﬁcls + ’Y‘Cgoal + 5»Cg + )\EIBa (13)

where «, v, § and X\ are trade-off hyper-parameters. Com-
prehensive analysis of the hyperparameters used in the loss
function are provided in the appendix.

F. The whole algorithm

We provide the pseudo-code of our training procedure,
as shown in Algorithm 1. During the training process, each
iteration encompasses four gradient updates, including the
update of the Discriminator gradient, individual gradient
updates for two mutual information estimators, and an update
based on the total loss L.

IV. EXPERIMENTS
A. Experiment Settings

Dataset. We evaluated the performance of our method on
two widely used datasets: Argoverse [42] and nuScenes [43].
The Argoverse dataset comprises 323,557 real-world driving
scenarios, divided into 205,942 training, 39,472 validation,
and 78,143 test samples. Both the training and validation sets
have an observation duration of 5 seconds at a sampling rate
of 10Hz, incorporating 2 seconds of past observation and
3 seconds of future prediction. The test set contains only 2
seconds of observation data. The nuScenes dataset consists of
32,186 training, 8,560 validation, and 9,041 test scenarios.
Each scenario spans 8 seconds at a sampling rate of 2Hz,
with the initial 2 seconds serving as the observation trajectory
and the subsequent 6 seconds as the predictive trajectory.
Baselines and Evaluation Metrics. Given that our model,
FDNet, is designed as a plug-and-play system, we employ
HiVT [8], VectorNet [5], and TNT [6] as our backbone
networks for comparative analysis in our experiments. Con-
sistent with previous studies, we utilize three evaluation met-
rics: minADE@ K, minFDE@ K, and minMR@ K, where
K denotes the number of generated trajectories. In our
experimental setup, we set /X to 1 and 6.
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TABLE I
MINADE@ K, MINFDE@ K, AND MR @ K OF DIFFERENT METHODS ON ARGOVERSE AND NUSCENES DATASET.

Dataset Methods K=l K=6
minADE minFDE MR minADE minFDE MR
VectorNet [5] 1.5230  3.2907 0.5719 1.0610 1.9005 0.3272
FDNet+VectorNet 1.4733  3.1804 0.5503 1.0436 1.8651 0.3084
Argoverse TNT [6] 1.8514 42313 0.6383 0.9465 1.7346 0.2132
FDNet+TNT 1.7460 3.9471 0.6120 0.9219 1.6757 0.2011
HiVT [8] 1.7031  3.7744 0.6414 0.6611 0.9691 0.0920
FDNet+HiVT 1.2933 2.8376 0.4812 0.6590 0.9643 0.0912
VectorNet [5] 35811 79145 0.8861 2.1284  4.2457 0.7565
FDNet+VectorNet 3.3619  7.5800 0.8612 2.0640 3.9271 0.7252
nuScenes TNT [6] 49403 11.8158 0.9208 1.9880 3.9769 0.4877
FDNet+TNT 44713 10.5561 0.8901 1.9588 3.8858 0.4787
HiVT [8] 4.0945 9.3306 0.8802 1.6666 3.1293 0.4362
FDNet+HiVT 3.3923  7.8138 0.8377 1.4152 2.5152 0.4273
TABLE 11

Algorithm 1 Training Procedure of FDNet

Input: input trajectories Xp and X g, ground-truth tra-
jectory X, HD maps m. Four trade-off hyper-
parameters: «, 7, 6 and A.

Output: Network parameters: ¢, w, 04, 0O,

Wdecoders and '(/)

Initialize: Randomly initialize ¢, w, 04, 0,, Wistm,

Wdecodera and ﬂj

while not converges do

Compute mixed features V' = ®(m, Xp, X9;¢) and

latent features Y = LSTM (X p; Wistm);

Compute non-interactive features ¥ = G(V;6,) and

interactive features Z = D,,(V;6,,);

Compute predicted trajectory X and non-interactive

trajectory X, by Y, Z and Y

Compute Lyeq, Leis and Lgyoq through Xp and X,,0n;

Concatenate and random flip features Y and Y to get

Yinput = Flip(Concat(Y,Y));

Compute L, to train the Non-interactive Generator;

Compute L£;p using mutual information estimators;

Calculate the total loss £ = L,cq + aLejs + YLgoal +

0Ly + ALrB;

Update model parameters ¢, 04, 0,, Wiym, and

Waecoder by minimizing L.

Update Discriminator D by optimizing maxp V (D, G).

Sample {(z;,y;)}L; from py(z,y);

Compute log-likelihood £(w) = % Zivzl log qu, (vi]2i);

Update ¢,,(y|z) by maximizing £(w).

Draw N minibatch samples from the joint distribution:

(oM, W) (W) 2N~ py (v, 2);

Draw N samples from the Z marginal distribution:

N Ry 1 C) A

Evaluate the lower-bound: G(¢)) < V4 V(¢);

Update the statistics network parameters:y) < ¢ +

G(¥).

WZStWZ9

end

ABLATION STUDY ON THE ARGOVERSE VALIDATION SET.

IFDM | NFEM | minADE  minFDE  minMR
1.7031 3.7744 0.6414

v 1.3209 29124 0.5029
v v 1.2933 2.8376 0.4812

Implementation Details. We utilize the encoders from
backbones to capture non-interactive and interactive informa-
tion and extract mixed features containing all the information
from the scenes. Unlike HiVT and TNT, Vectornet does not
incorporate a scoring module to evaluate each trajectory.
Therefore, in our experiments with Vectornet, we indepen-
dently trained two models, one for each condition: K=1
and K=6. The feature dimension for HiVT is set to 128,
while the other two backbones have a feature dimension of
64. Our model is trained on 8 3090Ti GPUs with a batch
size of 64, using the AdamW optimizer for 128 epochs. The
initial learning rate, weight decay, and dropout rate are set
to 3 x 1074, 1 x 10™%, and 0.1, respectively.

B. Quantitative Results

We evaluate the performance of FDNet on Argoverse and
nuScenes using three different backbone models, as listed in
Table I. Given that Vectornet lacks the classification function,
we additionally trained a separate model specifically for K=1.
So Vectornet demonstrates a slightly improved performance
at K=1. The results indicate a significant improvement in
predictive accuracy when plugging our approach into these
models, underscoring the effectiveness and compatibility of
our method.

C. Ablation Study

We conducted ablation studies on the Interactive Feature
Decoupling Module (IFDM) and the Non-interactive Feature
Extraction Module (NFEM) within our model, as illustrated
in Table 2. Due to space limitation, we utilize HiVT as the
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backbone and evaluate the model’s performance with K set to
1. The results indicate that adding the Interactive Feature De-
coupling Module significantly enhances model performance,
validating its effectiveness for prediction. Moreover, em-
ploying the the Non-interactive Feature Extraction Module
to learn the distribution of non-interactive features further
improves module performance.

D. Qualitative Results

In Figure 2, we visualize the predicted trajectories in four
distinct scenarios. It demonstrates that the non-interactive
features decoupled by FDNet contain information about the
future motion intentions of the agents, enabling the genera-
tion of initial predictions with multimodality. The decoupling
and decoding of interactive features significantly enhance
the model’s ability to learn interactive information within
the scene. Compared to other methods, FDNet yields more
logical and accurate predictions of future trajectories.

V. CONCLUSION

In this paper, we proposed a trajectory feature decoupling
framework for trajectory prediction. The proposed method
can learn the interactive and non-interactive factors in the
latent space to learn disentangled representations, which can
capture separate variations of the trajectory generation pro-
cess. Extensive experimental results demonstrated that this
method significantly enhanced the performance of various
trajectory prediction models.

VI. APPENDIX

A. Formulaic derivation of IB
To establish the lower bound I,(V, Z) for I(V,Z), we
first demonstrate the following formula based on [38]:

Dir(P|| Q) = sup Ep[T] — log (]EQ[eT])

T:Q—R (14)

For a given function 7', we construct a Gibbs distribution
with probability density function G as follows:

1
dG = —e’dQ, (15)
where Z = EgleT]. Therefore, we have:
Ep([T) — log (Egle”]) = E¢[T] —log Z
dG (16)
- s ]

Let A represent the difference between Dy (P || Q) and
Ep[T] —log (Eg[eT]). This leads to the following derivation:

A= DKL(]P || Q) - (EP[T] - log (]EQ[eT]))

—Ep dP dG}

log — — log —
=Eplo @
=LEp gdG

= Dkr(P ||| G)

Since KL divergence is non-negative, the following formula
can be derived:

Dgr(P [ Q)
This lower bound becomes tight when G = PP. Thus, for the
optimal function T, its form is:
dP
T =log— +C
og a0 +
Next, we solve for I(V, Z), which is known to be:
I(V,Z) = KL(p(V, Z),p(V)p(Z))
= sup By z)[T) —log (Bpwypcz) [¢'])
T:Q—R
(20)
where () = V x Z is the input space. Let F denote the
set of functions Ty : V x Z — R parameterized by a neural

network 1. Defining the lower bound of I(V, Z) as I,(V, Z),
we have:

I(V,Z) > I,(V,Z) =supyEp(v,2) [Ty]
—log (Epvyp(z) [¢"*])

To estimate the upper bound of I(Z,Y), we initially set
the upper bound based on [40] as follows:

1.(Z;Y) =Epz,v)[log p(y | 2)]
— Ep2)Epy)llogp(y | 2)]
By setting A = [,(Z;Y) — I(Z;Y), it follows that:

> Ep[T) — log (Egle”]) (18)

19)

21

(22)

A =Eyzyllogp(y | 2)] — Epz)Epyyllogp(y | 2)]
—Epzy)[logp(y | 2) —logp(y)]
=E,zy)llogp(y)] — Epz)Epyvy[logp(y | 2)]
=Ey(v) [logp(y) — Epz)llogp(y | 2)]]

= Epv) [0g(Ey(z) Py | 2)]) — Eyz) llog p(y | 2)]]
(23)

Given that the logarithmic function log(-) is concave, the
Jensen’s inequality implies A > 0. Therefore, I,(Z;Y)
serves as an upper bound for I(Z,Y). However, since
p(y|z) is unknown, we introduce a variational approximation
distribution gg(y|z), modifying the upper bound to:

16(Z;Y) =Epz,v)llogqa(y | 2)]
—Ep2)Epyylloggo(y | 2)]
B. PARAMETER SENSITIVITY

The loss function of FDNet includes five hyperparameters:
B, a, v, § and A. The settings for « and ~ follow the
guidelines provided in the original papers of backbones,
where « is set to 1.0 for HiVT [8] and 0.1 for TNT [6],
while v is consistently set to 0.1. Figures 3, 4, and 5
respectively present a sensitivity analysis for 3, § and A.
Figure 3 illustrates the impact of the parameter 5 on model
performance, indicating that the model is relatively insensi-
tive to variations in 3. Consequently, we set 3 to 0.3. Figures
4 and 5 demonstrate that as the hyperparameters increase, the
model performance initially declines and then rises. Based
on these observations, we set both A and ¢ at 0.005.

(24)
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Fig.

2.

centerlines are shown in blue and gray, respectively.

Visualization of (a) non-interactive trajectories generated by FDNet, predicted trajectories generated by (b) HiVT and (c) FDNet on Argoverse.
The past, ground-truth, and predicted trajectories of target agents are depicted in red, black, and green, respectively. In the scene,

other agents and the lane
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